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Abstract 

Biological membranes are not passive scaffolds for membrane proteins but active regulators of 

their structure, dynamics, and function. In mammalian membranes, cholesterol plays a central 

role in modulating protein behaviour through both non-specific mechanical effects on bilayer 

properties and specific interactions at the protein–membrane interface. Despite extensive 

experimental and computational efforts, the systematic identification of cholesterol binding sites 

remains challenging, as many experimental techniques provide static or ensemble-averaged views 

that obscure the dynamics and mechanistic details of lipid–protein interactions. 

Coarse-grained molecular dynamics (CG-MD) simulations offer a powerful means to overcome 

these limitations by enabling extended simulations of large protein–membrane systems over 

hundreds of microseconds, thereby capturing persistent and functionally relevant cholesterol 

interactions. However, the lack of standardized and automated workflows has hindered large-

scale and comparative studies across membrane protein families. 

Here, we present CHAMP, an automated and scalable CG-MD–based protocol for the 

construction, simulation, and analysis of protein–membrane systems, designed to identify 

cholesterol interaction hot spots at the protein–membrane interface. The method integrates long-

lived protein–cholesterol contact analysis with spatial density mapping to robustly distinguish 

persistent binding regions from transient encounters. We validate the protocol using two well-

characterized systems, namely the cannabinoid 1 receptor and the serotonin transporter, and 

demonstrate its ability to recover experimentally observed cholesterol binding sites as well as 

previously unreported interaction regions 1. 

We further apply CHAMP to a representative benchmark of 56 class A G protein-coupled receptor 

structures, enabling a systematic, family-wide characterization of cholesterol interaction 

landscapes. This analysis reveals recurrent membrane-interface hot spots that are not reliably 

captured by sequence-based motifs, underscoring the importance of structure- and dynamics-

driven approaches. Both the CHAMP software and the complete set of results are made publicly 

available as a Python package and an interactive online platform, providing a general framework 

for large-scale studies of lipid–protein interactions and supporting the discovery of membrane-

facing allosteric sites relevant to drug design. 
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Chapter 1. Introduction 

 

1.1. Biological membranes 

 

The lipid bilayers act as far more complex elements than merely as barriers. They are 

heterogeneous ecosystems where lipids and proteins interact and are involved in a diversity of 

vital biological processes, from protein stability and conformational equilibria to cellular 

trafficking. The concept of biological membranes as a simple, passive solvent has evolved to give 

place to a more fitting description, where they act as active participants in shaping the structure 

of the proteins embedded in them, as well as their function 2,3 . 

The interaction of membrane proteins with their surrounding lipids can be broadly classified into 

two categories: i) non-specific, where membrane components modulate protein behaviour 

through the bulk physical properties of the bilayer, or ii) specific, involving discrete binding sites 

at which lipids act in a manner analogous to allosteric ligands 4,5.  Identifying such lipid-binding 

hot spots is therefore a powerful strategy for uncovering regulatory sites at the membrane–protein 

interface, with direct relevance for drug discovery, as these sites represent potential targets for the 

design of novel allosteric modulators. However, the dynamic and heterogeneous nature of 

biological membranes makes the systematic identification and characterization of these 

interactions challenging, particularly when extended across multiple targets and membrane 

environments. 

 

1.2. The role of cholesterol as an allosteric modulator 

 

Among the many diverse membrane lipid, cholesterol stands out as a key component of 

mammalian membranes, accounting at times for up to 40% of the total lipids 6. The rigid structure 

of cholesterol allows it to insert itself between the phospholipid tails, thus influencing the 

properties of the membrane, from the bilayer compressibility to the fluidity of the membrane, 

sometimes forming liquid-ordered (Lo) domains known as “rafts” 3,7. There are plenty of reports 

in the literature that demonstrates the existence of specific cholesterol binding to membrane 

proteins and affecting their function at some level. Representative examples include the tyrosine 

kinase receptor TrkB, where cholesterol binding to a CARC motif in the transmembrane region 
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facilitates brain-derived neurotrophic factor signalling 8, and the T-cell receptor–CD3 complex, 

in which cholesterol association at the transmembrane interface inhibits complex activity 9. 

 

1.3. G Protein-coupled receptors and cholesterol 

 

G protein-coupled receptors (GPCRs) are one of the most structurally and functionally conserved 

protein families in the human genome. Their involvement in many essential signalling processes 

makes them a very suitable target for drug design, to the point where around 36% of the drugs 

currently approved by the FDA are aimed at these proteins 10. Beyond the well-known seven-

transmembrane (7TM) fold, GPCRs share key features such as common activation mechanisms, 

conserved microswitches, and similar arrangements of lipid-exposed residues. GPCRs populate 

multiple conformational ensembles that underpin their pleiotropic signalling behaviour 11,12. This 

intrinsic conformational plasticity makes allosteric modulation a particularly attractive 

therapeutic strategy for fine-tuning receptor activation and downstream signalling 13. Cholesterol 

has been shown to directly influence ligand-binding properties and functional activity of GPCRs 

14–16, acting as either a positive or negative allosteric modulator depending on the receptor and 

context, and in some cases modulating receptor oligomerization 17. However, since the effect of 

cholesterol are receptor-dependent, it is implied that insights derived from individual receptors 

may not always generalize across a protein family. For GPCRs in particular, comparative analyses 

across multiple family members are especially valuable, as they can leverage the conserved 

structural fold and shared activation mechanisms to identify common patterns of lipid interaction 

that may not be apparent when studying receptors in isolation. 

There have been attempts to predict cholesterol binding regions relying purely on aminoacidic 

sequence patterns, or motifs, such as the CRAC and CARC motifs 18. While these domains 

matched actual cholesterol binding sites in some receptors, they fail to predict these binding sites 

in many others 18–20, suggesting that the nature of these interactions might not be as obvious and 

have deeper underlying subtleties.  
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1.4. Studying cholesterol binding 

 

Due to the “diffusive” nature of cholesterol in biological membranes, researchers usually resort 

to mixed experimental and computational approaches to assess the presence, binding location or 

effect it has in the function of membrane proteins. 

High resolution X-ray crystallography allows to capture snapshots of proteins and, in some cases 

even retain cholesterol molecules bound to a specific pocket, helping to demonstrate how 

cholesterol can contribute to the stability of a protein 21,22. The introduction of cryo-electron 

microscopy on the past decade has permitted to observe these interactions in environments that 

better mimic a realistic cellular membrane, such as nanodiscs 23. While crystals provide us with a 

static view, solid-state NMR (ssNMR) and Electron Paramagnetic Resonance (EPR) allow us to 

study cholesterol in a fluid membrane at physiological temperatures. These techniques can be 

useful for assessing how cholesterol can affect and modify the properties of the bilayer, such as 

their thickness and "stiffness" around a protein 24. The use of “molecular sponges”, which are 

compounds capable of stripping cholesterol from membranes, allow to study the effect of 

cholesterol depletion on the protein-membrane systems 25. 

Despite the power of these experimental approaches, even when supported by state-of-the-art 

instrumentation and recent methodological advances, the resulting data often lack key 

mechanistic details. High-resolution crystal structures provide precise atomic coordinates but 

represent static snapshots, offering no direct insight into the dynamics of cholesterol binding. 

Conversely, experimental techniques that probe cholesterol effects over time typically report 

ensemble-averaged signals across thousands of protein copies, thereby obscuring the molecular 

determinants of individual binding events. 

Molecular dynamics (MD) simulations provide a powerful means of bridging this gap by 

computationally replicating the physicochemical environment of membrane proteins and offering 

an atomistic description of binding processes over time 26,27. In MD simulations, atoms are treated 

as classical particles whose trajectories are propagated by numerically integrating Newton’s 

equations of motion. These equations are commonly integrated using finite-differences, such as 

in the Verlet algorithm, with timesteps that typically range from the magnitude orders of 

picoseconds to femtoseconds 28. The forces acting on each atom are defined by an empirical force 

field, which encodes the potential energy of the system through parameterized terms describing 

bonded interactions, electrostatic forces, and van der Waals interactions. Some of the most 

popular force fields during the past decades are AMBER 29,30, CHARMM 31,32 or OPLS 33. These 

potential energy functions are usually decomposed into the bonded (bond vibration, angle bending 
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and dihedral rotations) and the non-bonded (electrostatic and van der Waals interactions) terms, 

where the latter are commonly described through Coulombic electrostatics and Lennard-Jones 

potentials 26. This framework enables the explicit simulation of protein and lipid dynamics across 

timescales ranging from picoseconds to milliseconds. In order to approximate a bulk behaviour 

and to avoid finite-sized effects, MD simulations are typically performed under periodic boundary 

conditions, where the simulation box is infinitely replicated across all spatial directions. The long-

range electrostatic interactions are commonly addressed using specific algorithms, such as the 

Particle Mesh Ewald, which allows for accurate computation of Coulombic interactions when 

dealing with periodic systems 34. Access to these short and intermediate timescales allows MD 

simulations to resolve fast molecular processes that are typically inaccessible to experimental 

techniques, including conformational fluctuations and transient interaction events 35,36. 

Furhermore, all data generated via MD simulations can be analysed in the framework of statistical 

mechanics, which allows the calculation of thermodynamic and kinetic properties as ensemble 

averages. Of particular relevance is the ability of MD simulations to directly observe ligand 

binding and unbinding events at atomic resolution.  

 

Indeed, MD simulations have been used to study cholesterol binding in GPCRs. In 2013, Cang 

and colleagues performed unbiased MD simulations in the range of microseconds with the aim of 

uncovering the cholesterol binding mechanism at the β2-adrenergic receptor. They assembled 

multiple receptor-membrane systems consisting of a complete set of monomers and dimers 

embedded in pure POPC and POPC:cholesterol(33%) membranes. They also performed three 

additional simulations where two cholesterol molecules started in the groove corresponding to the 

Cholesterol Consensus Motif (CCM). Using the Spatial Density Function of the POPC lipids and 

cholesterol molecules around the receptor and comparing the results across the systems they 

reported several potential binding sites. They linked cholesterol binding in two of those sites to 

conformational stabilization, which favours ligand binding (TM1-2-7), and to receptor 

dimerization (TM1-H8) 37. In that same year, Lee and colleagues focused on the CCM reported 

for the A2A adenosine receptor, which matched a cholesterol binding site in the β2-adrenergic 

receptor (TM1-3-4). They used four crystal structures of the A2A adenosine receptor, which were 

solved in complex to different ligands in the presence of stabilizing mutations. They built a total 

of 10 systems, including wild type and mutated structures, where the receptors were embedded in 

a pure POPC membrane and two cholesterol molecules placed in the β2-AR CCM region. The 

total simulated time was approximately 11 μs. They followed the protein-cholesterol contacts 

during the simulations and analysed the results, addressing also the effect of the mutations and 

of the different ligands bound to the receptors. They found that the simulations with the receptor 

bound to an agonist (UK432097) behave differently than the rest. In most of their simulations one 
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of the two cholesterols (labelled as Q) formed persistent interactions with the SER47 and TRP129 

(which share an H-bond) located in the CCM, while the other cholesterol (R) unbound relatively 

quickly. In the agonist-bound receptor, however, the interactions with cholesterol Q were 

weakened due to the SER-TRP H-bond breaking, interfering with the geometry of the pocket 

and causing the protein to interact strongly with cholesterol R, located farther from the CCM 38. 

Knowing the reported stabilizing effect of cholesterol in the A2A adenosine receptor, in 2017, 

Guixà-González and colleagues performed a series of classical MD simulations to assess the 

effect of cholesterol depletion in this receptor. They were interested in the possibility of 

cholesterol spontaneously entering the internal cavity of the receptor via the transmembrane 

helices. For this reason, they ran several 1 μs replicas using a multicomponent membrane 

composed of cholesterol, saturated phospholipids, monosaturated and polyunsaturated 

phospholipids and sphingomyelin. From these trajectories they selected four snapshots, which 

were used, in turn, to start new short trajectories. To better observe the effect of the membrane on 

the cholesterol entrance, the four snapshots (with the relevant cholesterol) were embedded in pure 

POPC membranes and simulated for 100 ns. From there, they selected the three replicas which 

presented the best progression in accessing the interior of the receptor. The volumetric analysis 

of their simulations revealed a potential double mechanism through which cholesterol is able to 

modulate ligand binding. Besides the already known allosteric modulation at the protein-

membrane interface, their computational studies uncovered an accessing gateway located 

between transmembrane helices TM5-6, which allowed cholesterol to enter the orthosteric 

binding site of the receptor 39. Recently, in 2025, Vanegas and colleagues carried out unbiased 

MD simulations on the Cannabinoid receptor 1 (CB1) aiming to identify cholesterol binding sites. 

They prepared 6 systems starting from the same crystal structure, a set of instances that combined 

the presence of the fusion protein or of membrane cholesterol and the Intracellular Loop 3 (ICL3) 

being modelled. They simulated each system in two 500 ns replicas and analysed the protein-

cholesterol interactions on the last 400 ns using a dedicated Python tool to identify binding sites. 

They then performed QM/MM analyses on the detected sites to determine the strength of the 

interaction with cholesterol molecules. They reported preferential cholesterol binding regions on 

the CB1 receptor, divided in 5 distinctive binding sites. Notably, the most persistent binding site 

(BS1, TM2-3-4) aligns with the crystallographic cholesterol of the structure used in their analysis 

40. Studies on cholesterol interaction with membrane proteins have not only been extensively 

studied in G protein-coupled receptors, as exemplified above, but there have been efforts towards 

studying these events in other families. In 2014, Weiser used the results of their docking 

experiments in cholesterol binding on the Mitochondrial Voltage-Dependent Anion Channel 1 

(VDAC) membrane protein. They built two types of systems, both with the same DOPC 

membrane. One system type included 5 cholesterol molecules explicitly bound and 11 additional 
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randomly placed, while the other system had all 16 cholesterol molecules located randomly in the 

membrane. They performed 22 individual simulations, adding for a total aggregated time of 1.4 

μs, which were used to investigate several properties. The authors measured the protein flexibility 

by calculating RMSF, the pore size and the hydrogen bonds to understand the effects of 

cholesterol in the structures. Furthermore, they quantified the ion permeation and the pore 

geometry and built electrostatic potential maps and ion density distributions to determine if 

cholesterol affects the ion distribution in the channel. Finally, they computed the PMF profile 

along the pore to compare the cholesterol-bound channel with the apo one. Their studies showed 

that the cholesterol binding in the docked positions was likely not random, as cholesterol 

molecules remained persistently bound during the simulations. Moreover, the cholesterol binding 

in the relevant sites was shown to affect the dynamics of VDAC, even if not all the sites were 

occupied, partial occupation on these regions already had a measurable effect 41. 

In addition to MD simulations where native membrane components are involved, other strategies 

have been developed in order to identify binding sites by using molecular dynamics simulations 

with mixed solvents (MDmix). These methods involve introducing small drug-like organic 

compounds into the simulation environment to act as probes. These molecules freely diffuse 

during the simulation and compete for interactions on the protein surface. Their occupancy is then 

measured and quantified via density maps, which are used to identify potential binding sites 42. 

While at the time of writing this thesis there are no reports of the use of MDmix simulations 

specifically targeted towards identifying cholesterol binding sites, it has been reported as a 

successful technique to identify allosteric binding sites. A relevant example comes from Chan 

and colleagues in 2023, where they described and applied an MDmix procedure aimed to study 

membrane proteins. Their protocol involved building protein-membrane systems where a small 

concentration of the organic probe was introduced to surround the protein but ultimately only 

allowed to exist in the aqueous phase and consequently removed from the lipidic phase to avoid 

membrane disruptions during the first stages of the simulations. They built several systems 

consisting of GPCRs which presented allosteric modulators with known binding sites embedded 

in POPC:cholesterol membranes. Their retrospective analysis allowed them to identify the 

previously reported sites in the cannabinoid receptor type 1, C-C chemokine receptor type 2, M2 

muscarinic receptor, P2Y purinoceptor 1, and protease-activated receptor 2. Their novel 

application to the μ-opioid receptor, for which the binding sites of its known allosteric modulators 

remained undiscovered, revealed several potential binding sites 43. 
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1.5. Coarse-grained Molecular Dynamics Simulations for the study of 

Cholesterol 

 

A common limitation of these atomistic simulations is that the accessible sampling timescales are 

typically limited to the microsecond regime, limiting their ability to capture slower lipid 

reorganization and binding processes. A widely adopted solution to overcome these sampling 

limitations is the use of force fields based on simplified molecular representations, commonly 

referred to as coarse-grained (CG) models. By grouping multiple atoms into effective interaction 

sites, CG simulations reduce the complexity of the system and smooth the underlying energy 

landscape, allowing the exploration of membrane organization and lipid–protein interactions over 

extended timescales. One of the most widely adopted among these force fields is the Martini CG, 

currently at its third major release (Martini 3 44). As exemplified in Figure 1 with a phenylalanine 

residue, in this representation, heavy atoms are grouped into coarse-grained beads that act as 

effective substitutes for entire chemical moieties, rather than treating each atom as an individual 

particle. This mapping substantially reduces the total number of interaction sites in the system, 

thereby decreasing the number of force calculations required at each integration step. As a result, 

coarse-grained molecular dynamics simulations can achieve speedups of up to two to three orders 

of magnitude relative to their fully atomistic counterparts. 
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Figure 1. Comparison between atomistic phenylalanine and its Martini 3 representation. (Top) Three-dimensional 

visualization of the molecule, where the position of each Martini 3 bead shows the approximation of the original 

geometry. (Bottom) Schematic drawing of the overlap between representations. The aromatic ring is represented by 

two tiny non-polar beads (TC5) and a small non-polar bead (SC5) coloured in grey, while the backbone of the residue 

is substituted by a regular polar bead (P2) coloured in red. 

As previously mentioned, the MARTINI 3 force field is built around a modular “building-block” 

philosophy, in which spherical beads with distinct interaction properties are used to represent 

groups of atoms. To balance the inherent loss of fine-grained structural detail, such as secondary 

structure information and specific intramolecular interactions, with the need to preserve realistic 

molecular geometries, bead assignment is performed carefully based on the physicochemical 

characteristics of the chemical groups being represented. Table 1 provides a concise summary of 

the different bead classifications, defined according to bead size, chemical class, and polarity 

scale. Using phenylalanine as an illustrative example, several bead types are employed, including 

TC5 (tiny, apolar carbon bead with polarity level 5), SC5 (small, apolar carbon bead with polarity 

level 5), and P2 (regular-sized polar bead with polarity level 2). 

Table 1. Summary of the Martini 3 beads classification. According to their size, beads can be regular, small (S) or tiny 

(T). Depending of the group a bead is substituting it can be classified as Polar (P), Intermediate or semi-polar (N), 

apolar (C), halogen (X), +1 charged (Q), +2 charged or divalent (D) or water (W). Finally, within the same chemical 
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class Martini 3 makes an additional distinction, assigning a polarity scale ranging 1 to 6, from the lowest polarity 

(highest hydrophobicity) to the highest polarity (lowest hydrophobicity), respectively. 

Resolution (size) Chemical class Polarity scale 

Regular 

Polar (P) 1 (less polar) 

Intermediate (N) 2 

Small (S) 

Apolar (C) 3 

Halogen (X) 4 

Charged +1 (Q) 5 

Tiny (T) Divalent / +2 charge (D) 6 (most polar) 

 

There are several studies using CG-MD simulations to study cholesterol that take advantage of 

this increased sampling, even identifying interaction sites in some cases. In 2017 Genheden and 

colleagues used the MARTINI force field to study how cholesterol interacts with the β2-

adrenergic receptor (β2AR) and the A2A adenosine receptor by embedding these receptors in 

POPC:cholesterol(30%) membranes. They, then, simulated these systems for an extended 50 μs 

production run. The authors mapped density distribution of cholesterol polar heads around the 

receptors and tracked the cholesterol occupancy by using a 5Å cutoff distance to determine 

whether a polar head bead was contacting the protein. Their analyses produced several clusters of 

residues with high cholesterol occupancy for both receptors, with the highest occupied cluster 

reaching an occupancy of more than 70% in both cases. The cluster with the highest occupancy 

in the β2AR (72%) was located at the TM1-7 region, while in the adenosine A2AR (74%) it was 

located at the TM4-5 area. Their CG-MD simulations suggested that regular atomistic MD usually 

cannot identify certain interaction areas because unable to reach full equilibration 45. In the same 

year, Rouvier and colleagues used MARTINI MD simulations in combination with atomistic 

simulations. They used a high-resolution structure of the adenosine A2AR to build a system where 

the protein was embedded in a POPC:cholesterol(30%) membrane. The system was simulated for 

an extended period of 200 μs to obtain an increased sampling of cholesterol distribution around 

the protein, allowing to predict preferred areas of interaction. While volumetric mapping of 

cholesterol density is effective for identifying preferentially occupied regions when stringent 

cutoffs are applied, it is not well suited for predicting true binding sites. To address this limitation, 

the authors introduced a scoring scheme that rewards persistent interaction events while 

discarding transient contacts shorter than 1 μs. Scores are accumulated for residues involved in 
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long-lived interactions that are repeatedly revisited over time. Mapping the highest-scoring 

residues onto the protein surface revealed several putative cholesterol-binding sites, the most 

prominent of which is located at the TM5–TM6 interface. This site coincides with the 

crystallographic cholesterol position observed in structures bound to the ZM241385 inverse 

agonist and was subsequently validated through atomistic simulations 46. 

In 2019, Hedger and colleagues investigated cholesterol interactions with the class F GPCR 

Smoothened. To achieve extended sampling and enable the simulation of large systems, they 

employed coarse-grained molecular dynamics (CG-MD) simulations of Smoothened embedded 

in POPC membranes containing 20% cholesterol. Eight independent systems were constructed 

and simulated for 10 μs each. Analysis of these trajectories revealed specific cholesterol 

interaction regions located at the extracellular tips of the TM2–TM3 helices. To further assess the 

robustness of these interactions, the simulations were repeated using a five-component membrane 

composed of PC, PE, PS, PIP2, and cholesterol. The absence of significant differences between 

the two membrane compositions supported a genuine affinity of cholesterol for this region, which 

was subsequently confirmed by atomistic simulations 47. In the same year, Song and colleagues 

examined lipid interactions of the A2AR, including cholesterol. To assess how receptor activation 

influences lipid binding, they performed coarse-grained molecular dynamics simulations on three 

receptor conformations: inactive, active, and active bound to a mini-Gs protein. Each structure 

was embedded in a complex, asymmetric membrane containing ten lipid species, including 

cholesterol. For each activation state, ten independent systems were constructed with randomized 

initial lipid distributions, yielding a total simulation time of 8 μs. Lipid density maps and residue-

level residence times were then computed, revealing seven lipid-binding sites with varying 

degrees of activation-state dependence. In particular, binding sites located at the TM1–TM2–TM4 

and TM3–ECL2–TM4 interfaces exhibited increased persistence in both active conformations. 

This behavior was attributed to conformational shifts of TM4 upon activation and to tight packing 

of PIP2 around these regions, which restricts cholesterol dissociation. Notably, the authors also 

reported evidence of competition between cholesterol and PIP2 at the TM5–TM6 site 48. 

  



Chapter 2. Aim of the Thesis 

 

Despite the advances in the field, large-scale computational studies spanning many GPCRs 

remain relatively scarce. While insightful, existing efforts have often focused on limited subsets 

of receptors 49 or have required substantial manual effort in system preparation, simulation 

management, and data curation 50. Moreover, many studies have not been explicitly designed to 

systematically interrogate the protein–membrane interface, leaving GPCR–cholesterol 

interactions underexplored from a comparative, family-wide perspective. These challenges are 

compounded by the fact that, despite extensive evidence for cholesterol binding, consensus 

sequence motifs such as the aforementioned CRAC and CARC do not consistently capture 

cholesterol interaction sites across GPCR, highlighting the need for structure- and dynamics-

based approaches. To facilitate large-scale and systematic analyses of GPCRs, as well as other 

membrane protein families, existing workflows for identifying cholesterol interaction hot spots 

require adaptation into more general and automated frameworks. 

A notable contribution in this direction was provided by Ferraro and colleagues, who introduced 

a CG MD–based protocol to identify cholesterol interaction sites at the protein–membrane 

interface of the serotonin transporter (SERT) 51. Their work leveraged the extended sampling and 

scalability afforded by MARTINI simulations to map cholesterol-binding regions in a system 

known to be strongly modulated by membrane cholesterol. SERT operates within cholesterol-rich 

lipid rafts in neuronal membranes, and experimental depletion of cholesterol has been shown to 

significantly impair its transport activity, underscoring a functional link between the protein and 

its lipid environment. 

At the time of their study, no high-resolution structure of SERT was available, and simulations 

were therefore performed using a homology model. The receptor was embedded as a homodimer 

in three raft-like membrane compositions composed of DSPC, POPE, and cholesterol at varying 

ratios (50:35:15, 50:30:20, and 50:25:25), designed to mimic the fluid lipid environment 

surrounding SERT. Two replicas were simulated for each membrane composition, yielding a total 

of six systems. Each system was simulated for 30 μs, resulting in an aggregated sampling time of 

360 μs. As each simulation contained two SERT monomers, this setup produced twelve 

independent datasets of protein–cholesterol contacts, later expanded to fourteen datasets through 

additional simulations to assess sampling convergence. Protein–cholesterol contacts were defined 

using a 6 Å cutoff between protein beads and cholesterol particles, consistent with prior 

MARTINI-based studies and corresponding to the first minimum of the radial distribution 

function. For each residue, the maximum occupancy time (tₘₐₓ), defined as the longest continuous 
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cholesterol contact observed during the simulation, was computed. This metric enabled 

discrimination between transient encounters and persistent interactions. A subsequent statistical 

analysis of the tₘₐₓ distribution, based on the interquartile range (IQR), allowed the identification 

of outlier residues deemed particularly relevant for cholesterol binding. In parallel, Ferraro and 

colleagues computed the spatial density function (SDF), a three-dimensional volumetric map 

describing the probability of cholesterol occupancy around the protein. Given sufficient sampling, 

persistent contact regions and high-density regions are expected to converge. Accordingly, the 

overlap between statistically significant residues and reproducible cholesterol density was used 

to define cholesterol-binding sites. Using this combined approach, six putative cholesterol-

binding sites were identified, primarily located at the protein–membrane interface between 

transmembrane helices. Several sites overlapped with canonical CARC and CRAC motifs, 

notably in TM10 and TM4. The analysis further revealed a dynamic binding behavior, with 

cholesterol molecules transitioning between adjacent sites or between sub-regions of the same 

site, suggesting a flexible rather than rigid binding mode. 

Building on this foundational work, the aim of the present study is to extend and generalize this 

strategy into a robust, automated, and scalable framework. While Ferraro’s protocol proved highly 

effective for a single, well-characterized system, its application to larger protein families requires 

increased automation, standardized workflows, and systematic analysis. Accordingly, this work 

aims to develop, test, and validate a fully automated protocol capable of identifying cholesterol 

interaction hot spots using only the input protein structure. The method is designed for consistent 

application across multiple targets and membrane environments and is here systematically applied 

to class A G protein–coupled receptors (GPCRs), the largest and most extensively studied 

receptor family. Through comparative analysis, this study seeks to construct an atlas of GPCR–

cholesterol interaction regions, identifying recurrent and functionally relevant hot spots in an 

organized and reproducible manner. Such a framework may ultimately facilitate the rational 

design of GPCR allosteric modulators and deepen our understanding of cholesterol-mediated 

regulation in membrane proteins. 
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Chapter 3. CHAMP, an automatic tool to detect 

cholesterol hot spots 

 

3.1. Introduction 

 

As discussed in previous chapters, molecular dynamics (MD) simulations provide a powerful 

framework for probing the mechanistic details of cholesterol binding by explicitly modeling the 

physicochemical environment of membrane proteins while retaining time-resolved structural 

detail. However, classical atomistic simulations, in which each atom is represented explicitly, are 

often constrained by system size and accessible timescales. These limitations restrict sampling of 

rare but functionally relevant binding events, making the identification of cholesterol-binding 

sites computationally demanding and frequently impractical. Coarse-grained molecular dynamics 

(CG-MD) simulations offer an effective alternative, enabling the simulation of large protein–

membrane assemblies over extended timescales, in some cases reaching hundreds of 

microseconds. Numerous studies, including those discussed above, have demonstrated that 

contact- and density-based analyses of CG-MD trajectories can reliably identify lipid-binding 

regions. 

Motivated by these advances, we developed an automated framework that leverages CG-MD 

simulations to identify cholesterol interaction hot spots by integrating protein–cholesterol contact 

analysis with volumetric cholesterol density mapping. In this chapter, we present the resulting 

tool and its validation on publicly available structures of two membrane proteins: the cannabinoid 

1 (CB1) receptor and the serotonin transporter (SERT). 

 

3.2. Methods 

 

3.2.1. Input structures 

 

Each crystal structure was processed according to the same protocol. The structure of the 

serotonin transporter (SERT) was co-crystallized with one cholesterol (PDB ID 7LIA) 52, while 
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the structure of the cannabinoid 1 receptor (CB1) was co-crystallized with two cholesterol 

molecules (PDB ID 7FEE) 53. The pre-oriented protein structure was retrieved from the OPM 

database 54. Any non-protein atom, such as ligands and other small molecules, were removed and 

missing heavy atoms and explicit hydrogens were added using PDBFixer 55. 

 

3.2.2. CG conversion and system build 

 

To enable extensive contact sampling, the protocol relied on the Martini 3 CG representation. The 

atomistic input structure was converted to its CG form using martinize2, in the version of the 

script distributed within the Vermouth package 56. Default conversion settings were applied 

whenever possible to maintain robustness and minimize failures due to PDB formatting 

inconsistencies. However, several parameters were customized and explicitly defined to ensure 

consistent and reliable output. The -p backbone option created a section in the topology that 

allowed positional restraints to be applied to backbone beads during CG simulations. Elastic 

network terms were introduced with -elastic, which generated elastic bonds (700 kJ mol⁻¹ nm⁻²) 

between backbone beads within a 9 Å cutoff and separated by at least three residues. This 

configuration stabilized tertiary structure without restricting side-chain motion. Initial residue 

numbering was retained to simplify downstream analysis. Hydrogens were ignored (-ignh) to 

prevent atom name conflicts. The -merge all flag forced martinize2 to write a single topology, 

avoiding unwanted fragmentation around unresolved regions. As a final safety step, the -eunit 

system option ensured that the elastic network was built for the complete protein before merging, 

preventing inconsistencies when gaps were present. A Martini 3 CG PDB file corresponding to 

the original structure together with its topology were generated. 

After CG conversion, the protein–membrane system was assembled using insane.py 57. This grid-

based tool generated a Martini 3 membrane of defined composition. We used it to build a 

cholesterol-containing bilayer around the CG protein obtained in the previous step. The system 

consisted of the protein placed at the center of a 14.5 × 14.5 × 10.5 nm orthorhombic box. The 

membrane was constructed around it, and the box was subsequently filled with water beads and 

ions to neutralize the total charge. After the conversion, the CG representations employed 1334 

(SERT) and 705 (CB1) beads, respectively. Embedding the protein in a 75:25 POPC:cholesterol 

membrane and adding counterions, led to the following protein-membrane systems: i) SERT: 

5832 POPC, 1449 cholesterol, 10280 water, 4 chlorine beads, for a total of 18899 beads including 

the protein; ii) CB1: 6096 POPC, 1521 cholesterol, 10388 water beads, 9 chlorine beads, for a 

total of 18719 beads including the protein. For SERT, another system was assembled using a 
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DSPC (50%):POPE (25%):CHOL(25%) membrane composition. This ternary membrane system 

encompassed: 3888 DSPC, 1932 POPE, 1449 cholesterol, 10287 water, 4 chlorine beads, for a 

total of 18894 beads including the protein.  

 

3.2.3. Equilibration and Molecular Dynamics Simulations. 

 

Because grid-based membrane construction can introduce unfavourable contacts or rigid 

conformations, the system underwent a standardized equilibration protocol before production 

simulations. According to best practices, from this point onward, each step of the protocol was 

performed N times, with N defined by the number of replicas specified in the run settings. The 

MD engine adopted for all simulations was GROMACS 2021.5 58. System charges are handled 

by the Martini 3 topology, which was assembled during the system building process. The reaction-

field model was used for short-ranged electrostatics, no long-range PME was used. The v-rescale 

thermostat 59 was used through all equilibration steps and in the production run, while the barostat 

switched from Berendsen 60 to Parrinello-Rahman 61 at production. Solute (protein and membrane) 

and solvent (water and ions) were kept into separate temperature coupling groups. Equilibration 

began with 5000 steps of steepest-descent energy minimization, followed by a 20 ps NVT 

simulation to stabilize the temperature at 300 K. Three consecutive NPT simulations were then 

performed. In the first, backbone restraints were applied (1000 kJ mol⁻¹ nm⁻²) while the 

membrane relaxed during a 100 ns run. In the second, restraints were removed, and the system 

was equilibrated for 1 ns using a 1 fs timestep to limit abrupt motions of newly unrestrained 

atoms. The final NPT step consisted of a 1 ns simulation using the recommended 20 fs Martini 

timestep. 

After equilibration and before production, membrane quality was evaluated. Membrane thickness, 

area per lipid, and lipid order parameters were calculated with MDAnalysis 62,63 and LiPyphilic 

64, providing quantitative descriptors of bilayer structure and organization. Partial-density profiles 

along the Z-axis were generated to assess leaflet continuity. 

Production simulations were then carried out for 30 μs to provide sufficient sampling across 

systems and replicas. 
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3.2.4. Contacts analysis 

 

Cholesterol–protein contacts were quantified to identify long-lived interaction events along the 

simulations. Contact detection was performed with MDAnalysis by iterating over all frames of 

the trajectory and identifying residues within 6 Å of any cholesterol bead. This cutoff was selected 

based on previously published work 51. Contacts were evaluated only after the first 500 ns of the 

production simulation to ensure that measurements were taken within the fully equilibrated 

regime. For each residue, consecutive frames in which cholesterol remained within the cutoff 

were grouped into continuous contact events. This approach was adopted to distinguish sustained 

interactions from intermittent binding and unbinding. Although two residues may exhibit the 

same total number of contact frames, their biological relevance differs if one forms a single long-

lived event while the other engages in multiple short, transient encounters. For this reason, the 

analysis relied on continuous-contact durations rather than simple frame occupancy. Only 

residues exhibiting at least one contact were considered for further analysis to avoid inflating the 

dataset with residues that could not physically interact with the membrane (e.g., residues facing 

the extracellular, intracellular, or internal cavity regions). From the resulting list of events, the 

longest contact per residue (tmax) was extracted. To identify statistically significant long-lived 

contacts, the interquartile range (IQR) method was applied using equation 1 

T = 1.5 × IQR + Q3 (1) 

where T defines the upper threshold for outlier detection. This approach flagged residues with 

contact durations that substantially exceeded the central distribution. The output of this step 

consisted of a comma-separated table listing the residues classified as statistical outliers in each 

replica. 

 

3.2.5. Density analysis 

 

The spatial density of cholesterol around the receptor was quantified by computing the Spatial 

Density Function (SDF), which describes the probability of cholesterol occupying different 

regions of the simulation box. The 3D space was discretized into voxels, each assigned a value 

proportional to the frequency with which cholesterol beads occupied that region over the course 

of the trajectory. Retaining only the voxels with the highest values enabled identification of the 

spatial regions most frequently sampled by cholesterol. Prior to SDF calculation, the trajectory 

underwent two preprocessing steps using the GROMACS trjconv tool. The first corrected for 
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periodic boundary conditions and centered the protein in every frame. The second removed 

protein rotation and translation, fixing the receptor at the center of the box while allowing the 

remaining components of the system to diffuse freely. The SDF was then computed with the 

GROMACS spatial tool, which produced a Gaussian cube file containing the voxel-based 

volumetric data. This file was parsed, and voxel coordinates were converted from Bohr to 

Ångström units. The top 0.01% of voxels, which correspond to the regions with the highest 

occupation probability, were extracted, converted to Cartesian coordinates, and saved as dummy 

atoms in an .xyz file. 

 

3.2.6. Replica merging 

 

The results of the contact and density analyses across multiple replicas were merged to generate 

a final file representing the system’s hot spots. For contact-based outliers, the tmax values from all 

replicas were compared, and the union of outlier residues was stored. Duplicate residues were 

common, as the most relevant contacts typically appeared as outliers in multiple replicas; in these 

cases, the longest contact observed across replicas was retained. For the density analysis, the voxel 

coordinates from all replicas were combined through a union merge, removing duplicate points. 

 

3.2.7. Output 

 

For each system, four output files were generated. The merged contact outliers were written as a 

CSV file containing the residue ID, residue name, and tₘₐₓ. Because one of the aims of the pipeline 

was to enable large-scale GPCR analyses, an optional column with GPCRdb 65. generic residue 

numbers (class A) could be added for comparative studies. The cholesterol spatial distribution 

was stored as a set of dummy atoms in an .xyz file, preserving the element label and Cartesian 

coordinates for direct visualization. A PDB file of the starting structure, aligned to the last frame 

of the trajectory used for SDF calculation, was also generated to facilitate inspection of density 

regions relative to the receptor. Finally, a reduced PDB file containing only the outlier residues 

and the reproducible density points within 5 Å of those residues was produced. This file was 

generated from the aligned structure so that it could be directly visualized alongside the density 

cloud. 
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3.2.8. Pocket Scoring 

 

A scoring procedure was developed to rank membrane-interface pockets according to their 

predicted propensity to accommodate cholesterol, using the information generated during hot-

spot detection. Pockets were defined as sets of residues identified by a pocket-detection algorithm. 

Each pocket was evaluated based on (i) the number of residues classified as outliers in the contact 

analysis and (ii) the number of SDF density points located near the pocket. Density points 

associated with a given pocket were defined as all density points lying within 5 Å of any atom of 

any residue forming that pocket. Scoring weights were assigned as 1000 for each outlier residue 

and 1 for each associated density point. The score was applied to all detected pockets, which were 

then ranked accordingly. Although the procedure is in principle compatible with the output of any 

pocket-detection protocol, the examples shown in this study were based on NanoShaper, a probe-

based method for cavity detection 66. NanoShaper was run with a small probe of 1.4 Å and a large 

probe of 6.5 Å, together with a minimum water count of 2. The size of the larger probe was 

required to appropriately capture the shallow and planar cavities commonly found at membrane-

protein interfaces. Pockets detected by NanoShaper were filtered to retain only membrane-

interface sites compatible with cholesterol binding. Internal or extra-/intracellular pockets were 

removed by discarding any cavity whose centroid lay within 5 Å of the protein’s vertical axis or 

outside the transmembrane region defined by the OPM pseudo-layers. The remaining pockets 

were then evaluated using the scoring procedure described above. 

 

3.2.9. Parameterization of the Ligands 

 

Org27569 topology was retrieved through manual atom-to-bead mapping and definition of 

bonded terms. Briefly, Org27569 CG bonded terms were compared with full-atom MD 

distributions. 12 beads were used to represent the allosteric ligand. Conversely, THC topology (8 

beads) is derived from the work reported by Bartocci and colleagues 67. 

 

3.2.10. CB1 receptor - Org27569 – THC system 

 

To construct the system including tetrahydrocannabinol (THC) in the orthosteric binding site, we 

started from the crystal complex between the THC synthetic analog HU-210 and the CB1 receptor 
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(PDB ID: 9ERX 68). With minor modifications to HU-210 structure, we converted this ligand into 

THC and the resulting complex was minimized with MacroModel 69,70, restraining the position of 

protein atoms. We then used the same procedure described above to insert the protein – ligand 

complex in a 95:5 POPC:Org27569 ratio membrane. The CG representation encompassed 686 

beads for the protein, 7692 for POPC, 384 for NAM, 8 for THC, 10585 for water, 13 for chlorine, 

for a total of 19397 beads including ligands. 

 

3.2.11. Org27569-containing Systems Production Runs 

 

Our standard procedure was employed for equilibrating both systems. In the production stage, 10 

runs lasting 10 μs each were performed for the system with Org27569 in the membrane, and 5 

runs of 10 μs for the system with Org27569 in the membrane and THC in the orthosteric site. 

 

3.3. Results and discussion 

 

3.3.1. Simulations and Analysis Pipeline. 

 

An automated protocol was developed to identify binding hot spots of cholesterol and, with 

minimal adaptation, other membrane components at the protein–membrane interface, requiring 

minimal user input beyond specifying run parameters. The protocol is here described in detail and 

the overall approach summarized in Figure 2. 
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Figure 2. Standard flowchart of the protocol. The starting input, consisting of a pre-oriented is converted to the Martini 

3 representation and embedded in a membrane of the desired composition. The system is then equilibrated and 

simulated. The trajectories are analysed by the two approaches: contact-based analysis (Branch A) and density 

distribution computation (Branch B). The agreement regions from both analyses are labelled as hot spots. Optionally, 

a pocket file can be provided and the pockets will be scored and ranked based on their cholesterol binding propensity. 

 

3.3.2. Starting Input 

 

The protocol requires a pre-processed, membrane-oriented PDB structure. Structures obtained 

from the Orientations of Proteins in Membranes (OPM) database 54 are directly compatible, as 

they are already positioned within the membrane (typically aligned along the Z-axis) and include 

dummy atoms marking the upper and lower bilayer boundaries. All ligands and non-protein 
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components must be removed and missing atoms restored. The final input consists of a single 

oriented monomer with complete receptor residues and no heteroatoms. 

 

3.3.3. CG Model Generation 

 

The CG conversion procedure yields a single, consistent Martini 3 representation for each 

receptor. Fragmentation issues near unresolved regions, including ICL3 in many GPCR crystal 

structures, are pre-emptively addressed, residue numbering is preserved, and each output includes 

a complete elastic network and unified topology. Application of insane.py on these standardized 

models resulted in a complete protein–membrane system with uniform box dimensions, the 

intended membrane composition, and neutralizing solvent. Each system had the protein correctly 

centered and embedded in the bilayer, providing consistent inputs for downstream equilibration 

and sampling stages. 

 

3.3.4. Equilibration and MD Simulations 

 

Within the pipeline, the equilibration stage generates fully prepared membrane–protein systems 

ready for coarse-grained simulations. After completing minimization, NVT, and NPT steps, the 

pipeline produces quality-control outputs, including membrane structural descriptors and density 

profiles along the Z-axis. These files allow users to verify that the system has been assembled and 

processed correctly before production sampling. At the end of this stage, the pipeline provides a 

standardized, simulation-ready input for the 30 μs production run performed with the adopted MD 

engine, GROMACS. 

 

3.3.5. Contact analysis 

 

The contact-analysis stage yields a curated dataset that captures uninterrupted cholesterol–protein 

interactions. Grouping frames into continuous contact events enables the pipeline to differentiate 

biologically meaningful, long-lived cholesterol interactions from rapidly exchanging contacts, 

even when residues exhibit identical total contact occupancies. After filtering non-interacting 

residues and computing tmax values, the IQR-based criterion is applied, and residues classified as 
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long-lived contact outliers for each replica can be identified. This standardized output provides a 

consistent summary of meaningful cholesterol-binding events for downstream comparison. 

 

3.3.6. Density Analysis 

 

The density-analysis stage generates a volumetric map describing the regions that are most 

frequently occupied by cholesterol around the receptor. After trajectory preprocessing and SDF 

calculation, a Gaussian cube file and a corresponding .xyz file are produced, containing the 

Cartesian coordinates of the top-density voxels. These points represent the highest-probability 

cholesterol locations. SDF analyses can be directly related to free energy landscapes in such a 

manner where areas with enriched cholesterol density correspond to a negative difference in free 

energy with respect of being located in the bulk of the membrane, suggesting that these positions 

are energetically favourable interaction sites 71.  All frames of the MD trajectories were retained 

for analysis, since trajectory striding can influence the resolution of cholesterol density maps. 

The overlap of persistent cholesterol–residue contacts and high-density regions across all replicas 

defines the actual interaction “hot spots,” highlighting residues and spatial regions that 

consistently show the most relevant cholesterol binding. 

 

3.3.7. Output 

 

The pipeline outputs a unified set of cholesterol–interaction features for each system. Contact 

outliers from all replicas are consolidated into a single list, while density clouds from individual 

replicas are combined into a consensus spatial distribution. Together, these outputs define 

reproducible cholesterol–binding hot spots, enabling direct visual and quantitative assessment of 

the most relevant interaction regions on the receptor. 

 

3.3.8. Pocket rank 

 

The final, optional step of the pipeline uses the information derived from hot-spot detection to 

evaluate membrane-interface pockets - whether obtained from any pocket-prediction tool or 

defined directly by the user - for their compatibility with cholesterol binding. By combining 
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outlier residues from the contact analysis with high-probability regions from the SDF, pockets 

supported by both types of evidence are assigned greater relevance, thus separated from pockets 

that lack predicted affinity for cholesterol. 

 

3.3.9. Python package 

 

To support the use and integration of this protocol, we developed a Python package available on 

PyPI under the name CHAMP (Cholesterol Hot spot Automated Mapping Protocol). The package 

includes all required external tools and modules, except for GROMACS, which must be compiled 

separately. To ensure flexibility and scalability, the workflow exposes a wide set of configurable 

parameters rather than relying on hardcoded values. A full tutorial is provided in the repository, 

but key options include specifying membrane composition, selecting the number of replicas, or 

providing a predefined pocket list to directly obtain their scoring and ranking at the end of a run. 

When using CHAMP on a GPCR, users can also supply a GPCRdb-annotated file to maintain 

annotation in the output. The package also includes a toolbox to assist with input preparation. 

Two scripts are provided: one generates a template parameter file needed to launch the protocol, 

while the other can simply align a structure along the Z-axis when no membrane-oriented model 

is available. The protocol requires a pre-aligned structure, such as those obtained from the OPM 

server; when unavailable the alignment script can be applied should be used with care. This 

procedure yields an approximate Z-axis orientation along the longest protein direction (usually 

the vertical axis in membrane proteins). As some proteins may have more complex orientation 

and tilt which is not automatically captured the resulting data should be interpreted accordingly. 

An additional third script provides an automatic GROMACS benchmarking routine to help users 

determine the optimal configuration for Martini 3 CG simulations. In the Martini 3 cholesterol 

topology, a virtual site is used to reproduce the sterol ring geometry. Currently, while most tasks, 

such as short-range nonbonded interactions, PME, and bonded forces, can still be off-loaded to 

the GPU, the presence of virtual sites prevents the MD update step (position and velocity 

integration and virtual-site reconstruction) from running on the GPU 72. This forces the integrator 

to run on the CPU, making overall performance sensitive to CPU–GPU communication and 

strongly dependent on the number of CPU cores available. Given only the number of available 

cores, the provided script selects suitable test configurations, runs the benchmarks, and produces 

a concise performance summary. 

A final point concerns the size of the data generated. For a standard run consisting of two 30 µs 

replicas, the total output can reach up to 800 GB. Of this, around 780 GB arise from the MD 

trajectories and the corresponding trjconv iterations used to produce the density maps, each 
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trajectory contributing around 130 GB. The remaining space is occupied by the volumetric density 

maps generated by the spatial analysis tool (roughly 3 GB per replica) and the associated 

structures, topologies, intermediate files, and outputs. 

 

3.3.10. Serotonin Transporter 

 

We first applied CHAMP to SERT to enable direct comparison with the results reported by 

Ferraro et al 51. The transporter was analysed in its outward-facing conformation, taken from a 

cryo-EM structure of human SERT bound to serotonin, which also features a cholesterol molecule 

resolved at the membrane-exposed surface (PDB ID: 6LIA 52). To assess the effect that a realistic 

membrane could have in comparison with a simpler composition, we applied the protocol twice, 

each time using a different membrane. The first system used a simple POPC(75%):CHOL(25%) 

bilayer. Although modern simulations increasingly favor complex lipid mixtures, POPC:CHOL 

membranes remain a robust and widely used benchmark, capable of reproducing liquid-ordered 

and liquid-disordered behavior depending on sterol content 73. This composition provides a 

generalizable reference point that facilitates comparison across systems. The second membrane 

reproduced the lipid environment used by Ferraro et al., a ternary DSPC (50%):POPE 

(25%):CHOL(25%) mixture designed to better approximate raft-like membrane domains 74.  

From each run, two independent replicas of 30 µs were generated. 

 

Table 2. Outlier residues identified by Ferraro et al. and in the two membrane compositions analysed in this study. 

Residues classified as outliers in all three simulations are shown in bold. 

Source Detected outliers (residue IDs) 

Ferraro et al. 2016 121, 125, 289, 337, 362, 363, 365, 366, 367, 369, 495, 531, 561, 572, 575, 

579 

POPC:CHOL 93, 122, 123, 126, 127, 166, 170, 171, 174, 191, 256, 264, 265, 268, 280, 

283, 287, 289, 293, 326, 363, 366, 367, 369, 370, 373, 429, 436, 454, 474, 

475, 478, 479, 495, 514, 577, 581, 584, 597 

DSPC:POPE:CHOL 122, 123, 127, 163, 167, 170, 171, 174, 191, 253, 256, 265, 269, 280, 283, 

289, 313, 320, 326, 363, 366, 367, 369, 370, 373, 374, 436, 468, 474, 478, 

479, 495, 514, 584, 590, 597 
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Membrane composition had only a modest influence on the residues classified as statistically 

significant long-lived contacts (Table 2), with tmax values of the outliers ranging from 73.72 ns 

(POPC:CHOL) and 82.66 ns (DSPC:POPE:CHOL) to 422.46 ns (POPC:CHOL) and 471.46 ns 

(DSPC:POPE:CHOL). The POPC:CHOL system yielded 39 outliers, whereas 36 were detected 

in the DSPC:POPE:CHOL system, with substantial agreement: 27 residues were shared between 

the two distributions. This level of agreement indicates that, in this case, the protocol consistently 

recovers the principal features of cholesterol recognition, even when applied across different 

membrane environments. Both sets also showed notable convergence with the 16 outliers reported 

by Ferraro et al. Six residues appeared in all three datasets, three of which belong to the cholesterol 

binding pocket resolved in the experimental structure, considering those residues within a shell 

of 5Å of the cholesterol molecule (labelled and coloured in red in Figure 3A). 

 

Figure 3. Results of the CHAMP protocol on the serotonin transporter. (A) Crystallographic pocket (green licorice) 

of the cholesterol molecule (orange) in SERT. The residues consistently detected as outliers across all three datasets 

are highlighted in red and explicitly labelled. (B) Spatial overlap between previously reported cholesterol interaction 

sites (blue and green surfaces), and our top and fourth scoring (licorice blue and green, respectively) NanoShaper-

detected pockets. 

 
Some differences between our results and those of Ferraro et al. were expected. Their study 

employed longer simulations, more replicas, and a customized workflow, all of which can 

increase the separation between long-lived contacts and the central distribution, resulting in fewer 

residues being flagged as outliers. Additionally, previous work was based on a homology model, 

obtained from a bacterial member of the neurotransmitter sodium symporters (NSS) family, the 

Leucine transporter (LeuT), and used a previous version of the Martini force field, both of which 

introduce inherent structural and methodological differences. Nonetheless, given that the goal of 

the present pipeline is to provide an automated and computationally efficient approach, the close 

correspondence with Ferraro’s more intensive setup supports both the robustness of the method 

and its suitability for large-scale analyses. Although our methodology inherently represents a 
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compromise between speed and accuracy, the agreement observed here indicates that this trade-

off remains well balanced for practical applications. 

Analysing the static structure of the transporter, NanoShaper identified 36 pockets, of which 16 

met the geometric criteria for membrane-interface accessibility and were retained as cholesterol-

binding candidates. These pockets were then ranked using the hot-spot information derived from 

the contact outliers and SDF density points. The analysis was performed independently for both 

membrane compositions (Table 3). 

Table 3. Top five highest-scoring NanoShaper pockets identified in SERT. The top five pockets are reported for the 

POPC:CHOL and DSPC:POPE:CHOL systems along with the corresponding number of density points and scores.  

Rank 
Pocket 

id 
ResIDs 

System 

POPC:CHOL DSPC:POPE:CHOL 

Density 

Points 

Outlier 

Score 

Total 

Score 

Density 

Points 

Outlier 

Score 

Total 

Score 

1 27 

105 118 121 122 

125 126 130 362 

365 366 369 370 

372 373 536 537 

952 5000 5952 1504 6000 7504 

2 33 

184 187 261 262 

265 280 283 284 

287 429 432 433 

436 440 

1223 4000 5223 534 6000 6534 

3 26 

170 171 174 245 

248 476 479 488 

491 492 573 577 

581 

796 4000 4796 216 6000 6216 

4 31 
289 292 293 370 

371 374 
793 3000 3793 601 3000 3601 

5 30 

148 163 166 167 

169 170 443 446 

450 454 465 469 

472 473 

494 3000 3494 303 3000 3303 
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Comparison of the two membrane conditions showed that the top five ranked pockets were 

identical, indicating that membrane composition did not meaningfully alter the pocket ranking at 

the cholesterol ratio tested. The DSPC:POPE:CHOL system exhibited slightly higher scores for 

the top three pockets, but the differences were small and likely not sufficient to suggest a 

composition-dependent effect, particularly given that only four replicas were analysed. Notably, 

the pocket ranked fourth overlapped with the crystallographic cholesterol site. We next compared 

our highest-ranked pockets with the cholesterol-binding sites reported by Ferraro et al. Including 

the crystallographic site, two of the previously reported pockets were recovered. As shown in 

Figure 3B, our first-ranked pocket (licorice blue) and fourth-ranked pocket (licorice green) 

overlapped with the previous study’s K (blue surface) and C (green surface) sites, respectively. 

To complement the static analysis with a dynamic characterization of pockets along the trajectory, 

NanoShaper was also applied through Pocketron as implemented in the BiKi Life Sciences 

software 66,75,76. Pocketron evaluates pockets on a frame-by-frame basis along the MD trajectory, 

enabling the monitoring of pocket appearance, persistence, and geometric evolution over time. 

The resulting pocket ranking was largely consistent with that obtained from the static NanoShaper 

analysis. Although the coarse-grained simulations employ an elastic network and therefore do not 

sample large-scale conformational rearrangements, the close agreement between static and 

dynamic pocket analyses indicates that the approach is robust to small local fluctuations, such as 

side-chain motions. This robustness comes at the explicit cost of restricting global protein 

flexibility, a trade-off that is inherent to the efficiency gains afforded by coarse-grained molecular 

dynamics. In light of this consistency, and to avoid unnecessary methodological redundancy, 

subsequent analyses were carried out using the static NanoShaper-based pocket identification.  

In this context, it is notable that several crystal structures of the transporter consistently report a 

cholesterol molecule bound to a region defined by residues 573, 576, 577, and 580 77,78. While the 

pocket analysis does indeed identify a putative binding pocket in this region, this is not ranked 

among the highest sites in terms of cholesterol-binding propensity, suggesting that the limited 

conformational sampling intrinsic to the coarse-grained model may influence the relative 

prioritization of such sites. In order to assess this hypothesis, the full protocol and the NanoShaper 

analysis were also ran on one of the crystal structures where the cholesterol appears in the 

aforementioned position, nearing residues 573-580 (PDB ID: 5I6X). Interestingly, the top scoring 

pocket corresponded to the region closest to the crystallographic cholesterol, formed by the 

residues 170, 171, 174, 245, 248, 476, 479, 488, 491, 492, 577 and 581, equivalent to that scoring 

third in the previous structure. Additionally, within the top 5 scoring pockets, equivalent cavities 

to those in the previous structure were identified. This analysis further strengthens the idea that 

while the starting structure of the same protein might have little influence in pocket detection 
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itself, it is a key factor for the hot spot detection, as the analyses showed a certain level of 

preference in prioritizing the original pocket. 

 

3.3.11. Cannabinoid 1 receptor 

 

We next examined the CB1 receptor, as representative of class A GPCR characterized by 

allosteric modulators with pharmacological interest and identified binding pockets. We selected 

the crystal structure of CB1 receptor bound to the orthosteric agonist CP55940 and to the positive 

allosteric modulator ZCZ011 53, which also contains two resolved cholesterol molecules. This 

system is a suitable test case because both experimental studies and recent atomistic simulations 

have highlighted cholesterol as a modulator of CB1 receptor function, reporting specific 

interaction regions and long-lived binding events 40,79. Using CB1 receptor therefore allowed us 

to evaluate whether the proposed workflow can recover cholesterol-accessible sites in line with 

experimental observations and with results obtained from more computationally demanding 

methodologies. 

Following the protocol, the structure was converted to CG using the Martini 3 topology, 

embedded in a POPC(75%):CHOL(25%) membrane and simulated and analysed on two replicas. 

After contact analysis, we obtained 27 outliers, with tmax ranging from 96.72 ns to 867.10 ns, as 

shown in Table 4. In total, we identified three cholesterol-interaction hot spots at the protein–

membrane interface, defined as regions where long-residence-time outlier residues and high SDF 

cholesterol density co-occur. Notably, two of these hot spots coincide with the cholesterol 

positions resolved in the crystal structure (coloured in red and blue in Figure 4). In addition to 

these two expected regions, the analysis revealed a third area (green in Figure 4) showing a clear 

consensus between persistent contacts and enriched cholesterol density, suggesting a possible, 

previously unreported, interaction region. Although candidate site identification relies on a 

consensus criterion that provides a conservative and robust basis for highlighting cholesterol-

interaction regions, whether this third site represents a genuine binding preference remains to be 

established experimentally. 

Table 4. Detected outlier residues identified in CB1 simulations after the replica merging. 

Membrane Detected outliers (residue IDs) 

POPC:CHOL 

(75:25) 

1421.58, 1612.48, 1652.52, 1682.55, 1692.56, 1722.59, 1913.27, 1953.31, 

1983.34, 2013.37, 2023.38, 2083.44, 2093.45, 2123.48, 2324.41, 2364.45, 
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2404.49, 2414.50, 2434.52, 2454.54, 2825.46, 2875.51, 2915.55, 3506.42, 

3536.45, 3606.52, 3616.53 

 

One of the identified hot spots overlaps very well with the binding site reported as BS1 in a study 

by Vanegas and co-workers 40. This region includes TRP2414.50 (Ballesteros-Weistein numbering 

superscript 80). This residue is the most well conserved in TM4 across class A GPCRs and has 

been consistently reported to participate in cholesterol interactions 81 and not only in the CB1 

receptor, but also in other specific cases, such as the β2-adrenergic receptor 21,37 or the nociceptin 

opioid peptide receptor 82. TRP2414.50 plays a key role in stabilizing the receptor’s transmembrane 

structure through hydrophobic contacts. Its side chain is capable of forming π-π interactions and 

hydrogen bonds, which help preserve the proper conformation of the receptor. Importantly, 

TRP2414.50 is involved in the recognition of allosteric modulators. The negative allosteric 

modulator Org27569 binds to a site outside the transmembrane core that includes TRP2414.50, 

with the indole group of Org27569 engaging in aromatic stacking with the indole side chain of 

TRP2414.50, underscoring the residue’s relevance in allostery-related methods. Furthermore, two 

more hot spots among those identified here partially overlap with areas, namely BS2 and BS5. 

 

Figure 4. Hot spots detected on the CB1 receptor based on the agreement of outliers with reproducible density. For 

visual clarity, only the residues are shown, while the density cloud is omitted. Three distinct interaction areas are 

identified: two holding cholesterol molecules (red and blue pockets), and a third representing a putative, unreported, 

novel interaction site (in green). 
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Table 5. Top five high scoring pockets detected by NanoShaper. 

Rank Pocket id 

ResIDs 

(outliers bolded) 

System 

Cannabinoid receptor 1 

Density 

Points 
Outlier Score Total Score 

1 11 

1652.52 1692.56 1722.59 1903.26 1913.27 

1923.28 1943.30 1953.31 1983.34 1993.35 

2414.50 2454.54 2484.57 2494.58 2524.61 

1761 8000 9761 

2 15 

2013.37 2043.40 2053.41 2083.44 2093.45 

2404.49 2434.52 2444.53 2474.56 2795.43 

2825.46 2835.47 2865.50 

1634 6000 7634 

3 12 
2835.47 2845.48 2875.51 2885.52 2915.55 

3526.44 3536.45 3566.48 3576.49 3606.52 
1986 4000 5986 

4 14 
2915.55 2945.58 2955.59 3466.38 3496.41 

3506.42 3536.45 
1232 3000 4232 

5 9 
1381.54 1411.57 1421.58 14898.83 1532.40 

1542.41 1572.44 1582.45 
287 0 1287 

 

We next characterized putative pockets at the protein–membrane interface and ranked them 

according to cholesterol-binding propensity. NanoShaper initially identified 16 geometrically 

defined cavities, which were reduced to 7 after applying the filtering criteria described in the 

Methods section. Importantly, the highest-ranked pockets closely correspond to the interaction 

regions identified by the hot-spot analysis, providing independent confirmation that the detected 

hot spots map onto bona fide, well-defined geometric pockets rather than diffuse regions of lipid 

enrichment. Specifically, the top-ranked (red in Figure 5) and fifth-ranked (yellow in Figure 5) 

pockets together correspond to the previously proposed CRAC binding site and encompass the 

conserved W2414.50 residue. Consistent with crystallographic evidence, one of the co-crystallized 

cholesterol molecules occupies this site. The second cholesterol molecule is located within the 

second-ranked pocket (blue in Figure 5), partially overlapping with the BS3 site reported by 

Vanegas and coworkers. Notably, the third-ranked pocket corresponds to the previously discussed 

hot spot that suggests a potential cholesterol interaction site that has not been previously reported. 
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The correspondence between dynamically identified hot spots and independently detected 

geometric pockets renders these sites directly actionable, as they define structurally resolved 

cavities that can be immediately exploited in structure-based drug design efforts, including 

docking, pharmacophore modelling, and rational optimization of allosteric modulators at the 

membrane–protein interface. 

 

Figure 5. Spatial distribution of the top-scoring NanoShaper pockets in the CB1 receptor. The identified pockets are 

ranked according to their CHAMP cholesterol binding propensity and color-coded as follows: 1st (red), 2nd (blue), 

3rd (green), and 5th (yellow). 

 

3.3.12. Cannabinoid 1 receptor negative allosteric modulator 

 

Our fully automated protocol was designed with cholesterol in mind, aiming to identify critical 

hot spots at the membrane–protein interface with potential allosteric implications. However, in 

principle, our framework can be readily extended to other allosteric modulators acting at the 

membrane–protein interface providing the framework for the identification of privileged 

interaction sites of small molecules and drug-like compounds. To provide a preliminary proof of 

concept in this direction, we applied the protocol to the Org27569 ligand. This molecule is a 

negative allosteric modulator of the CB1 receptor G-protein signalling 83. Additionally, a crystal 

structure of their complex is available and can be used as a reference (PDB ID: 6KQI 84).  



 39 

For system construction, we build upon a previous work by Bartocci and colleagues 67, where the 

authors study allosteric cannabinoid binding at the glycine receptor α1. Specifically, we 

embedded the CB1 receptor in a POPC lipid membrane with 5% of Org27569 (i.e. 95:5 

POPC:ligand ratio), corresponding to a ligand concentration of about 25 mM. Our goal was to 

assess the capability of recapitulating the binding site observed in the crystal among detected 

binding hotspots. Such a semi-quantitative validation would underscore the actual potential for 

prospective use. 

Here, in analogy with Bartocci et al. and to increase the statistical robustness of the observation 

for this molecule, we performed 10 replicas of 10 μs each. By analysing the generated trajectories 

through our CHAMP protocol, we identified the most persistent contacts between the CB1 

receptor and the ligand Org27569. The main findings are summarized in Table 6 and Table 7.  

Table 6. Residues from the CB1 receptor establishing the most persistent contact in each of the 10 replicas of CG 

MD. 

Replica index Main contact Duration (ns) 

1 TRP2414.50 419 

2 PHE3797.35 1592 

3 PHE3797.35 2892 

4 TRP2414.50 462 

5 GLY1953.31 447 

6 TRP2414.50 577 

7 TRP2414.50 421 

8 ALA2023.38 316 

9 SER2845.48 328 

10 VAL2825.46 718 

 

In particular, Table 6 reports, for each of the 10 CG-MD replicas, the most persistent contact 

observed as well as its duration. Interestingly, in six out of ten runs the longest contact is 

established by residues belonging to (TRP2414.50) or in close proximity of (GLY1953.31 and 

ALA2023.38) the allosteric site observed in the crystal complex.  
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Table 7. Ranking of the most persistent contacts established by residues from the CB1 receptor with the Org27569 

ligand. The top ten residues are reported, plus additional residues that displayed highest persistency in at least one of 

the simulations. 

Residue Frequency 
Average 

duration (ns) 

Shortest 

duration (ns) 

Longest 

duration (ns) 

TRP2414.50 10 396 238 577 

ALA2023.38 10 286 147 419 

ALA1983.34 10 247 133 438 

TYR1722.59 10 227 183 275 

GLY1953.31 10 226 137 447 

VAL1612.48 9 201 143 286 

PHE2083.44 8 213 123 329 

ILE2434.52 7 296 169 486 

THR2013.37 7 242 142 337 

PHE1913.27 7 144 100 215 

VAL2825.46 6 344 145 718 

PHE3797.35 3 1582 261 2892 

SER2845.48 1 328 320 328 

 

In Table 7, residues from the CB1 receptor are ranked according to their frequency of appearance 

across replicas and the related timing information. Notably, all residues engaging persistent 

contacts in 90% of the simulations belong to the allosteric binding site. The only exception is 

TYR1722.59, which is still relatively close to the allosteric site. It is worth noting that TRP2414.50, 

a central residue in the allosteric site ranks first in Table 7, being observed in all ten CG-MD 

replicas while also displaying longest average duration. PHE3797.35 emerges as the residue with 

the longest average contact, although observed in only three runs. Its duration in replicas 2 and 3 

is particularly prolonged with 1592 and 2892 ns (Table 6), respectively, suggesting a stable 

interaction. This residue is located within the transmembrane helical bundle and forms part of the 

orthosteric binding site. Notably, an interaction between Org27569 and the orthosteric site has 
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not been previously reported. However, the frequency of this interaction is substantially lower 

than that observed for residues within the allosteric site, indicating a clear preference for allosteric 

engagement. By aggregating the results from the ten replicas, ligand density maps projected on 

the atomistic structure of the CB1 receptor provide a straightforward visualization of prominent 

binding hotspots (Figure 6A). 

 

Figure 6. Ligand density over the CB1 receptor surface for A) Org27569, B) Org27569 in presence of THC in the 

orthosteric site, and C) cholesterol. For all systems, front and upper views are shown. For the upper view, additional 

focus on the orthosteric binding site within the transmembrane helical bundle is given. The ligand densities are shown 

in yellow on the CB1 receptor crystal structures used to construct the systems (PDB IDs: 6KQI 84, 9ERX 68, and 7FEE 

53 for panels A, B and C, respectively). In panel A, the Org27569 ligand in its crystallographic pose is shown in purple 

to highlight the corresponding allosteric binding site. All the residues deemed relevant (statistical outliers) in 

contacting the ligand are highlighted in red. 

 

The results for Org27569 can be compared with those from applying the standard CHAMP 

protocol with cholesterol on the CB1 receptor (Figure 6C). The overall picture is relatively 

consistent, with cholesterol demonstrating a lower engagement for the binding site of Org27569 

and, most importantly, none within the orthosteric cavity. On the one hand, this observation 

underscores the ability of the pipeline to discriminate between different ligands. On the other 
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hand, the comparison highlights a peculiar tropism of the allosteric modulator for the orthosteric 

binding site. To further assess the tendency of Org27569 to occupy the orthosteric site in realistic 

conditions, we repeated the simulations in presence of the natural ligand tetrahydrocannabinol 

(THC). To this end, we used the crystal complex between THC and the CB1 receptor, and 

embedded it in the same membrane environment containing POPC and Org27569 as in the 

original simulations. As expected, from five exploratory simulations lasting 10 s, we can already 

see that no contacts are established by Org27569 with residues from the orthosteric site of the 

CB1 receptor. This underscores the importance of performing simulations in realistic conditions 

to circumvent, and possibly discriminate, potential simulation artifacts. Additionally, despite the 

relatively more limited sampling, residues TRP2414.50 and VAL1612.48 from the allosteric site still 

emerge with high frequency and prolonged contact duration. A graphical representation of these 

findings is reported in Figure 7, where we highlight the location of the residues within the 3D 

structure of the CB1 receptor. 

 

Figure 7. CB1 receptor residues involved in the most persistent contacts with the allosteric modulator Org27569. The 

residues are labelled and highlighted in licorice on the cartoon representation of the receptor. Residue colour scale 

ranging from yellow to red indicates increasing persistence of the contact. To orient the reader, the allosteric binding 

site is highlighted as green transparent surface. 

As a final application, and to showcase the flexibility of our CHAMP protocol, we performed the 

same analysis on externally detected pockets. Therefore, the two CB1 structures used in this 

section for the simulations without and with the presence of THC (PDB IDs: 6KQI and 9ERX 
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respectively) were evaluated using NanoShaper and those pockets ranked based on the data 

obtained through the analysis of the simulations performed. 

As expected, in Figure 7 the highest scoring pocket belongs to the allosteric site of the NAM, 

which overlaps with the binding site for cholesterol. Interestingly, the other cholesterol binding 

site in CB1 (blue surface in Figure 7) is also highly ranked, appearing in the second position for 

the system without THC and in fourth position when THC is present. Additionally, the rest of the 

pockets in the top 5 also show significant agreement with those identified for cholesterol. This 

overlap between cholesterol and NAM hot spots could indicate similar behaviour of both 

molecules around the CB1 receptor. 

 

Figure 8. Comparison of overlapping cholesterol and NAM binding hotspots in the CB1 receptor. NanoShaper-detected 
pockets are ranked to identify spatial consensus between cholesterol and the NAM ligand. Results are shown for the 
CB1 receptor simulated in the absence (A, PDB ID: 6KQI) and the presence of THC (B, PDB ID: 9ERX). 

 

All the work discussed in this chapter will be included within a publication, with the manuscript 

currently in preparation. 
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Chapter 4. Protocol Development - Technical 

Details 

 

4.1. Introduction 

 

The design and development of the automated protocol presented in this work required a sustained 

and systematic effort to optimize each individual step, with the overarching goal of minimizing 

user intervention in the final workflow. From the outset, our primary objective was full 

automation. Accordingly, the protocol was conceived as a tool that takes a well-defined input and 

produces a corresponding output without requiring manual interaction during execution. 

Achieving this goal required the careful design and extensive testing of a sequence of processing 

steps that are robust and broadly applicable, irrespective of the specific membrane protein 

provided as input. In addition, the protocol had to handle all necessary manipulations of 

intermediate files generated throughout the workflow. Given that our analyses involve long 

molecular dynamics trajectories and other large data files, and that most of the pipeline operates 

automatically, particular attention was devoted to efficient file management. Specifically, 

operations such as copying, deleting, and modifying files were optimized to balance overall 

runtime performance with the need to retain sufficient intermediate data. This ensures that all 

relevant information remains available should the user need to inspect, debug, or revert to any 

intermediate stage of the process. 

The outcome of these efforts is reflected in the final automated pipeline, which is designed to 

avoid unnecessary file duplication and to prevent the re-execution of steps whose outputs have 

already been successfully generated. At the same time, the protocol preserves all molecular 

dynamics trajectories, energy files, and other auxiliary data required for in-depth analysis or 

troubleshooting of individual systems. 

In this section, we describe the development and validation of the protocol in detail, focusing on 

the rationale behind the implemented actions, the strategies adopted to overcome technical 

challenges, and the approaches used for error detection and debugging. 
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4.2 Molecular Dynamics Simulations 

 

The first major challenge in adopting a fully automated approach was the development of a robust 

molecular dynamics (MD) protocol capable of equilibrating systems and producing reliable 

coarse-grained (CG) trajectories for any G protein–coupled receptor (GPCR), or more generally 

for membrane proteins. Initial tests were performed using the Martini 2 force field (reference), 

which at the time was the most widely adopted version for CG-MD simulations including 

cholesterol. Moreover, the cholesterol model and topology within Martini 2 were still undergoing 

active development and refinement 85,86. 

The initial systems were constructed using the CHARMM-GUI Martini Bilayer Maker 87,88, which 

also generates the corresponding GROMACS input files required to perform MD simulations. 

The builder provides a total of seven GROMACS parameter files: two for energy minimization, 

four for NPT equilibration with progressively decreasing positional restraints on protein beads 

and lipid headgroups, and one for the final production run. These input files were used to 

equilibrate the system using GROMACS 2022.2, with the cannabinoid receptor 1 (CB1; PDB ID: 

5XR8 89) embedded in a POPC membrane containing 25% cholesterol. Although the energy 

minimization and equilibration stages yielded a stable ensemble, as assessed using standard 

structural and energetic metrics (Figure 9), the production simulations consistently failed after a 

few nanoseconds. In all cases, the simulations terminated with errors associated with the Linear 

Constraint Solver (LINCS), the algorithm responsible for maintaining bond-length constraints 

and, consequently, for ensuring the numerical stability of the system during the simulation. 
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Figure 9. Tracking of parameters during the equilibration as provided by CHARMM-GUI. The plots show the evolution 

of temperature and pressure (A), protein backbone RMSD (B) and the simulation box volume (C). 

 

We systematically tested the MD protocol by modifying a range of simulation parameters, 

introducing additional equilibration stages, and evaluating alternative barostat algorithms. 

However, none of these adjustments resolved the observed instabilities. We therefore extended 
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our testing to different membrane proteins and lipid compositions in order to identify the origin 

of the issue. These tests revealed that the simulation failures were specifically associated with the 

presence of cholesterol: systems lacking cholesterol consistently exhibited stable behaviour 

throughout the production runs. To further isolate the source of the problem, we performed control 

simulations of a single cholesterol molecule in vacuum, which also resulted in simulation crashes. 

This behaviour clearly indicated that the instability originated from the cholesterol model itself. 

We subsequently incorporated a recently published, optimized cholesterol topology 86, but this 

modification did not resolve the issue. Ultimately, the problem was addressed by reverting to an 

earlier version of the GROMACS engine, specifically version 2021.5, which restored stable 

simulation behaviour. The Martini cholesterol topology makes use of virtual sites, which are 

massless pseudo-atoms that do not possess independent dynamics or experience forces directly. 

Instead, their positions are calculated from the coordinates of other atoms and are therefore not 

propagated by the equations of motion. In the case of cholesterol, the use of virtual sites improves 

molecular stability by enforcing the correct geometry and preventing unphysical distortions. 

Notably, release notes for later GROMACS versions (≥2022) reported bug fixes related to 

inaccuracies in the treatment of virtual sites under pressure coupling, which were described as 

having only minor effects 90. Nevertheless, based on our observations, we strongly suspect that 

these inaccuracies were sufficient to destabilize our coarse-grained MD simulations, ultimately 

leading to the recurrent simulation crashes observed when cholesterol was present. 

Given the recurrent instabilities observed during the production runs with Martini 2, we 

transitioned to the Martini 3 force field, which was explicitly designed to address several of the 

known limitations of earlier Martini versions. Martini 3 introduces a reparameterized interaction 

scheme, improved balance between protein–lipid and protein–protein interactions, and a revised 

treatment of bonded terms, all of which contribute to enhanced numerical stability and physical 

realism in coarse-grained simulations. In particular, the updated lipid and cholesterol models, 

together with refined protein backbone representations, substantially reduce the occurrence of 

excessive forces and constraint violations that can trigger LINCS-related failures. Adopting 

Martini 3 therefore provided a more robust foundation for an automated MD protocol, as it 

increased the reproducibility and stability of simulations across different membrane proteins 

without requiring extensive system-specific tuning. 

Once stable simulations could be reliably achieved, we focused on optimizing the MD protocol 

to better suit the requirements of our automated pipeline. The extensive debugging performed to 

identify and resolve the simulation crashes informed several modifications to the default 

CHARMM-GUI input settings, ultimately leading to the final protocol implemented in this work. 
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First, the two energy minimization stages provided by CHARMM-GUI were consolidated into a 

single step. This was achieved by reducing the minimization step size from the default 0.01 nm 

to 0.005 nm and increasing the convergence tolerance (i.e., the maximum force criterion) from 

the default value of 10 kJ mol⁻¹ nm⁻¹ to 500 kJ mol⁻¹ nm⁻¹. This adjustment reduced the likelihood 

of minimization failure, at the cost of a potentially higher initial potential energy, which was 

subsequently alleviated during equilibration. 

In addition, we introduced a short NVT equilibration phase (20 ps), which is not included in the 

default CHARMM-GUI workflow, to ensure proper thermalization of the system at 300 K. The 

original six NPT equilibration steps were further reduced to three. During the first NPT stage, 

positional restraints were applied exclusively to the protein backbone beads, while restraints on 

lipid headgroups were omitted, and the system was equilibrated using a 2 fs time step. In the 

second NPT stage, all positional restraints were removed and the time step was reduced to 1 fs to 

prevent abrupt structural rearrangements. In the final equilibration stage, the time step was 

gradually increased to the production value of 20 fs to ensure the stability of the equilibrated 

ensemble. 

Following the same principles as Figure 9, Figure 10 illustrates the system behaviour during the 

final equilibration step, showing stable fluctuations in temperature, pressure, and volume, as well 

as convergence of the protein backbone root-mean-square deviation (RMSD). Following 

equilibration, the production simulation was successfully performed for 30 µs using the 

appropriate barostat. 
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Figure 10. Tracking of parameters during the equilibration as provided by CHARMM-GUI. The plots show the 

evolution of temperature and pressure (A), protein backbone RMSD (B) and the simulation box volume (C). 
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4.3. System build 

Given the overarching objective of maximizing automation, the use of the CHARMM-GUI 

builder was deemed unsuitable for the final pipeline. In particular, CHARMM-GUI operates as a 

web-based service that relies on remote server requests, introducing additional execution time and 

an undesirable dependency on external computational resources. For these reasons, we adopted a 

fully local, network-independent approach for atomistic-to-coarse-grained (CG) conversion and 

for the construction of membrane–protein systems, while leaving the preparation of the initial 

atomistic structure to the user. 

Throughout the development of the protocol, we adapted our workflow in response to the 

continuous evolution of tools within the Martini community. Two key components of this 

workflow are the martinize and insane.py scripts 57, which are used for converting atomistic 

structures into the Martini representation and for building CG protein–membrane systems, 

respectively. The martinize script has evolved from a standalone Python tool distributed via the 

Martini website 91 to martinize2, which is now integrated into the Vermouth framework and 

provides full support for Martini 3 56,92. 

In contrast, early versions of insane.py were not compatible with Python 3, which posed a 

challenge given that our development environment and external dependencies were exclusively 

Python 3-based. To address this limitation, we adapted the script to ensure Python 3 compatibility 

using a dedicated conversion package. During the period in which Martini 2.2 was employed, we 

also incorporated parameters for the improved cholesterol topology published by Fábián et al. 

(2023), which were provided directly by the author. At the time of writing, the insane.py 

repository has since been updated to include native Python 3 support and to provide the latest 

cholesterol topology compatible with Martini 3 93. 

Since martinize2 is thoroughly documented and discussed in the software documentation 56, it is 

here only briefly summarised. The basic workflow of martinize2 is (only options relevant to the 

way this tool was employed here are discussed):  

1)  Read input structure: Parse the PDB file, define bonds. The default charged capping to 

N-  and C-terminals is applied in this step.  

2) Repair input graph (description of atoms as nodes and bonds as edges): The software will 

identify missing atoms and residue mutations and try to fix atom names to prepare for 

mapping.  

3) Resolution transformation: Fragment detection and mapping to the corresponding CG 

beads.  
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4) Apply links: Defines interactions between residues.  

5) Post processing: Elastic network is added.  

6) Write output: GROMACS topology file (.itp) and structure (.pdb) are written.  

Despite running mostly using the default parameters, we use specific flags for the martinize2 run: 

“-merge all”, makes sure only one protein chain is written, “-p backbone” writes positional 

restraints that we use during the system equilibration, “-elastic” introduces harmonic restraints 

between backbone beads around the proper distance (harmonic constant equal to 700 kJ mol-1 nm-

2), “-residue input” keeps the residue numbering from the input, facilitating the analysis after the 

simulation, “-maxwarn 100” is introduced to prevent the tool from crashing due to a high number 

of alerts, which usually come from inconsistent or non-canonical atom naming. Additionally, we 

make sure to set “-eunit system”, as the merging of possible detected protein “fragments” is the 

last step and affects only to the written output and the elastic network is built on each of the 

detected fragments. Hence, by setting this option we ensure the elastic network is constructed 

accounting for the whole system which, in this case only comprises the protein of interest. 

Same as with martinize2, we describe here the relevant functionality of insane.py and its 

integration into our protocol, as all the details on the tool are disclosed in detail in the original 

publication 57. The core concept involves defining a regular grid within the user-specified 

simulation box, identifying the grid cells occupied by the protein, and filling the remaining space 

with lipids according to a given composition. In this protocol, we used a box size of 14.5 × 14.5 

× 10.5 nm, which is sufficient to avoid artifacts from periodic boundary conditions. The protocol 

is optimized around GPCRs, and the box size might have to be adjusted for different proteins. As 

for the membrane composition, we used a binary system of 75% 1-palmitoyl-2-oleoyl-sn-glycero-

3-phosphocholine (POPC) and 25% cholesterol in line with previous studies. In principle, any 

ratio and/or composition, as long as selected lipids are properly parameterised in the adopted force 

field, can be used. The script places lipids randomly. Hence, according to best practices in running 

MD simulations, the protocol creates two instances of the system with different random seeds, 

ensuring a different starting configuration of the membrane components in the two assembled 

systems. 

 

4.4. Contact analysis 

The trajectories generated by the MD simulations are both long, in terms of the number of frames, 

and large, in terms of disk usage. To efficiently analyses protein–cholesterol contacts, we devised 

the following strategy: (i) the first 25,000 frames (corresponding to 500 ns) are discarded to ensure 
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that the system is fully in the production regime and no longer influenced by the equilibration 

ensemble; (ii) the remaining trajectory is iterated frame by frame to determine, on a per-residue 

basis, whether a given residue is in contact with cholesterol. Following on the work of Ferraro51, 

we establish a residue is contacting a cholesterol molecule if any of the residue beads fall within 

a 6Å cut-off distance of any cholesterol bead; (iii) consecutive contacts persisting across multiple 

sequential frames are identified for each residue, and the longest continuous contact is retained; 

(iv) residues that never form contacts are excluded from the analysis, as these typically correspond 

to regions located at the intracellular or extracellular extremities of the protein or within internal 

cavities; and (v) statistical outliers are identified based on the distribution of the maximum contact 

occupancy time, defined as the longest continuous contact duration (tmax) for each residue. 

Trajectory iteration was performed using MDAnalysis 62,63, the Python library employed for 

simulation analysis. This operation is computationally demanding: a full pass through a trajectory 

requires, on average, approximately 3.5 hours on local workstations. Consequently, to optimize 

performance, it was essential to avoid repeating this operation multiple times. To this end, all 

relevant contact information is extracted during a single traversal of the trajectory and stored in a 

plain-text output file. Although this file occupies a substantial amount of disk space 

(approximately 100 MB), it enables significantly faster downstream analyses. 

The analysis script is structured around two dictionaries that use residue identifiers as keys. One 

dictionary tracks contact duration by maintaining a counter that increments for residues that 

remain in contact with cholesterol across consecutive frames. The second dictionary records the 

corresponding frame intervals, storing pairs of starting and ending frame indices for each contact 

event. Together, these data structures allow each continuous contact interval to be associated with 

its duration in frames. Using this information, the script generates an output file that records all 

detected contact events for each residue. For clarity, a mock example illustrating the structure of 

both dictionaries and a representative line of the output file is provided below. 

To illustrate the logic of the contact-tracking algorithm, we consider a representative example in 

which residue LEU104 is monitored over the first 10 trajectory frames. In this hypothetical 

scenario, the residue is in contact with cholesterol in frames 3, 4, and 5, and again in frames 8 and 

9, resulting in two distinct contact events. 

Prior to the analysis of the first frame, the system is initialized in a state with no active contacts, 

and the frame-tracking dictionary is empty: 

res_contacts_dict[104] = [0] 

res_timeframe_dict[104] = [[]] 
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When frame 3 is processed, a new contact is detected, marking the beginning of the first 

interaction: 

res_contacts_dict[104]  = [1] 

res_timeframe_dict[104] = [[3]] 

Frames 4 and 5 correspond to the continuation of this contact. Since the residue remains in contact 

with cholesterol across consecutive frames, the contact counter is incremented for each frame (+2 

in total), while the frame dictionary retains the initial frame of the interaction: 

res_contacts_dict[104]  = [3] 

res_timeframe_dict[104] = [[3]] 

At frame 6, the residue is no longer in contact with cholesterol, whereas it was in contact in the 

previous frame. This condition signals the termination of the first contact event. At this point, a 

new counter initialized to zero is appended to the contacts dictionary in preparation for the next 

event, and the current frame index is stored as the ending boundary of the contact (defined as the 

first frame after the contact has ended). An empty entry is also added to the frame dictionary to 

accommodate future contacts: 

res_contacts_dict[104]  = [3, 0] 

res_timeframe_dict[104] = [[3, 6], []] 

The same procedure is applied to the second contact event. After processing frame 9, the 

dictionaries take the following form: 

res_contacts_dict[104] = [3, 2] 

res_timeframe_dict[104] = [[3, 6], [8]] 

Following frame 10, which marks the end of the second interaction, the final state of the 

dictionaries is: 

res_contacts_dict[104] = [3, 2, 0] 

res_timeframe_dict[104] = [[3, 6], [8, 10], []] 

The trailing zero values and empty elements are removed during a cleanup step. The script then 

writes the complete set of contact events for each residue to an output file, with each line 

containing a list of contact intervals and their corresponding durations. For residue 104 in this 

example, the output line would be: 
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104, LEU, ['[3,3,6]', '[2,8,10]'] 

where each entry encodes the contact duration (in frames), the first frame in contact, and the first 

frame after contact, respectively. 

Subsequent analysis is performed using the data stored in this output file. For each residue, the 

longest contact duration, expressed as the number of consecutive frames in contact with 

cholesterol, is identified and defined as the maximum occupancy time (tmax). Residues that never 

form direct contacts with cholesterol over the entire simulation are excluded from this analysis, 

as they are typically located in regions inaccessible to cholesterol and would otherwise bias the 

contact-time distribution. 

The final output is a comma-separated values (.csv) file reporting tmax for each residue, using the 

format: 

 

ResID, ResName, Longest contact (frames), Longest contact (ps), First frame in contact, First 

frame after contact 

 

For the example discussed above, the corresponding entry would be: 

104, LEU, 3, 60, 3, 6 

As shown in Figure 11A, the use of extended simulations combined with a 20 fs time step results 

in contact-time distributions that are strongly right-skewed. In these distributions, the majority of 

residues exhibit short-lived contacts, which predominantly arise from the intrinsic lateral 

diffusion of cholesterol molecules within the membrane and their transient interactions with the 

protein surface. In contrast, functionally relevant contact events are characterized by substantially 

longer lifetimes. These persistent interactions become increasingly apparent as the lower 

threshold applied to tmax is progressively raised, as illustrated in Figure 11B.  
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Figure 11. Distribution of the tmax values obtained in one of the replicas of one of the CB1 simulations (PDB id: 7FEE). 

(A) Full distribution and approximation. (B) Showcase of the same distribution after removing tmax values lower than 

1 nanosecond. As expected, most of the residues present a maximum occupancy time corresponding to random 

contacting events rather than meaningful interactions. This highlights the requirement of a method to distinguish these 

two types of events. While in some cases it becomes obvious that a contact is relevant (as in the two rightmost values, 

easily appreciated in the bottom distribution), the closer it gets to the left the less evident the relevant values become. 

 

Given the non-normal nature of the data distribution, we adopted the same statistical approach 

described by Ferraro and colleagues 51, in which the sorted data are divided into quartiles to 
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characterize the spread of the distribution. The interquartile range (IQR), defined as the difference 

between the third quartile (75th percentile) and the first quartile (25th percentile), encompasses 

the central 50% of the data and provides a robust, distribution-independent measure of variability. 

Values that lie substantially outside this range can therefore be reliably identified as statistical 

outliers. Therefore, following: 

T=1.5 × IQR+ 3rd quartile 

Where T is the established threshold, tmax values above it are considered a statistical outlier and 

consequently the corresponding residue labelled as relevant. 

In order to assess the effect of the simulation time on the residues detected as outliers, we studied 

their evolution by calculating the statistical outliers on different timestamps (1, 5, 10, 15, 20, 25 

and 30 microseconds) on the two replicas of our CB1 simulations. The results of this study are 

reported in Figure 12. From this test, it is clear that the most relevant and persistent contacts 

already appear around 10-15 µs. However, other contacts still considered as relevant appear in 

later stages of the simulation. Additionally, the starting configuration of the cholesterol 

distribution randomly created by the insane.py tool 57 appears to have an effect, making some 

contacts appear later in the second replica (e.g. residue 201 being labelled an outlier at 15 µs in 

the first replica and not appearing until 25 µs in the second). Consequently, considering the late-

appearing outliers and the potential effect of the starting configuration, which gets mitigated the 

longer the simulation goes on, we decided to not shorten the simulation time and keep the 

originally intended 30 µs per replica. 
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Figure 12. Evolution of detected outliers over time in both CB1 replicas. While a similar tendency is followed for both 

distributions, the timelines at which outliers appear do not exactly match, emphasizing the effect of the starting lipid 

distribution and the need of multiple replicas for better sampling. 

 

4.5. Density analysis 

The calculation of the cholesterol spatial density around the receptor constitutes a complementary 

approach to the protein–cholesterol contact analysis presented above. In keeping with our 

objective of minimizing the number of external tools required by the pipeline, we employed the 

spatial module from GROMACS, which is already used for the MD simulations. This tool 

requires a reference structure (the protein, in our case) and a target molecule for which the spatial 

density is computed (cholesterol). The output is a three-dimensional density map that represents 

the probability of finding cholesterol atoms in the vicinity of the receptor. When a trajectory is 

provided, the spatial tool uses the first frame to estimate the dimensions of the simulation box 

and subdivides this volume into a three-dimensional grid of voxels. Each voxel stores a numerical 

value corresponding to the average density, and can be considered the three-dimensional analogue 
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of a two-dimensional pixel. The trajectory is then processed frame by frame to determine how 

frequently cholesterol atoms occupy each voxel, with regions of higher occupancy yielding higher 

density values.  

During repeated executions of the protocol, we observed that this analysis step occasionally failed 

due to memory allocation errors. These failures were traced to situations in which the spatial tool 

attempted to write density values to voxels that had not been allocated in memory. As noted 

above, the voxel grid is defined based solely on the dimensions of the simulation box in the first 

trajectory frame. In some cases, subsequent frames contain atoms that move beyond or too close 

to the boundaries of this predefined grid, resulting in an insufficient number of allocated voxels. 

Under these conditions, the program attempts to access memory locations outside the allocated 

array, leading to runtime errors. Although the spatial tool provides a small default safety margin 

by allocating 16 additional voxels in each spatial dimension, this proved to be insufficient for our 

simulations. Incremental increases of this margin had no observable effect on the occurrence of 

memory errors. Increasing the allocation to 300 extra voxels per dimension resolved the issue in 

the majority of cases; however, sporadic failures still occurred. Only when the margin was 

increased to 400 extra voxels in each direction were all memory-related errors consistently 

eliminated across all simulations. Allocating additional voxels directly translates into increased 

memory consumption, and therefore higher values must be chosen judiciously, taking into 

account the computational resources available on the target system. Each voxel stores a floating-

point value corresponding to the local density. In the most common scenario, where GROMACS 

is compiled in single precision, these values are represented as 32-bit floating-point numbers, 

corresponding to 4 bytes per voxel. Consequently, allocating an additional 400 voxels in each 

spatial dimension results in an increase of approximately: 

Extra memory=4 bytes×4003 voxels=256,000,000 bytes≈244 MB 

This memory overhead is modest and well within the capabilities of systems already suitable for 

running MD simulations. Even in the case of a double-precision GROMACS build, where each 

voxel occupies 8 bytes (64-bit floating-point representation), the additional memory requirement 

would be approximately 488 MB. Such memory usage remains manageable on most modern 

computing systems, particularly when the analysis is executed on a machine dedicated to this task. 

The next challenge arose from the nature of the output generated by the spatial analysis. This step 

produces a Gaussian cube file, which encodes a three-dimensional grid of voxel positions together 

with their associated density values. To enable the automated identification of meaningful 

cholesterol density regions, it was necessary to determine which voxels exhibited the highest 

density values and to relate these regions to specific residues in the reference protein. 
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A straightforward strategy would be to compute distances between voxels with high cholesterol 

probability and residues identified as outliers in the contact analysis. However, volumetric data 

cannot be directly used for distance-based calculations, as voxels do not represent physical entities 

in Cartesian space and lack intrinsic properties such as mass or radius, unlike atoms. To overcome 

this limitation, we converted selected regions of the volumetric density map into physical 

representations that coexist with the molecular system and allow for distance measurements. 

To this end, we developed a custom script to parse the Gaussian cube file and convert voxel 

centers into pseudo-atoms (dummy particles). The cube file stores voxel coordinates as a nested 

array of Cartesian positions, with the Z dimension varying fastest, followed by Y and then X. By 

correctly traversing this data structure, a pseudo-atom could be placed at the geometric center of 

each voxel, thereby providing a physical proxy for that region of space. During initial tests, 

however, the resulting particle-based density maps appeared distorted, exhibiting an artificial 

stretching along one spatial dimension. This discrepancy was traced to the units used in the 

Gaussian cube format: as reported by Bourke, when voxel values are positive, spatial dimensions 

are expressed in Bohr rather than in ångströms 94. This was the case for our data, and therefore 

both voxel positions and dimensions were converted using the appropriate factor (1 Bohr = 

0.529177249 Å) to accurately reproduce the original density map geometry. Although it was 

technically feasible to convert the entire density map into pseudo-atoms, doing so would not serve 

the purpose of identifying the most relevant cholesterol density regions, as such an approach 

would obscure any meaningful signal with diffuse background noise. Consequently, a filtering 

strategy was applied during traversal of the cube file to retain only the most significant voxels for 

conversion. Because cholesterol density distributions are strongly right-skewed and dominated 

by low-probability values arising from transient diffusive events, the use of an absolute density 

cutoff was found to be unsuitable and highly system-dependent. Instead, a percentile-based 

criterion was adopted to ensure robustness and scalability across different systems and simulation 

conditions. Specifically, only the voxels corresponding to the top 0.01% of density values were 

retained. This threshold isolates the extreme tail of the density distribution and effectively selects 

regions whose occupancy is orders of magnitude higher than the background density expected 

from diffusion alone. In practice, this choice consistently preserved well-defined, spatially 

localized density maxima corresponding to stable cholesterol interaction sites, while excluding 

diffuse low-density regions that do not convey meaningful spatial information. The selected 

voxels were subsequently converted into pseudo-atoms and written to a coordinate file in XYZ 

format, enabling downstream distance-based analyses with the protein residues. 
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4.6. Establishing a pocket-based baseline for cholesterol binding at the 

protein–membrane interface of class A GPCRs 

 

To establish a pocket-based baseline, we considered an initial subset of 30 simulated systems. 

Across these systems, 97 cholesterol molecules were co-crystallized. For each cholesterol 

molecule, we defined a reference “ideal pocket” as the set of residues in the corresponding crystal 

structure containing at least one non-hydrogen atom within 5 Å of the cholesterol molecule. It is 

important to note that this definition is intentionally permissive, as it considers spatial proximity 

only and does not require the presence of a well-defined surface concavity. This distinction is 

critical, since cholesterol frequently associates with relatively flat protein surfaces through 

transient or collisional interactions, which do not necessarily correspond to classical pocket-like 

binding sites. 

Conceptually, this highlights two complementary but non-equivalent strategies for identifying 

cholesterol-interacting regions. A hot-spot–based approach identifies regions of the protein 

surface that repeatedly engage cholesterol, manifested as outliers and persistent density in 

molecular dynamics simulations, without any explicit assessment of pocket geometry or 

druggability. In contrast, a pocket-based strategy explicitly focuses on detecting geometric 

cavities on the protein surface. In this work, NanoShaper 66 was used for this purpose, although 

the overall approach is agnostic to the specific pocket-detection algorithm employed. This 

strategy yields a set of bona fide pockets but does not, by itself, indicate whether these cavities 

are relevant for cholesterol binding. Importantly, if cholesterol binds to a flat surface region, no 

corresponding pocket will be detected, and such an interaction cannot be recovered within a 

pocket-based framework. Consequently, when establishing a baseline using crystallographic 

cholesterol positions, the objective is not to assess NanoShaper’s ability to reproduce all 

cholesterol contacts, but rather to estimate how many co-crystallized cholesterol molecules 

occupy genuine surface cavities. When cholesterol binds within a concavity, NanoShaper is 

expected to detect the corresponding pocket, which, if relevant, should be enriched among the 

top-ranked sites identified by our scoring scheme. While the possibility that a true pocket is 

missed by the detection algorithm cannot be entirely excluded, such cases are expected to be rare 

and to have a negligible impact on the present analysis. 

Leveraging the flexibility of NanoShaper parameterization, we performed preliminary tests to 

optimize pocket detection for cholesterol, whose binding sites are often extended and relatively 

shallow. A probe radius of 1.4 Å for the small probe and 6 Å for the large probe provided the 

most suitable parameter combination and was therefore selected, while all other parameters were 
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kept at their default values. Using these settings, NanoShaper was applied to all structures in the 

benchmark, yielding a total of 940 detected pockets. Summary statistics are reported in Table 8. 

 

Table 8. NanoShaper detected pockets. 

Total nº of pockets  940  

Mean N. of pockets per system  31.33  

Standard deviation  4.47  

Max N. of pockets in a system  40  

Min N. of pockets in a system  15  

Range  25  

Median  32  

Mode   29, 32, 34  

 

Additionally, we computed the volumes of the detected pockets and associated statistical 

parameters to assess the variability in pocket size across the dataset. These results are summarized 

in Table 9. In some cases, we observed pockets with extremely large volumes, typically 

corresponding to internal cavities within the helical bundle or to solvent-exposed clefts in contact 

with the extracellular or intracellular domains of the receptors. Since this study is focused on 

interaction at the protein-membrane interface, these pockets should not be particularly relevant 

for our analysis. Notably, in certain instances, individual pockets extended across nearly the entire 

transmembrane region, following the surface contours of multiple transmembrane helices. 

Table 9. Volume análisis of NanoShaper detected pockets. 

Pocket Volume   (Å
3
)  

Mean   236.10   

Median  87.62  

Mode  25.25  

Standard Deviation  396.00  
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Variance  156819.71  

Range  3569.75  

 

By comparing NS-detected pockets with crystallographic cholesterol coordinates, we identified 

74 predicted pockets that overlapped with ideal cholesterol-binding sites. An overlap was defined 

as the presence of at least 50% of residues in common between a predicted pocket and a reference 

site. In some instances, multiple cholesterol molecules in the crystal structure were in close 

proximity, leading to the alignment of their ideal binding sites with the same NS-detected pocket; 

we refer to these as shared pockets. In contrast, unique pockets are defined as those associated 

with a single cholesterol molecule. Overall, we identified 58 unique pockets and 16 shared ones. 

As summarized in Table 10, this analysis indicates that a substantial fraction of co-crystallized 

cholesterol molecules occupies well-defined surface cavities.  

Table 10. Cholesterol ideal pockets and NanoShaper performance on the benchmark. 

id Receptor 
Cholesterol 

Molecules 

Ideal 

pockets (5Å 

cut-off) 

NS Pockets 
Overlapping 

Pockets 

7E2Y  Serotonin 1A  4  4  31  2  

7E32  Serotonin 1D  1  1  31  1  

7WC4  Serotonin 2A  3  3  28  1  

6DRZ  Serotonin 2B  1  1  28  1  

8DPF  Serotonin 2C  1  1  27  1  

8CU7  Adenosine 2AR  3  3  29  1  

8DU3  Adenosine 2AR  3  3  24  1  

8HDP  Adenosine 2BR  4  4  34  0  

8HDO  Adenosine 2BR  7  7  35  3  

7BU6  β₁AR  1  1  15  0  



 63 

6PS4  β₂AR  1  1  30  1  

7FEE  CB₁R  2  2  29  1  

6PT0  CB₂R  4  4  37  1  

7VL8  CCR1  1  1  33  1  

7VLA  CCR1  1  1  40  1  

7X2C  Dopamine D1R  1  1  24  1  

7JVQ  Dopamine D1R  5  5  33  0  

7WQ3  Galanin 1R  5  5  35  2  

7WQ4  Galanin 2R  2  2  32  1  

7W2Z  Ghrelin R  2  2  30  2  

7F9Y  Ghrelin R  2  2  36  1  

7VGY  Melatonin 1AR  1  1  36  1  

7VGZ  Melatonin 1AR  1  1  32  1  

6PT2  Opioid-δ R  1  1  29  0  

6B73  Opioid-κ R  1  1  32  0  

8EF6  Opioid-μ R  5  5  32  4  

7YAE  Somatostatin 2R  2  2  34  1  

7Y27  Somatostatin 2R  1  1  34  1  

7XW6  Thyrotropin R  14  13  34  3  

7XW5  Thyrotropin R  17  16  29  8  

 

In the 11 structures containing a single cholesterol molecule, a corresponding pocket was 

identified in all cases. Among the 15 structures containing multiple bound cholesterol molecules, 
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overlapping pockets were detected for several, but not all, cholesterol positions. In a number of 

instances, no pocket was identified because cholesterol was bound to an essentially flat protein 

surface. While such regions may still represent genuine interaction hot spots, the absence of a 

geometrically defined cavity precludes their detection within a pocket-based framework. 

Notably, in four structures no overlapping pocket was identified for any of the bound cholesterol 

molecules, underscoring that cholesterol binding at the protein–membrane interface frequently 

occurs on flat or shallow surfaces rather than within classical pockets. 

 

4.7. Performance of the MD simulations 

The core of the present method consists of coarse-grained molecular dynamics (CG-MD) 

simulations, which represent the most computationally demanding component of the protocol. 

Although the workflow is largely automated and requires minimal user intervention, it assumes 

access to appropriate hardware resources and a properly configured software environment. From 

its inception, the protocol was designed to exploit state-of-the-art computational tools, including 

MD acceleration through graphics processing units (GPUs). 

We extensively tested our CG-MD simulations using recent versions of GROMACS (v2021–

v2025), which support GPU acceleration for NVIDIA™ graphics cards via CUDA, a parallel 

computing platform 95. We therefore recommend the use of GPU-enabled architectures, which 

are now commonly available in both consumer-grade workstations and high-performance 

computing (HPC) environments. 

Despite the availability of suitable hardware, certain features of the simulated systems can limit 

achievable performance. In particular, the Martini 3 topology for cholesterol employs virtual sites 

- massless interaction particles introduced to accurately represent the sterol ring and maintain the 

correct molecular geometry 44,72 .While most force calculations can be efficiently offloaded to the 

GPU, the presence of virtual sites prevents the offloading of the integration of positions and 

velocities (the “update” step) to the GPU, as this operation is not currently supported. 

Consequently, this step must be executed on the central processing unit (CPU), making overall 

simulation performance sensitive to CPU–GPU communication efficiency and, by extension, to 

the underlying hardware architecture. 

As a result, the CPU resources allocated to the simulation - particularly the number of cores used 

- have a substantial impact on performance. We therefore recommend that, prior to running the 

full protocol, users characterize the performance of their computing environment by 

benchmarking CG-MD simulations with varying numbers of CPU cores using a representative 
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system. An example of such a benchmark performed on one of our local workstations is shown 

in Figure 13. As illustrated, performance generally improves with increasing core count up to a 

system-dependent optimum, beyond which additional cores provide diminishing returns. 

Identifying this “sweet spot” allows users to select the number of CPU cores that yields optimal 

performance for production MD runs. 

 

Figure 13. Benchmark performance in local workstation equipped with an RTX 3080 NVIDIATM GPU with a 24 cores 

CPU. This benchmark was obtained through a short 500 ps run using the restrained NPT step from the equilibration 

protocol. 

 

To further maximize simulation throughput and facilitate the application of the protocol to dozens 

of protein–membrane systems, we implemented parallel execution using the NVIDIA™ Multi-

Process Service (MPS), an alternative CUDA execution mode that enables controlled sharing of 

GPU resources among multiple processes 96. When independent MD simulations are launched 

concurrently without such coordination, each process competes for GPU resources, often 

resulting in substantial performance degradation due to frequent context switching and inefficient 

resource allocation. MPS mitigates this issue by enabling a more orderly and efficient distribution 

of GPU resources across concurrent tasks. Nevertheless, the limitations discussed above 

regarding CPU–GPU communication remain applicable. In particular, the presence of virtual sites 

requires frequent synchronization between CPU and GPU, and assigning multiple CPU cores to 

each simulation increases the communication overhead, thereby reducing overall efficiency. 

Following extensive benchmarking across multiple configurations, we found that the most 
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efficient parallel execution strategy consisted of running each simulation using a single CPU core 

with MPS enabled. 

Table 11 summarizes the most relevant benchmark results obtained on one of our local 

workstations. As a baseline, we first measured the performance of a single simulation using the 

workstation’s optimal configuration of 20 CPU cores. We then performed 24 parallel simulations, 

each assigned a single CPU core, and computed the aggregated throughput as the total number of 

nanoseconds simulated per day across all runs. Although the wall-clock time required for each 

individual simulation increased under this parallel setup, the combined throughput was 

substantially higher than that of the single-run baseline. To confirm that allocating additional 

cores per simulation was detrimental, we repeated the benchmark using two CPU cores per 

simulation, which resulted in an almost twofold reduction in total throughput. We further tested 

different numbers of concurrent simulations, up to the 30 runs reported in Table 11, and observed 

that, provided each simulation was restricted to a single CPU core, per-run performance remained 

largely unaffected. This indicates that, as long as sufficient CPU cores and GPU memory are 

available, additional parallel simulations can be launched without compromising overall 

efficiency. 

Table 11.  MPS performance benchmark using several test scenarios in a local workstation equipped with an RTX 

5080 NVIDIATM GPU and a 120 cores CPU. 

Nº parallel runs Nº cores Wall t (s) Total ns/day 

1 20 10 948,45 

24 1 38 6.398,79 

24 2 70 3.590,37 

30 1 42 7.512,91 

 

Nevertheless, when running multiple parallel runs, one must account for the size of the data 

produced. For the sake of consistency, easy back-track in case of unexpected behaviour, and good 

access to all the data produced, we decided to keep intermediate trajectories and other useful files 

in the final output of the protocol. Considering a default run of two 30 µs replicas, the amount of 

data produced can add up to 790 GB of disk memory. From that, around 780 GB belong to the 

two MD trajectories plus their respective iterations of trjconv to obtain the density map, each 

accounting for around 130 GB. The remainder of the size is occupied by the volumetric density 

maps of each replica generated by the spatial tool (around 3 GB each) and the rest of the 

structures, topologies, intermediate and output files. For easier visualization, Table 12 
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summarizes the heaviest, most disk-consuming files for one default run of the protocol. As already 

mentioned in previous sections of this text, we systematically retained every intermediate file 

produced for debugging and development purposes. However, future releases will include the 

option of automatically delete them. 

Table 12. Heavy data produced by a single, default run of the protocol and its approximate size in disk per replica 

(column 2) and per run (column 3). The expected size of the directory produced by these types of runs is 

approximately 786 GB. 

File Disk usage (GB) Total disk usage (2 replicas) 

MD trajectory 130 260 

MD trajectory centered + PBC conditions 130 260 

MD trajectory no translation + no rotation 130 260 

Gaussian cube 3 6 

 

 

4.8. Introduction of ligands in the protocol 

As discussed in previous chapters of this manuscript, our protocol was designed to identify 

specifically cholesterol hot spots around membrane proteins. However, and as we presented in 

Chapter 3, with the appropriate adjustments its use can be extended to other small molecules, such 

as allosteric ligands that bind in the protein-membrane interface. 

When the Martini 3 topology for a ligand is already described and available the process is 

straightforward and requires minor coding knowledge. The available Python package ships with 

the topology for Martini 3 cholesterol and will automatically use it. Consequently, the use of 

cholesterol and its Martini name “CHOL” is hard-coded all along the protocol functions. By 

identifying all these mentions with those of the desired ligand and providing valid file paths to 

the topology files, the protocol will promptly process the system correctly. 

An important caveat to this workflow is the use of insane.py to build the system 57. While the 

recent versions come with cholesterol as one of the available membrane components, ligands are 

not considered by default. An additional entry with instructions for how to properly place the 

ligand to start as part of the membrane are necessary. This would most likely require significant 

knowledge of the topology of the ligand, its beads and bonds and several rounds of trial and error 

to achieve an appropriate starting positioning of the beads. 
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However, the use of ligands with non-available topologies would require to undergo the full 

process of parametrization on top of the steps mentioned above. 

Parametrization is a complex and usually long process deeply discussed in the tutorials section 

Martini CG website. However, and for the sake of completeness, we provide a summary in the 

following lines. There are currently three main approaches when it comes to parametrizing a small 

molecule, we describe them here from less to most automatic. 

The classic method involves a fully manual approach, where the user defines every aspect of the 

final CG model, including the spatial mapping scheme, the bead type choosing or bonded 

parameters. Atomistic simulations of the ligand are used to generate a reference distribution of 

bonds, angles and dihedrals, which are fitted to represent the same behaviour in the CG model. 

This is the most thorough and accurate method, which ensures the most consistency with the 

atomistic model. However, it is also computationally demanding and requires significant 

knowledge and expertise. 

The semi-automatic method uses the computational tool Fast_Forward 97 to guess the best 

parameters for a given CG topology from a starting input topology and a mapped atomistic 

trajectory. While this method still requires atomistic simulations from which to extract data, it can 

save a substantial amount of time and still allows for a high degree of control in the parameters, 

as the user is still responsible for defining the mapping scheme and bead types. 

The third and most automated approach is the use of Bartender, a computational tool aimed to 

streamline the process by obtaining the bonded parameters from quantum mechanical data (no 

atomistic MD simulations required) 98. The user is still in charge of mapping and bead choosing, 

but this method offers less margin for fine-tuning, given the automatic nature of extracting the 

bonded parameters and the removal of the user manual iterations. 
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Chapter 5. Cholesterol Interaction Landscape 

and Allosteric Pocket Discovery in Class A 

GPCRs 

 

5.1. Introduction 

 

CHAMP, discussed in detail in the previous chapter, proved to be a reliable method to detect 

relevant cholesterol-contacting protein regions at the protein-membrane interface. As 

demonstrated in the previous examples using the Cannabinoid receptor 1 (CB1) and the serotonin 

transporter, some of the areas detected correspond to previously characterized cholesterol binding 

sites, while others remain currently unreported and present opportunities to find novel 

interactions. 

In previous chapters of the thesis, we already discussed how, in GPCRs, consensus motifs and 

other sequence-based patterns fail to provide a reliable method to predict cholesterol binding 18. 

Furthermore, as illustrated in Figure 14, inspection of available crystal structures shows that 

cholesterol frequently occupies multiple adjacent positions. While some structures capture 

cholesterol in bona fide binding sites, others were obtained from membranes with high cholesterol 

content, under which conditions excess cholesterol molecules partition into the protein’s 

hydrophobic surface and stack against one another through largely transient and collisional 

contacts. Therefore, cholesterol molecules appear clustered in the vicinity of the protein, 

obscuring the distinction between specific, functionally relevant interactions and fortuitous 

associations, even when high-resolution structural data are available. 
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Figure 14. Spatial distribution of co-crystallized cholesterol molecules (orange, surface representation) across a 

representative benchmark of 30 GPCR crystal structures (grey, cartoon representation). Panels show (A) top, (B) front, 

and (C) back views. For clarity, only one of the aligned receptor structures is displayed. 

 

5.2. Systematic application of CHAMP on a representative benchmark 

of class A GPCR structures 

 

With this challenge in mind, we addressed the problem by assembling a representative benchmark 

of available structures, which was then used to systematically apply the protocol we developed. 

As discussed in the Introduction, comparative analyses across receptors can provide critical 

insights into the mechanisms of allosteric binding and the resulting protein behaviour. Given that 

GPCRs - and in particular the class A subfamily - constitute one of the largest and most 

pharmacologically relevant protein families, and that cholesterol is among the most prevalent 

membrane components interacting with these receptors, we therefore designed our benchmark to 

focus on this system 99,100. 

At the time the dataset was assembled, 570 class A GPCR structures were publicly available, of 

which 134 contained at least one co-crystallized cholesterol molecule. Given that the objective of 

this study is a comparative analysis, we restricted selection to receptor subfamilies represented 

by at least two structures, or alternatively by multiple structures from closely related subtypes 

(e.g., two or more CB1 structures, or a combination of CB1 and CB2). The final benchmark 

comprises 56 structures, whose relevant properties are summarized in Table 13. 
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Table 13. Representative benchmark of class A GPCR structures used in this study. Structures were selected based on 

the following criteria: (i) classification as class A GPCRs, (ii) presence of one or more co-crystallized cholesterol 

molecules, and (iii) availability of multiple structures representing the same receptor or of closely related subtype. 

Receptor Method PDB Resolution State Ligand Reference PDB Date 

5HT1A 

Cryo-

EM 7E2Y 3 Active Agonist 10.1038/S41586-021-03376-8 4/14/2021 

5HT1D 

Cryo-

EM 7E32 2.9 Active Agonist 10.1038/S41586-021-03376-8 4/21/2021 

5HT2A X-ray 7WC4 3.2 Inactive Agonist 10.1126/SCIENCE.ABL8615 1/26/2022 

5HT2B X-ray 6DRZ 3.1 Intermediate Antagonist 10.1038/s41594-018-0116-7 8/29/2018 

5HT2C 

Cryo-

EM 8DPF 2.8 Active Agonist 10.1016/J.CELREP.2022.111211 8/24/2022 

5HT4R 

Cryo-

EM 7XT8 3.1 Active Agonist 10.1016/J.MOLCEL.2022.05.031 7/27/2022 

5HT7R 

Cryo-

EM 7XTC 3.2 Active Agonist 10.1016/J.MOLCEL.2022.05.031 7/27/2022 

AA2AR X-ray 8CU7 2.1 Inactive Antagonist 10.1021/acs.jmedchem.2c00462 8/31/2022 

AA2AR X-ray 8DU3 2.5 Inactive Antagonist 10.1016/j.ejmech.2022.114620 8/10/2022 

AA2BR 

Cryo-

EM 8HDO 2.9 Active Agonist 10.1038/S41421-022-00503-1 1/18/2023 

AA2BR 

Cryo-

EM 8HDP 3.2 Active Agonist 10.1038/S41421-022-00503-1 1/18/2023 

ACKR3 

Cryo-

EM 7SK3 3.8 Active Agonist 10.1126/SCIADV.ABN8063 7/27/2022 

ACKR3 

Cryo-

EM 7SK8 3.3 Active 

Agonist 

Agonist 

(partial) 10.1126/SCIADV.ABN8063 7/27/2022 

ADRB1 X-ray 7BU6 2.7 Active Agonist 10.1038/S41422-020-00424-2 12/2/2020 

ADRB1 X-ray 7BVQ 2.5 Inactive 

Inverse 

agonist 10.1038/S41422-020-00424-2 12/2/2020 
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ADRB2 X-ray 5JQH 3.2 Inactive 

Inverse 

agonist 10.1038/NATURE18636 7/13/2016 

ADRB2 X-ray 6PS4 2.6 Inactive Antagonist 10.1107/S2052252519013137 11/13/2019 

BKRB2 

Cryo-

EM 7F6H 2.9 Active Agonist 10.1038/S41467-022-28399-1 1/5/2022 

BKRB2 

Cryo-

EM 7F6I 2.8 Active Agonist 10.1038/S41467-022-28399-1 1/5/2022 

CCR1 

Cryo-

EM 7VL8 2.9 Active 

Apo (no 

ligand) 10.1038/S41589-021-00918-Z 3/23/2022 

CCR1 

Cryo-

EM 7VLA 2.7 Active Agonist 10.1038/S41589-021-00918-Z 3/23/2022 

CNR1 X-ray 5XR8 3 Active Agonist 10.1038/NATURE23272 7/12/2017 

CNR1 X-ray 7FEE 2.7 Inactive 

Agonist 

PAM 10.1038/S41589-022-01038-Y 6/15/2022 

CNR1 X-ray 7V3Z 3.3 Active Agonist 10.1021/JACS.1C06847 11/24/2021 

CNR2 

Cryo-

EM 6PT0 3.2 Active Agonist 10.1016/J.CELL.2020.01.007 2/12/2020 

CX3C1 

Cryo-

EM 7XBW 2.8 Active 

Apo (no 

ligand) 10.1126/SCIADV.ABN8048 7/13/2022 

CX3C1 

Cryo-

EM 7XBX 3.4 Active Agonist - 7/13/2022 

DRD1 

Cryo-

EM 7CKZ 3.1 Active 

Agonist 

PAM 10.1016/J.CELL.2021.01.028 3/3/2021 

DRD1 

Cryo-

EM 7CKW 3,2 Active Agonist 10.1016/J.CELL.2021.01.028 3/3/2021 

DRD1 

Cryo-

EM 7JVQ 3 Active Agonist 10.1016/J.CELL.2021.01.027 2/24/2021 

DRD1 

Cryo-

EM 7X2C 3.2 Active Agonist 10.1038/S41467-022-30929-W 6/29/2022 
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FPR1 

Cryo-

EM 7EUO 2.9 Active Agonist 10.1038/S41467-022-32822-Y 5/25/2022 

FPR2 X-ray 6LW5 2.8 Active Agonist 10.1038/S41467-020-15009-1 3/25/2020 

GALR1 

Cryo-

EM 7WQ3 2.7 Active Agonist 10.1038/S41467-022-29072-3 4/20/2022 

GALR2 

Cryo-

EM 7WQ4 2.6 Active Agonist 10.1038/S41467-022-29072-3 4/20/2022 

GHSR 

Cryo-

EM 7F9Y 2.9 Active Agonist 10.1038/S41467-021-25364-2 8/18/2021 

GHSR 

Cryo-

EM 7W2Z 2.8 Active Agonist 10.1038/S41467-022-27975-9 1/19/2022 

GPBAR 

Cryo-

EM 7CFM 3 Active Agonist 10.1038/S41586-020-2569-1 9/9/2020 

GPBAR 

Cryo-

EM 7CFN 3 Active 

Agonist 

PAM 10.1038/S41586-020-2569-1 9/9/2020 

GPR35 

Cryo-

EM 8H8J 3.2 Active Agonist 10.1038/S41421-022-00499-8 2/8/2023 

GPR88 

Cryo-

EM 7EJX 2.4 Active 

Allosteric 

ligand 10.1038/S41467-022-30081-5 13/4/2022 

MRGX2 

Cryo-

EM 7VV4 3 Active Agonist 10.1038/S41586-021-04077-Y 12/1/2021 

MRGX2 

Cryo-

EM 7VV5 2.8 Active Agonist 10.1038/S41586-021-04077-Y 12/1/2021 

MTR1A 

Cryo-

EM 7VGY 3.1 Active Agonist 10.1038/S41467-022-28111-3 3/2/2022 

MTR1A 

Cryo-

EM 7VGZ 3.3 Active Agonist 10.1038/S41467-022-28111-3 3/2/2022 

OPRD X-ray 6PT2 2.8 Active Agonist 10.1126/SCIADV.AAX9115 12/11/2019 

OPRK X-ray 6B73 3.1 Active Agonist 10.1016/J.CELL.2017.12.011 1/17/2018 

OPRK X-ray 6VI4 3.3 Inactive Antagonist 10.1038/S41467-020-14889-7 3/18/2020 
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OPRM 

Cryo-

EM 8EF5 3.3 Active Agonist 10.1016/J.CELL.2022.09.041 11/9/2022 

OPRM 

Cryo-

EM 8EF6 3.2 Active Agonist 10.1016/J.CELL.2022.09.041 11/9/2022 

P2RY1 X-ray 4XNV 2.2 Active NAM 10.1038/NATURE14287 4/1/2015 

P2Y12 X-ray 4PXZ 2.5 Active Agonist 10.1038/NATURE13288 4/30/2014 

SSR2 

Cryo-

EM 7Y27 3.5 Active Agonist 10.1038/S41589-022-01130-3 10/19/2022 

SSR2 

Cryo-

EM 7YAE 3.4 Active Agonist 10.1038/S41467-023-36673-Z 4/19/2023 

TSHR 

Cryo-

EM 7XW5 3 Active Agonist 10.1038/S41586-022-05173-3 8/24/2022 

TSHR 

Cryo-

EM 7XW6 2.8 Active Agonist 10.1038/S41586-022-05173-3 8/17/2022 

 

The selected structures were manually pre-processed as explained in the previous chapter, by 

making sure they presented the correct orientation, removing all non-receptor residues and adding 

any missing atoms. To enable meaningful comparisons across class A GPCRs, residues were 

mapped onto the Ballesteros–Weinstein numbering scheme using GPCRdb annotations 80,101. This 

standardized residue framework provides a common reference system across structurally and 

sequence-diverse receptors, allowing cholesterol interactions to be analysed and compared at 

equivalent topological positions throughout the family 65,101. All simulations were performed 

using the default protocol settings, consisting of two independent 30 μs molecular dynamics 

replicas per system in a POPC:cholesterol (75:25) membrane. Following analysis and data 

merging, the pipeline generates a PDB file containing residues identified as outliers, along with 

their associated density, using a 5 Å cutoff to assign density points to residues. These files define 

the cholesterol interaction hot spots and were used for the initial comparison. Hot spot files from 

the 56 simulations were mapped onto GPCRdb-annotated structures, with residue annotations 

encoded in the temperature-factor field. Using the GPCRdb generic numbering, we then 

quantified the frequency of each residue across all runs to identify receptor regions with a higher 

propensity for cholesterol binding. The results of this analysis are reported in Table 14.  
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Table 14. Residues most frequently identified as relevant for cholesterol binding across 56 protocol runs. Only 

residues observed in 20 or more runs are reported. 

Residue Nº occurrences 

4.50 54 

2.52 50 

3.34 45 

4.54 36 

3.41 33 

3.31 32 

5.46 32 

2.48 31 

4.52 30 

2.55 29 

1.45 25 

4.45 23 

7.43 22 

5.49 21 

7.51 20 

 

These findings are visualized in Figure 15 by mapping residue frequencies onto the β₂-adrenergic 

receptor structure (PDB ID: 2RH1 102), which is commonly used as a canonical class A GPCR 

reference. Residue frequencies were encoded in the occupancy field and color-coded according 

to four occurrence intervals (1–10, 11–20, 21–30, and ≥30 systems). This representation reveals 

two dominant regions of frequent cholesterol binding (Figure 15A and Figure 15B), located at 
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the TM2–TM3–TM4 and TM3–TM4–TM5 interfaces, respectively. Both regions coincide with 

cholesterol-binding sites previously reported in the literature and spatially align with cholesterol 

molecules resolved in the CB1 receptor crystal structure (PDB ID: 7FEE 53). Two additional 

regions of frequent cholesterol binding are detected with lower prevalence, with their most 

frequently identified residues occurring in 11–30 of the 56 systems analysed. These regions, 

located at the TM5–TM6 and TM1–TM7 interfaces (Figure 15C, left and right panels, 

respectively), are nevertheless consistent with reported cholesterol-binding sites. Indeed, multiple 

published GPCR structures show cholesterol molecules bound at these locations, including 

examples represented in the present dataset (e.g., PDB IDs: 7E2Y and 6PT0)103–105. 
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Figure 15. Mapping of cholesterol interaction hot spots across class A GPCRs. Residue frequencies derived from 56 
simulations are projected onto the β2-adrenergic receptor structure (PDB ID: 2RH1). Residues are coloured by 
absolute occurrence (1–10, white; 11–20, yellow; 21–30, orange; ≥30, red), while residues never detected are shown 
in grey. Residues with ≥21 occurrences are labelled. Four recurrent hot spot regions emerge from this mapping: two 
dominant interfaces formed by TM2–TM3–TM4 (A) and TM3–TM4–TM5 (B), and two less frequent but consistent sites 
at the TM5–TM6 and TM1–TM7 interfaces (C, left and right, respectively).  
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Beyond their correspondence with previously reported cholesterol-binding sites, the spatial 

distribution of these frequently identified positions also raises the question of how lipid 

interactions at these locations may relate to conserved features of GPCR structure and activation. 

The identified frequent cholesterol-binding residues cluster on membrane-facing surfaces of 

TM2/3/4 and TM5/7, delineating regions that are structurally connected to conserved elements of 

the class A GPCR activation machinery. Positions on TM2 (2.48, 2.52, 2.55), together with those 

on TM4 (4.45, 4.50, 4.52, 4.54), define a membrane-exposed TM2/TM4 flank (coloured in red in 

Figure 16) adjacent to Asp2.50, a highly conserved residue that coordinates a sodium ion and an 

associated water network known to stabilize inactive receptor conformations. Perturbations in this 

region have been shown to influence the energetic balance between inactive and active states by 

modulating helix packing around the sodium-binding site. Notably, Trp4.50, observed in 54 of 

the 56 systems and representing the most conserved residue within transmembrane helix 4, has 

previously been implicated in cholesterol binding 53,102,106, consistent with a conserved role in 

mediating lipid–protein interactions at the membrane interface. Frequent positions on TM3 (3.31, 

3.34, 3.41, coloured in cyan in  Figure 16) map to a structurally conserved region of the helix 

that links membrane-facing surfaces to the intracellular portion of TM3, which contains the DRY 

motif (3.49–3.51), a central determinant of G-protein coupling and receptor activation. Although 

the discussed positions themselves are distal from the DRY motif, their location along the same 

helix suggests a potential sensitivity of this transmission pathway to lipid-induced changes in 

helix orientation or packing, consistent with a role for TM3 as a conduit for long-range 

conformational coupling. Finally, positions identified at the TM5/TM7 interface (5.46, 5.49, 7.43, 

7.51, coloured in yellow in  Figure 16) delineate a membrane-accessible corridor adjacent to 

conserved activation motifs on these helices. TM5 harbours Pro5.50, a key component of the PIF 

motif that contributes to the outward movement of TM6 during activation, while TM7 contains 

the NPxxY motif (7.49–7.53), which undergoes a characteristic rearrangement associated with 

formation of the intracellular signalling cavity. Although the identified residues do not directly 

overlap these motifs, their proximity and helix-facing orientation suggest that lipid interactions 

in this region could indirectly influence the relative packing of TM5 and TM7 and thereby 

modulate the conformational transitions associated with activation. Collectively, the distribution 

of frequent cholesterol-binding positions delineates a set of membrane-accessible regions that are 

geometrically and mechanically positioned to influence receptor conformational equilibria 

through indirect coupling to conserved activation elements. 
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Figure 16. Snake plot of the CB1 receptor. The coloured residues match with the TM2/4 interface (red), the TM3 helix 
containing the DRY motif (cyan) and the TM5/7 interface (yellow). 

 
While these results provide a robust overview of cholesterol interaction patterns across GPCRs, 

they are derived from contact and density analyses of molecular dynamics trajectories. As such, 

they identify regions that frequently engage cholesterol over extended periods of time, but they 

do not, by themselves, establish whether these regions form well-defined binding pockets. From 

a drug-discovery perspective, this distinction is critical. Hot spots located on largely flat or 

solvent-exposed surfaces, where cholesterol binds transiently or due to collisional effects, are 

unlikely to be actionable. Instead, relevance lies in identifying sites where cholesterol occupies a 

structured cavity that can stably accommodate a ligand, consistent with a classical pocket-based 

binding mode. Numerous computational methods are available for binding-pocket prediction, 

relying on distinct underlying principles. Geometry-based approaches identify cavities from the 

three-dimensional shape of the protein surface (e.g., Fpocket, CASTp) 107,108, whereas energy- or 

probe-based methods detect regions with favourable interaction potentials (e.g., SiteMap, 

FTMap)109110. More recently, machine-learning approaches have also been introduced (e.g., 

DeepSite, P2Rank)111,112. The performance of several of these methods has been specifically 

evaluated for the retrospective detection of allosteric pockets in membrane proteins 113. 

Regardless of the underlying methodology, pocket-detection tools typically return multiple 

candidate sites per structure. While the number, shape, and precise location of predicted pockets 

may vary across methods, the output is generally a set of potential binding regions. When a 

ranking is provided, it is usually based on a generic assessment of ligandability rather than on 

system-specific interaction patterns. 
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As described in Chapter 3, we incorporated a pocket-detection step into our workflow and 

leveraged the identified cholesterol hot spots to score candidate sites based on their propensity to 

accommodate cholesterol. Among the available tools, NanoShaper 66 was particularly well suited 

to this task due to its computational efficiency and flexible parameterization. NanoShaper 

computes the solvent-excluded surface using a ray-tracing algorithm combined with a dual-probe 

approach, making it especially appropriate for detecting pockets at the protein–membrane 

interface. As reported in Chapter 4, we established a pocket-based baseline for cholesterol binding 

at the protein–membrane interface of class A GPCRs by comparing co-crystallized cholesterol 

positions with geometrically defined surface cavities. Using a subset of 30 systems, we 

distinguished cholesterol interactions occurring within bona fide pockets from those occurring on 

flat or shallow surfaces, which cannot be recovered by pocket-detection approaches. This analysis 

provided a quantitative framework to estimate the fraction of cholesterol molecules occupying 

genuine surface cavities and to contextualize subsequent pocket-ranking results. 

Following CHAMP analysis of the 56 systems, pocket detection was performed on the 

corresponding starting structures used in the simulations, ensuring consistency between 

NanoShaper predictions and the regions characterized by our protocol. Pocket filtering was then 

applied according to the following criterion. Pseudo-atoms provided by OPM-oriented structures 

54 were used to define the upper and lower boundaries of the membrane, thereby delimiting the 

transmembrane region along the z-axis. In addition, a cylindrical exclusion region with a diameter 

of 5 Å and its principal axis aligned with the protein center was defined to remove predominantly 

internal cavities. This step was intended to eliminate internal cavities - such as the orthosteric 

binding site, whose presence is expected - that are not relevant to cholesterol-mediated 

modulation. In particular, this filtering reduces the inclusion of pockets whose scores are driven 

by outliers that fortuitously contact cholesterol on one face while contributing to an internal cavity 

on the other. Pockets whose centroids fell outside the membrane boundaries or within the central 

cylinder were excluded prior to ranking. After filtering, the number of retained pockets varied 

across structures, with most systems yielding 7–10 ranked pockets and others retaining five or 

fewer, with a minimum of three pockets per structure. In some cases, pockets passing the 

geometric filters nevertheless exhibited low scores, primarily due to limited spatial overlap with 

cholesterol density. To minimize the impact of such pockets in the aggregated analysis, only the 

top five scoring pockets per structure were retained when available, and only if their score 

exceeded 1000, a threshold typically requiring the inclusion of at least one outlier residue. 

Overall, application of NanoShaper across the 56 receptors yielded 272 pockets that passed all 

geometric and scoring filters. For clarity, Table 15 reports the 5 highest-scoring pockets 

according to our cholesterol-based score, and Figure 17 shows structural overlays comparing the 

corresponding protein regions with the original co-crystallized cholesterol positions for the top 
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five pockets. For brevity, the remaining 262 pockets are not listed individually, although they are 

included in all aggregate analyses. All pockets were labelled following the notation introduced 

by Peter et al. for GPCR pocket reporting 113, which adopts the format class–location–TM–

location2, where the last term indicates the vertical position within the transmembrane region. 

Because our dataset is restricted to class A GPCRs and our analysis is limited to the protein–

membrane interface, all pockets are labelled as A–EH–TMXX–(ext/mid/int). This nomenclature 

not only allows rapid identification of pocket location but also facilitates future cross-referencing 

with published GPCR pocket annotations. 

Table 15. Top 5 scoring pockets across the 56 studied systems. As expected, these pockets are all ranked in the first 
position of their systems. 

PDB ID Residues  Total Score Pocket label 
Rank position 

in the system 

7vv5 
3.44 3.45 3.48 3.49 3.52 4.41 
4.45 4.49 5.46 5.49 5.50 5.53 

11133 A-EH-TM345-mid 1 

7fee 
2.52 2.56 2.59 3.26 3.27 3.28 

3.30 3.31 3.34 3.35 4.50 4.54 

4.57 4.58 4.61 
9761 A-EH-TM234-ext 1 

7sk3 
2.42 3.41 3.44 3.45 3.48 3.49 

3.52 35.95 4.41 4.42 4.45 4.48 

4.49 4.52 5.45 5.49 5.50 5.53 
9752 A-EH-TM2345-mid 1 

5xr8 
2.52 2.56 3.27 3.28 3.30 3.31 
3.34 3.35 4.50 4.54 4.58 4.61 

9191 A-EH-TM234-ext 1 

8ef5 
1.41 1.42 1.45 1.48 1.49 7.44 

7.47 7.48 7.51 7.55 
8263 A-EH-TM17-mid 1 
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Figure 17. Top 5 scoring pockets, coloured in red, represented in their corresponding structures: MRGPRX2 (A), CB1 
(B and D), ACKR3 (C) and μ-opioid-R. The cholesterol molecules originally present are represented in orange. 

 
In three of the five cases, the highest-scoring pocket coincides with one of the experimentally 

observed cholesterol locations (B–D), with both CB1 structures mapping to the same pocket. In 
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contrast, the MRGPRX2 does not present an overlap between the cholesterol position in the 

crystal and the highest ranked pocket. We found that the combination of NS plus our scoring does 

not detect a pocket with at least 1 outlier in the region where the crystallographic cholesterol is, 

despite our analysis finding relevant outliers and density in that region. Regarding the μ-opioid 

receptor, although the original structure contains eight cholesterol molecules in the vicinity of the 

receptor, none are located within the top-ranked pocket. However, the second and third ranked 

pockets within the system are the ones corresponding to the original cholesterol position, despite 

scoring much lower in our analysis (1466 and 1449, respectively).  

Notably, two of the five highest-scoring pockets originate from CB1 structures, highlighting a 

pronounced propensity of this receptor to accommodate cholesterol.  

Finally, we further examined the ranked pockets according to the transmembrane helices 

contributing to their formation. We summarized these results in Table 16. As expected, the most 

frequently occurring pockets are formed by the TM3–TM4–TM5, TM5–TM6, TM1–TM6, and 

TM2–TM3–TM4 interfaces. These regions coincide with the highest-ranked pockets and align 

closely with the four hot spot regions previously identified in our analysis. 

Table 16. Frequency of helix bundles participating in the scored pockets. 

TM helices Nº occurrences 

TM3-4-5 35 

TM5-6 26 

TM1-7 25 

TM2-3-4 18 

TM3-4 16 

TM2-3 15 

TM1-7-8 14 

TM6-7 13 

TM2-4 10 

TM4-5 10 

 

As shown in Figure 17A–D, the highest-scoring pockets generally coincide with previously 

reported cholesterol-binding sites, despite the analysis being entirely agnostic of the original 

cholesterol positions. This correspondence is not universal, however, as some high-scoring 
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pockets lack co-crystallized cholesterol in the reference structures, as illustrated in Figure 17E. 

In addition to the previous assessment, we overlapped the top ten scoring pockets with the aim of 

identifying the most prominent cholesterol-binding locations. As before, we used a representative 

structure of the β₂-adrenergic receptor to visualize residues appearing in the top ten pockets, which 

are shown as a transparent red surface in Figure 18. Moreover, residues exhibiting an absolute 

frequency of at least 20 occurrences in the entire 272 pocket set were highlighted in licorice 

representation and coloured red (20–29 occurrences) or blue (≥30 occurrences). This analysis 

identifies three main regions around the receptor, as shown in Figure 18. These three regions 

display a clear overlap with those identified in our initial assessment based solely on hot spot 

positions. Specifically, the relevant pockets encompass the TM2–TM3–TM4 region (Figure 

18A), the TM3–TM4–TM5 region (Figure 18B), and the TM1–TM7 region (Figure 18C). 
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Figure 18. Overlap of the top 10 scoring NanoShaper pockets (red transparent surface). Three clearly distinct areas, 
delimited by TM2-3-4 (A), TM3-4-5 (B) and TM1-7 (C) were identified. The residues with an absolute frequency of at 
least 20 are also represented in licorice, coloured in red (20-29) and blue (>29). 
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We next turned to the literature to identify reported allosteric binding events that overlap with the 

consensus cholesterol-binding regions identified in our analysis. Examples of allosteric 

modulators binding class A GPCRs at the protein–membrane interface remain relatively scarce, 

as most known allosteric ligands bind in extracellular, intracellular, or intramembrane vestibule 

regions with limited direct membrane contact. We therefore compared the regions identified by 

our approach with the binding sites of reported membrane-facing allosteric modulators (Table 

17), with the aim of assessing overlap and evaluating the potential of these regions as candidate 

sites for novel ligand binding. Several crystal structures of class A GPCRs bound to allosteric 

modulators reveal binding sites at the protein–membrane interface that overlap with regions 

identified in our analysis. In P2Y₁R, the antagonist BPTU114 binds at the interface between TMs 

1–2–3; all residues involved in this interaction are detected as outliers in at least one of the 56 

systems analysed, with some appearing in up to 29 systems. In PAR2, the negative allosteric 

modulator AZ3451115 occupies a pocket formed by TMs 2–3–4, corresponding to one of the three 

main regions consistently identified by both the frequency-based analysis and the scored pocket 

detection; notably, this pocket is composed of residues with particularly high occurrence 

frequencies across the dataset. In GPR40, binding of the ago-PAM AP8116 occurs between TMs 

3–4–5, in agreement with one of the common cholesterol-interaction regions observed in our 

systems. A comparable region is involved in binding of the modulator W54011 117 to C5aR, where 

both frequent positions and cholesterol density are observed. For the β₂-adrenergic receptor, the 

modulator Cmpd-6FA 118 binds near the intracellular side at the interface between TMs 2–3–4 

and ICL2; although the overlap with outlier positions is less pronounced, several residues in this 

region display elevated frequencies across multiple systems. The CB1 negative allosteric 

modulator ORG27569 119 binds between TMs 2 and 4, a region enriched in both frequent positions 

and cholesterol density and previously described as a conserved cholesterol-binding site. Another 

β₂AR modulator, AS408 120, binds between TMs 3 and 5, overlapping with crystallographically 

resolved cholesterol molecules in several structures. Finally, the positive allosteric modulator of 

the A₁ adenosine receptor 121 binds at the TM1–TM6–TM7 interface, again corresponding to a 

region enriched in frequent positions and cholesterol density. 

Although the degree of overlap varies among these examples, all the reported allosteric pockets 

contain at least two residues with relatively high occurrence frequencies in our dataset. This 

observation suggests that, even when the correspondence is not exact, likely reflecting the 

specificity of protein–ligand interactions that cannot be fully recapitulated by cholesterol alone, 

there could be a meaningful relationship between cholesterol binding and allosteric modulation. 

In this light, a structure-based approach combining in-depth simulation-driven identification of 

cholesterol-binding regions (CHAMP) with consensus analysis across aggregated datasets can 
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provide a rational starting point for drug discovery efforts aimed at identifying membrane-facing 

allosteric modulators. 

Table 17. Summary of some reported allosteric modulators for class A GPCRs that bind at the protein-membrane 
interface. Each residue participating in the pockets is accompanied by a bolded number between parentheses, 
showing its frequency on our 56 systems. 

Target  
Allosteric 

modulator  
Type  Pocket (outlier frequency)  

P2YR  BPTU  NAM  
1.43 (4), 1.47 (8), 2.55 (29), 2.56 (2), 2.58 (8), 2.59 (7), 3.24 (2), 

3.27 (17), 3.28 (1)  

PAR2  AZ3451  NAM  
2.52 (50), 3.31 (32), 3.34 (45), 3.38 (17), 4.50 (54), 4.54 (36), 

4.61 (1)  

GPR40  AP8  
Ago-

PAM  

2.42 (1), 3.37 (2), 3.41 (33), 3.44 (16), 3.45 (16), 3.48 (18), 3.49 

(0), 3.52 (2), 4.42 (1), 4.45 (23), 4.49 (9), 4.52 (30), 4.56 (11), 

5.42 (11), 5.45 (5), 5.46 (32), 5.49 (21), 5.53 (18), 5.57 (1)  

C5aR  W54011  NAM  
3.40 (0), 3.41 (33), 4.48 (18), 4.52 (30), 4.56 (11), 5.45 (5), 5.49 

(21), 5.50 (1), 5.54 (0), 5.57 (1)  

β2AR  Cmpd-6FA  PAM  
2.42 (1), 3.45 (16), 3.48 (18), 3.49 (0), 3.52 (2), 3.56 (0), 4.41 

(7), 4.44 (2), 4.45 (23), 4.48 (15) 

CB1  ORG27569  NAM  
2.41 (3), 2.44 (2), 2.45 (8), 2.48 (31), 4.46 (2), 4.47 (2), 4.50 
(54), 4.51 (1), 4.54 (36) 

β2AR  AS408  NAM  
3.41 (33), 3.44 (16), 3.45 (16), 3.48 (18), 5.45 (5), 5.46 (32), 

5.49 (21), 5.50 (1), 5.53 (18)  

A1AR  MIPS521  PAM  
1.41 (10), 1.42 (3), 1.45 (25), 6.43 (5), 6.46 (17), 6.47 (4), 7.40 
(17), 7.41 (0), 7.44 (0), 7.48 (19)  
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Chapter 6: Interactive online platform 

 
The data generated in this study comprise a heterogeneous set of files, including protein structures 

(PDB format), molecular dynamics trajectories (compressed XTC format), and tabular outputs 

storing key analysis results (comma-separated values, CSV). While direct access to these data is, 

in principle, possible for third parties, limitations in data-transfer rates and security considerations 

render public dissemination impractical with currently available means. To address these 

challenges, we developed a publicly accessible web platform designed to facilitate the 

visualization, exploration, and download of the most relevant data produced by the CHAMP 

workflow. To this end, all data were reorganized into a lightweight and structured format suitable 

for delivery through a standard web interface. While full-resolution molecular dynamics 

trajectories are not yet publicly available due to network and bandwidth constraints, we aimed to 

provide at least a representative overview of the simulations. For this purpose, reduced versions 

of the original trajectories were generated by retaining one frame every 10,000 simulation steps. 

This approach allows the overall progression of each MD simulation to be visualized from start 

to end, at the cost of temporal smoothness resulting from larger frame-to-frame jumps. The 

resulting trajectory files are approximately 1.4 MB in size, enabling their direct hosting as static 

assets without the need for a dedicated backend server or streaming infrastructure. This design 

choice allows all data files to be co-located with the remaining web content, such that they can be 

served directly by the hosting provider without additional server-side communication or 

processing. The standard workflow of the web platform is illustrated in Figure 19. The platform 

is organized around three main HTML pages: index.html, system.html, and aggregated.html. The 

landing page (index.html) provides entry points to the available datasets, while system.html 

enables access to results for individual receptor structures and aggregated.html presents results 

grouped by receptor families and subfamilies, where applicable. The detailed layout and 

functionality of each page are described below. Dynamic behaviour across the platform is 

implemented through a collection of JavaScript (JS) files, which control interactive elements such 

as the GPCR family tree, molecular viewers, and the on-demand loading of structures and data 

tables. The underlying data are organized in two complementary ways. First, individual 

directories are provided for each receptor structure, containing all structure-specific files along 

with a dedicated subdirectory for data associated with detected pockets. Second, an aggregated 

data directory contains separate subdirectories for each receptor family and subfamily, each 

storing the corresponding summary files (e.g., frequently interacting residues and highest-scoring 

pockets) used for collective analyses and visualizations. At the root of the aggregated data 

directory, we include a PDB structure of the β₂-adrenergic receptor, which serves as a 

representative class A GPCR scaffold for displaying aggregated results across the family. 
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Figure 19. Standard workflow of the web platform. The backbone of the platform consists of three main HTML pages 
(index.html, system.html, and aggregated.html). Dynamic elements and user interactions are controlled by the 
corresponding JavaScript (JS) files, while data are loaded on demand depending on the elements selected through the 
available navigation menus. 

 
The landing page of the platform, shown in Figure 20, presents the title, authorship information, 

and a brief description of the platform. Below this introductory section, two fly-out menus provide 

access to the available data. The first menu allows users to navigate the class A GPCR hierarchy 

down to a specific receptor and to select an associated PDB structure. The same selection can 

alternatively be made by directly clicking on the corresponding PDB identifier within the 

interactive GPCR tree displayed below the menus. The second menu provides access to 
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aggregated data, organized by receptor families and subfamilies. To ensure that only statistically 

meaningful summaries are presented, aggregated data were computed exclusively for families 

and subfamilies represented by at least four PDB structures. As illustrated in Figure 20, menu 

entries that do not meet this criterion are greyed out and disabled, preventing user interaction. 

 

 
Figure 20. Landing page of the platform. It includes title, authors, affiliations and a brief description of the platform. 
It contains both menus for accessing the data and an interactive GPCR tree to directly access PDBs of interest. 

 
Upon selecting a PDB identifier, either from the navigation menu or directly from the interactive 

GPCR tree, the corresponding system page opens in a new browser tab. Figure 21 and Figure 

22 illustrate the elements available on this page, using the CB1 structure PDB 5XR8 89 as a 

representative example. The left column of the page contains two molecular viewers. The upper 

viewer (Figure 21, top) allows visualization of the strided coarse-grained MD simulations, with 

playback controls enabling navigation through the stored frames. The display of Martini 3 beads 

and cholesterol particles can be independently toggled using the corresponding buttons. Users 

may switch between the two simulation replicas at any time by selecting the appropriate tab, and 



 91 

the camera orientation can be reset to predefined views, including a side view (default starting 

position) and a top view. 

The lower viewer (Figure 21, bottom) displays the cholesterol-interaction hot spots identified 

during the CG-MD simulations, including outlier residues and the associated reproducible 

cholesterol density. These features are rendered on top of an aligned atomistic representation of 

the receptor structure. Both the strided trajectory and the hotspot structure files can be downloaded 

directly using the corresponding buttons provided below each viewer. 

The right-hand side of the system page is dedicated to displaying system-specific information (top 

panel in Figure 22) including the PDB identifier, membrane composition, total simulated time, 

and the NanoShaper parameters used for pocket identification. Below this information panel, a 

table lists the five highest-scoring pockets identified for the selected system, reporting the residues 

contributing to each pocket together with their associated scores. Residues are labelled using both 

the original residue numbering of the PDB structure and the generic Ballesteros–Weinstein 

notation for class A GPCRs 80. Checkboxes in the first column of the table allow users to toggle 

the visualization of individual pockets in the molecular viewer located immediately below the 

table, facilitating inspection of each pocket in isolation. Pockets are rendered using a volumetric 

representation of the cavity, together with the participating residues, shown in blue and red, 

respectively (Figure 22, bottom). As for the cholesterol-interaction hot spots, the complete table 

containing all ranked pockets can be downloaded using the corresponding button. Selecting an 

entry from the second navigation menu opens a new browser tab displaying the corresponding 

aggregated results page (aggregated.html). A snapshot of this page is shown in Figure 23, using 

the aggregated data for the full class A GPCR set as an illustrative example. This page is divided 

into two main sections. The upper section presents residues most frequently identified as outliers 

across multiple systems. In the molecular viewer on the left, these residues are displayed on the 

representative β₂-adrenergic receptor structure, while the adjacent table reports up to the 15 most 

frequent positions. The lower section is dedicated to detected and scored pockets and follows an 

analogous layout. The table on the right lists the ten highest-scoring pockets across the analysed 

systems within the selected group, while the molecular viewer on the left displays the combined 

spatial distribution of residues participating in these pockets. Both summary tables, frequent 

residues and detected pockets, can be downloaded in CSV format using the buttons located at the 

top of the page. 
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Figure 21. Snapshot of the left column of the system.html page, which contains two molecular viewers. The upper 
viewer enables visualization of a reduced version of the two replicas of the original molecular dynamics trajectory 
from which the results were derived. The lower viewer displays an atomistic structure aligned with the cholesterol-
interaction hot spots identified from the coarse-grained MD simulations, including both outlier residues and associated 
cholesterol density. In both viewers, interface elements allow individual components to be toggled on and off, and the 

aligned atomistic structure as well as the hotspot data can be downloaded. Controls for adjusting the orientation of the 
system are also provided. 
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Figure 22. Snapshot of the right column of the system.html page, showing the system information panel, the table of 
identified pockets, and the associated molecular viewer. Selecting or deselecting the checkboxes in the table toggles 
the visualization of the corresponding pockets in the viewer. 

 

 

 
Figure 23.  Snapshot of the aggregated.html page. The upper section displays the most frequent residues identified as 
statistical outliers (up to the top 15), together with their total occurrence counts across the systems analyzed for the 
selected group (table on the upper right). These residues are visualized in the molecular viewer located in the upper 
left. The lower section presents the highest-scoring pockets (up to the top 10), with the combined spatial distribution 
of residues contributing to these pockets displayed in the molecular viewer in the lower left. 
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The platform was implemented as a purely front-end web application, with no back-end 

component, serving only static files and relying on JavaScript to control all dynamic page 

behaviour. These design choices make the platform particularly well suited for deployment via 

GitHub Pages. Accordingly, the complete source code and associated data were uploaded to a 

dedicated repository within our group’s GitHub organization, where they are publicly available 

122. The platform was subsequently deployed as a standalone web application and can currently 

be accessed at the following address:  https://urbino-camd-

lab.github.io/GPCRCholesterolAtlas. 

For molecular visualization, we employed the NGL molecular viewer 123, which ensures broad 

compatibility across modern web browsers. As a result, any browser supporting NGL should be 

able to render the full contents of the platform. The application was tested extensively and verified 

to function correctly on multiple Chromium-based browsers. 

  

https://urbino-camd-lab.github.io/GPCRCholesterolAtlas
https://urbino-camd-lab.github.io/GPCRCholesterolAtlas
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Chapter 7. Conclusions 

 

In this work, we briefly reviewed the current state in the literature of cholesterol-mediated GPCR 

modulation and the tools and techniques available, both computational and experimental, to study 

cholesterol binding. Moreover, we discussed the limitations of such methods and highlighted the 

potential of using of coarse-grained molecular dynamics and a combination of protein-cholesterol 

contacts analysis and a cholesterol distribution mapping in detecting cholesterol binding sites. 

Following such trend, we presented here a robust and largely automated protocol for building, 

simulating, and identifying cholesterol interaction hot spots in CG protein–membrane systems, 

starting from a pre-processed atomistic protein structure. Through the systematic integration of 

several publicly available tools, the protocol reliably reproduces results that are consistent with 

previous computational and experimental studies. 

However, it is important to note that the application of restraints (elastic networks) in CG-MD 

simulations to preserve protein structural integrity may restrict conformational sampling and 

hinder the identification of binding sites. To adequately capture the structural heterogeneity of 

certain receptors, the protocol may therefore require the use of multiple input structures for the 

same system, enabling the exploration of interactions across distinct functional states and hidden 

binding cavities. This can be achieved either by leveraging multiple experimental structures or by 

integrating CG-MD with atomistic and, eventually, enhanced-sampling simulations. Such an 

approach is likely to be essential for addressing protein plasticity and for the comprehensive 

identification of allosteric sites. 

We further demonstrate that, with minimal modifications, the pipeline can be readily adapted to 

investigate molecules other than cholesterol or membrane lipids. To this end, the CB1 receptor 

negative allosteric modulator Org27569 was used as a retrospective validation case, focusing on 

the identification of interaction hot spots. The protocol successfully prioritized the region 

surrounding Trp2414.50, corresponding to the known binding site of Org27569, thus supporting its 

general applicability beyond lipid ligands. 

The availability of the pipeline as an installable Python package makes it an accessible and user-

friendly tool that is readily deployable for novel applications involving ligand interactions at the 

protein–membrane interface. At the time of writing this work a docker implementation of this 

protocol, aimed to facilitate runs in HPC environments, is under development 124. Furthermore, 

we are working on identifying sections of the protocol that could be optimized for parallel runs. 

At present, more than 500 class A GPCR structures are publicly available, including over 100 that 

contain at least one resolved cholesterol molecule. A systematic application of the present 
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protocol to a representative subset of these structures would enable not only a robust retrospective 

assessment of known cholesterol binding sites, but also the identification of previously 

unrecognized sites and their comparative classification across receptor families. Such an analysis 

could provide a unifying structural framework for GPCR–cholesterol interactions, ultimately 

leading to an annotated “cholesterolome” of class A GPCRs. On this basis, we directed our efforts 

on extending the use of our protocol to a larger representative dataset of 56 class A GPCR 

structures, from which we extracted relevant insights regarding frequent cholesterol-populated 

regions, matching previously reported motifs. 

Finally, on an effort towards sharing the data we gathered in a user-friendly fashion, we developed 

a publicly accessible platform which includes both results from all the 56 individual systems 

simulated and the aggregated data grouped by GPCR families and subfamilies. This platform 

allows the user to visualize on-site and to download all the available information. 

As already discussed, this work generated a significant amount of data in the form of MD 

trajectories that can be analysed through a plethora of different methods. Because of this, we are 

planning on future analyses, including better ways of sharing the trajectories, possibly by 

clustering-based methods. 

Despite the amount of data produced and analysed in this work, we have barely scratched the 

surface of what a systematic application of this protocol can achieve. By expanding the current 

dataset with more receptors and with more structures of each, we would be able to reveal more 

statistically significant data. Furthermore, our dataset was heavily biased towards active structures 

due to the restricted limitation of presenting a co-crystalised cholesterol. Now that the method has 

been extensively tested, removing this limitation and processing structures in intermediate and 

inactive states in future studies could reveal interesting insights about activation state-dependent 

cholesterol binding. 
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Appendix I. Allostery in Drug Discovery 

(ALLODD) 

 

 

The ALLOstery in Drug Discovery (ALLODD) project is a collaboration between 13 

academic and industrial organizations with 14 ESR/PhD students available positions. The 

aim of ALLODD is to train a new generation of scientists to exploit the concept of 

allostery in drug design, putting together a whole array of technologies to identify and 

characterize allosteric modulators of protein function that will be applied to 

therapeutically relevant systems. 
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Appendix II. CHAMP repository and manual 

 

Description 

CHAMP (Cholesterol Hot spot Automated Mapping Protocol) is a python module aimed at 

detecting potential cholesterol binding sites around membrane proteins. Currently, it is mainly 

tailored to process class A G Protein-Coupled Receptors, but it can work with other membrane 
proteins with minimal adaptation. This tool is designed to be executed with minimal user 

intervention. It only requires a pre-processed, membrane-oriented coordinate file of a membrane 

protein in PDB format and an input file specifying the parameters for the run. CHAMP relies on 
the coarse-grained Martini 3 representation to perform molecular dynamics (MD) simulations of 

the input protein after embedding it in a membrane model which includes cholesterol. Cholesterol 

hot spots around the protein are detected by analysing the simulated trajectory using two 

complementary approaches: i) pinpointing statistically relevant cholesterol-contacting residues 
and ii) extracting cholesterol distribution from the MD simulations. The consensus regions where 

there is an overlap between statistical outliers and relevant density are labelled as cholesterol hot 

spots. The protocol returns the identified hot spots in PDB format, with the residues considered 

statistical outliers, as well as the relevant density points associated with them. 

Installation 

This package can be installed using the command 

pip install CHAMP 

 

Inputs 

Pre-processed PDB file: 

For this tool to work efficiently and to minimise potential errors that could arise from PDB 
formatting or the quality of the starting structure, it is mandatory to use a PDB file that has been 

previously pre-processed. The input structure should be properly aligned within the membrane, 

all residues should be complete with no missing atoms and only atoms corresponding to the 

protein – no ligands or other HETATM – should be included. 

Databases such as OPM (https://opm.phar.umich.edu/) have a wide variety of already oriented 

structures that can be used after removing unnecessary atoms. 

Parameters input file: 

To run the protocol, several parameters must be defined in advance and provided to the tool. 

Below is an example .prm file that includes all available parameters that can be configured: 

run_mode = full 
step = system_build/MD_simulation/analysis/merge_data/rank_pockets 
pdb_id = 1ABC 
starting_structure = /path/to/structure 
n_reps = 2 
mb_comp = POPC:75,CHOL:25 
martinize2_path = martinize2 
gmx_path = gmx 
gpu = 0 
gpcrdb_file_path = /path/to/annotated/structure 
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rank_pockets = True/False 
pockets_file = /path/to/pockets/file 
bw_notation = True/False 
MD_Mode = sequential 
output_dir = /output/path (Default ./CHAMP_results) 

 

MANDATORY PARAMETERS 

· run mode - The protocol can be run in full or individual steps can be selected. Possible values 

are: full or standalone. 

· step - Required only if run_mode=standalone. Possible values are: system_build, 

MD_simulation, analysis, merge_data or rank_pockets. 

· pdb_id - PDB standard 4 character code of the starting structure, e.g. 7fee. This is used for the 

naming of the output, so the use of upper or lowercase is left to preference. 

· mb_comp - Desired membrane composition. The tool will use insane.py [1] to create the 

membrane. The format is very specific and CHAMP will either complain or crash if written 
incorrectly. Correct format is as shown in the example: LIP1:[ratio],LIP2:[ratio], etc. As in the 

example POPC:75,CHOL:25. If cholesterol is not selected in the membrane the protocol will not 

run. On the current version of this software the following phospholipids are supported: POPC, 

DOPC, DPPC, POPE. 

· gpu - Required only if a MD simulation is going to be performed. Id of the GPU to be used for 
MD simulations (available GPUs can be checked via nvidia-smi as long as the CUDA toolkit and 

NVIDIA(R) drivers are installed). NOTE: This protocol relies on the CUDA acceleration 

implemented in GROMACS. If no GPU is available the source code in MDsimulation.py 

corresponding to GROMACS runs have to be properly modified. 

· starting_structure - Path to the input structure. Either the relative path – relative to where the 
script will be executed from – or the absolute path can be used. We recommend the use of absolute 

paths to avoid confusions. 

 

OPTIONAL PARAMETERS 

· n_reps - Nº of replica to create and process (Default: 2). 

· martinize2_path - Martinize 2, included in the Vermouth package [2] is included in the 

dependencies of this tool and the executable should already be on the PATH. Therfore, its default 

value is martinize2. 

· gmx_path - Path to the executable of GROMACS. Default is gmx, assuming the executable is 
already in PATH. Note that if GROMACS was compiled with MPI support the executable (unless 

instructed differently during compilation) is created as gmx_mpi, and therefore this parameter 

needs to be set as such. 

· bw_notation - If working with GPCRs there is the possibility of annotating the outliers file with 

the Ballesteros-Weinstein notation adapted from GPCRdb [3]. The annotated structure can be 

downloaded from their database. Possible values: True or False (Default is False). 

· gpcrdb_file_path - Required only if bw_notation=True. Path to the GPCRdb annotated 
structure. It is assumed that the annotation is on the B-factor column of the PDB –as GPCRdb 

does– and passing a structure with a different format will lead to errors or unexpected behaviour. 
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· MD_mode - Decides how the MD simulations will be performed. This version of the protocol 

only supports the value sequential, in which each replica will be performed after the previous 
finishes. A future version will include the possibility for advanced systems with multiple GPUs 

to run replicas in parallel. 

· rank_pockets - CHAMP offers the possibility of ranking a list of pockets detected by an 

external software based on their propensity to lodge cholesterol by scoring them using the 

detected outliers and density points. Possible values: True or False (Default: False). 

· pockets_file - Required only if rank_pockets=True. Path to the file containing the pockets. It 

will read pockets in a specific format, so depending on the software utilised the file might need 
to be adapted. The correct format is a text file, with one pocket per line. Each line should contain 

the residue IDs conforming the pocket, separated by a single white space. Find an example below, 

obtained from the Cannabinoid 1 Receptor (PDB:7FEE): 

201 202 205 208 209 240 243 244 247 282 

165 169 191 192 195 198 199 245 248 249 252 
138 141 142 148 154 157 158 161 230 234 237 238 

280 284 287 288 291 353 356 357 360 361 364 

351 354 355 388 

· output_dir - Path to the directory where the output will be saved. If the target directory does 

not exist it will be created. Default: ./CHAMP_results. 

 

Protocol Steps 

A full run of CHAMP will run all the steps detailed below in sequential order. Standalone runs of 

selected steps can be performed as well. The same .prm file can be used for different standalone 

steps just by adjusting the parameter step, as the parameters not used in that step will simply be 

ignored. However, in order to run individual steps, the same directory structure and file naming 
as used by CHAMP should be used. It is therefore recommended that individual steps are run on 

output directories created by CHAMP or adapt the structure and file naming of your data to match 

what the software expects. An example of the directory structure and the output of a mock run on 
7FEE on a POPC:75,CHOL:25 membrane can be found in the example_run/ directory on this 

repository. 

1. SYSTEM BUILD 

This step of the protocol creates the main structure of the output directories and processes the 

starting structure. The starting PDB is converted to a coarse-grain representation using martinize2 

and it is embedded in a membrane of the defined composition with insane.py. CHAMP takes care 

of copying the necessary inputs and preparing topology files for the simulation step. 

2. MD SIMULATION 

The prepared system undergoes several steps of equilibration before proceeding to the production 

run. 

a) Energy minimization: Using a steepest descent minimizer the system is moved toward a 

local energy minimum. 

b) Equilibration 1 - NVT: Short NVT to thermalize the system to the target temperature (300 

K) 

c) Equilibration 2 - NPT (constrained): NPT step with protein backbone atoms restrained. 

Lipids will adjust and equilibrate. 
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d) Equilibration 3 - NPT (1fs timestep): NPT step simulated using a short timestep to prevent 

sudden unexpected atom movement when releasing protein restraints. 

e) Equilibration 3 - NPT (20fs timestep): NPT step simulated at the target 20fs timestep, 

same as in the production run. 

After the equilibration is completed, CHAMP performs a quality check on the membrane. This 

allows the user to identify any potential issues arising from the system building and equilibration. 
To this aim, the membrane thickness, area per lipid and order parameters are calculated. 

Additionally, a plot showing the partial densities of the membrane components is produced. By 

comparing obtained values with equivalent ones in the literature, the user can ensure that the 

produced system is realistic. 

The production run last 30 𝜇s, ensuring proper sampling of protein-cholesterol contacts. 

3. ANALYSIS 

CHAMP uses two approaches to detect cholesterol hot spots. 

a) Protein-cholesterol contacts: Relevant and persistent contacts across all trajectory 

frames are extracted – maximum occupancy time, or tmax – and the statistical outliers in 

the distribution are reported. 

b) Spatial Density Function: The probability density map of cholesterol around the protein 

is calculated and the top 0.01% of the data – cartesian XYZ coordinates where cholesterol 

is most likely to be found – is reported. 

4. MERGE REPLICAS 

This step simply iterates over all produced replicas and merges the results, creating a CSV file for 

all of the statistical outliers found and an XYZ file with the total cholesterol density distribution. 

5. RANK POCKETS 

By providing a formatted file with pockets detected in the simulated structure, CHAMP uses the 

outliers found and the density points to score and rank these pockets based on their propensity to 

bind cholesterol. For each outlier found in the residues describing the pocket, the scoring system 
assigns the pocket 1000 points. For each density point within 6Å of any atom in the pocket the 

scoring system assigns the pocket 1 point. 

 

Example Run 

In example_outputs/ the files created on a mock run with short MD simulations can be found. 

This example was conducted on the Cannabinoid 1 Receptor (PDB: 7FEE) using a 
POPC:75,CHOL:25 membrane composition. To avoid overloading the repository with large files, 

the final production trajectories have been downsampled by keeping only every second frame 

(i.e., 50% of the original frames). Additionally, the cube file generated by gmx spatial is not 

included in the example for the same reason. 

After the analysis step, the cube file (grid.cube) should be located in 
{output_dir}/sims/rep_x/analysis/. This file is used to extract the top 0.01% of the volumetric data 

(corresponding to the highest probability regions) and convert it to Cartesian coordinates. The 

resulting coordinates are saved in {output_dir}/sims/rep_x/analysis/{system_name}_all.xyz. 

Usage 

The correct usage of this tool is quite straightforward, as once it is installed it only requires to run 
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CHAMP prm_file 

With CHAMP -h or CHAMP --help a help message with example parameters and its usage will 

be printed to STDOUT. The installed version of the CHAMP can be checked by running CHAMP 

-v or CHAMP --version. 

CHAMP tools 

Together with the main functionality of the package two additional tools are provided that will 

help on running the protocol. 

· CHAMP_tools generate_prm will generate a template .prm file that can then be adapted to 

user’s needs. Default name is CHAMP_template.prm and will be created where the script is 

executed. However, custom output name can be given by running CHAMP_tools generate_prm 

output_name. 

· CHAMP_tools orient_protein input_structure.pdb accepts a pdb file and orients it along the Z-
axis. This tool provides a rough starting point for simulations when a more refined alternative is 

not available. Note that this script was designed for GPCRs and it assumes that only the receptor 

part of the protein (mostly transmembrane) is present in the PDB. Having other extra or 
intracellular parts of the protein present will cause the orientation of the principal axis of the 

protein pore to be incorrectly calculated and the resulting orientation will most likely to be shifted. 
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Manual and source code available at: https://github.com/Urbino-CAMD-Lab/CHAMP  

 

  

https://github.com/Urbino-CAMD-Lab/HSDetector
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