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Abstract

Despite considerable advances in computational chemistry, bridging the gap between

the accuracy of all-atom molecular dynamics (AA-MD) and the high-throughput capa-

bilities of docking remains an unsolved problem in protein-ligand binding free energy

predictions. In this work, we propose to address this challenge through coarse-grained

funnel metadynamics (CG-FMD) with the Martini 3 forcefield. This approach combines

the reduced computational cost of a CG representation with state-of-the-art enhanced

sampling techniques and the interpretability of a physics-based forcefield. Specifically,

the binding of colchicine to two different protein targets was modeled at both AA and

CG resolutions, and the corresponding ∆Gbind predictions were compared with exper-

imental references. Additionally, the robustness of CG-FMD-based ∆Gbind predictions

was evaluated with respect to various aspects of the simulation setup by collecting

more than 7 milliseconds of CG-FMD simulations. The results demonstrate that CG-

FMD yields ∆Gbind estimates comparable to experimental values while requiring only

a fraction of the computational cost of AA-MD simulations. Moreover, the extensive

sampling achievable with CG-FMD reduces statistical uncertainty in the final predic-

tions, effectively compensating for the simplified system representation. Future work

should build upon these methodological insights to broaden the scope of ligands and

targets explored.
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Introduction

Accurate computation of protein-ligand binding affinities has long been an area of active

interest in computational chemistry, as it can guide the drug design process by identifying

novel potent compounds and help rationalize their mode of action. Classical high-throughput

docking can screen many ligands cheaply, but its scoring functions are often oversimplified.

In contrast, molecular dynamics (MD)–based free-energy methods explicitly include protein

flexibility and solvent effects, potentially yielding more reliable affinities. To this end, many

simulation strategies have been devised,1 ranging from alchemical free-energy perturbation

methods, where statistical mechanics is applied to compute the free energy differences be-

tween states connecting along a thermodynamics path bound and unbound endpoints, to

physical pathway methods, where the entire ligand binding process is simulated. Metady-

namics2,3 is a well-established technique for enhancing the crossing of energy barriers and

facilitating the sampling of rare events, a common challenge in the study of protein–ligand

binding. In particular, a history dependent potential is deposited along the slow degrees

of freedom of the system, named collective variables (CVs). This allows to accelerate the

sampling and to recover the free energy surface (FES) of the system. Among the various

metadynamics implementations, funnel metadynamics (FMD)4 has emerged in recent years

as a powerful tool for the identification of ligand binding free energy and binding pose. FMD

applies a funnel shaped potential throughout the simulation, allowing for freedom of explo-

ration inside the protein’s pocket of interest while restricting the ligand roto-translation to

a narrow cylinder outside the binding site, preventing dispersion in the solution bulk, which

would be computationally inefficient. However, this approach suffers from the drawback

typically associated with fully atomistic simulations, namely the challenge in scalability of

the system size. In particular, proper sampling of the ligand unbound states requires an

extensive solvation layer of the protein, which for larger biological targets can become com-

putationally demanding, especially during the screening phase of the drug discovery process.

An effective strategy for reducing the system size is offered by coarse-grained (CG) MD. A
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CG forcefield simplifies the system representation by grouping several atoms into a smaller

number of interaction sites called beads, using mapping schemes typically designed to main-

tain specificity at the level of chemical fragments. In particular, the Martini 3 forcefield5 has

emerged as a promising candidate for investigating protein-ligand interactions. Simulation of

protein ligand binding have been successfully applied both to soluble6–8 and transmembrane

biosystems9–12 . Performing MD simulations with the Martini 3 forcefield requires the inves-

tigator to carefully plan the simulation setup. For instance, in order to maintain elements

of secondary and tertiary structure in the proteins, a set of additional bonded terms among

backbone beads is required.13,14 Many strategies have been devised over the years, ranging

from a set of elastic restraints derived from a reference structure (i.e. Elastic Network, EN15)

to more flexible models that rely on Gō-like bonds, such as OLIVES16 and goMartini17,18

models. The purpose of this investigation is to assess the feasibility of estimating ligand

binding free energies with the Martini 3 forcefield by applying FMD. As a chemical probe,

the compound colchicine, which is commonly used to modulate microtubule activity19 and

to treat inflammatory diseases,20 will be applied to two different biological targets, namely

BRD4 and Colchicalin. The first target, BRD4, is a member of the bromodomains (BRDs)

family, responsible for recognition of the histone code and the regulation of gene expression.21

The second target protein, Colchicalin, is a derivative of human lipocalin 2 designed to bind

colchicine with picomolar affinity.22 Binding free energy estimates obtained with CG-FMD

will be compared with all-atom (AA) FMD and with experimental references for the two

target systems. Furthermore, several aspects of the simulation protocol for CG-FMD will

be extensively investigated. The influence of protein flexibility on binding estimate will be

explored by applying the three models (i.e. EN, OLIVES, goMartini) to the backbone of

the CG proteins. In addition, the effects on binding free energy prediction of the ligand

parameterization and its dependence on the size of the funnel-shaped potential applied will

be assessed. Overall, we aim to provide methodological insights useful for the extension

of CG-FMD simulation approach to other cases of study, and eventually, an automated
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computational pipeline for rational drug design.

Methods

Ligand parameterization

The atomistic structure of colchicine has been retrieved from the RCSB databank23 and

converted to CHARMM36-FF topology using the CGENFF python script.24,25 Bonded terms

for the CG-model of the ligand have been defined according to Martini 3 guidelines26 based

on structural behaviour from reference atomistic trajectory. To this end, the compound has

been solvated with 4500 TIP3 water molecules, energy minimized with the steepest descent

algorithm, equilibrated for 10 ns at 300 K (V-rescale thermostat,27 τT=0.1 ps) and 1 bar

pressure (Berendsen barostat, τP=5.0 ps , compressibility of 4.5 · 10−5 bar−1) and simulated

for 1.050 µs with the Parrinello-Rahman barostat28 (the first 50 ns have been considered

as equilibration with the second barostat). This atomistic trajectory has been converted to

CG-resolution using an AA to CG mapping (Figure S1A) and the center of geometry (COG)

approach.5,26 Validation of CG-bonded terms has been performed by inspecting overlap

with the target AA-derived distribution (Figure S3). Global structural properties have been

validated by computing the relative error on the difference of the solvent accessible surface

area (SASA) between AA and CG simulations (Figure S4) and the Connoly-surface (Figure

S5). The chemical behaviour of the CG model of the ligand is determined by the Martini

3 types attributed to its beads (Figure S1B). Validation of this type attribution scheme

is performed by comparing the water-octanol partition coefficient of the CG ligand with

available references29 (Figure S2A). The logarithm of the water-octanol partition coefficient

logPow can be obtained by computing the desolvation free energy of the ligand in water and

octanol as:

logPow =
∆Goco→vac −∆Gwat→vac

ln(10)RT
(1)
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where R is the ideal gas constant and T is the temperature of the simulated system (300 K).

Desolvation free energies from water to vacuum (∆Gwater→vac) and from octanol (∆Goco→vac)

to vacuum have been obtained through thermodynamic integration over ten windows of 60 ns

(of which the first 10 ns have been discarded as equilibration). The error has been estimated

as:

ϵlogPow =

√
ϵ2∆Goco→vac

+ ϵ2∆Gwat→vac

ln(10)RT
(2)

where each ϵ∆G is the error associated with the desolvation free energy, as computed by

gmx bar. Two ligand parameterizations have been considered: the first (henceforth referred

to as “canonical”) maximizes adherence to forcefield guidelines, the second (denominated

“hydrophilic”) maximizes the reproduction of the experimental logPow value of colchicine

(Figure S2B)

Protein Modelling

Atomistic parameters of the CHARMM-36m forcefield for BRD4 and Colchicalin protein

have been generated with the CHARMM-GUI platform30,31 starting from their crystallo-

graphic complex with colchicine (PDB ID 4LZR32 and 5NKN,22 respectively). Starting

from the protein’s pose, steepest descent minimization has been applied, followed by a 1

ns NVT equilibration with position restraints on Cα. Then, a multistep NPT equilibration

with the Berendsen barostat has been applied to gradually release the position restraints

(Table S1). For the production phase, three replicas of 500 ns AA-MD have been carried out

with the apo proteins in the NPT ensemble with the Parrinello-Rahman barostat (τP=5.0

ps , compressibility of 4.5 · 10−5 bar−1) and the v-rescale thermostat ( τT=1 ps). Backbone

stability has been assessed through the computation of RMSD and RMSF with GROMACS

tools. The suitability of CHARMM-36m forcefield for the investigation of the ligand-protein

interaction has been assessed by performing AA-MD of the holo-complex. For consistency,

the same equilibration protocol of the apo-protein has been applied to the holo-complex,
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with the introduction of position restraints also on the heavy atom of the ligand, gradu-

ally released during the NPT equilibration (Table S1). Finally, production replicas of 200

ns each have been carried out in the NPT ensemble with the Parrinello-Rahman barostat

and no position restraints. This protocol has been repeated six times for both colchicine-

Colchicalin and colchicine-BRD4 complexes. Stability of the ligand crystallographic pose

has been assessed through RMSD during production simulations over ligand’s heavy atoms

after trajectory fit to the protein’s backbone (Figure S7). Backbone stability data from the

AA-MD simulations has been employed to validate Martini 3 models of the two proteins.

Generation of CG-structure file of the protein and Martini 3 parameters has been performed

with martinize2 utility.13 All three major tertiary network schemes have been generated and

tested for both proteins. For the EN, an upper bond length of 0.8 nm ( martinize2 -eu

0.8) has been requested and the elastic force constant has been defined as 750 kJ/mol.

For OLIVES and goMartini, default settings have been maintained. After generation of

the parameters, the CG-proteins have been solvated with water beads and NaCl has been

included to neutralize the system’s charge and reach a physiological concentration of 0.15

M. A minimization (steepest descent) and an equilibration in the NPT ensemble (Berend-

sen barostat, τP=4 ps, compressibility 3 · 10−4 bar−1) with position restraints on backbone

beads for 50 ns at a timestep of 20 fs have been performed. Then, three production repli-

cas of 2 µs have been collected for each protein model (EN, OLIVES, goMartini) with the

Parrinello Rahman barostat (τP=12 ps, compressibility 3 · 10−4 bar−1). RMSD and RMSF

of the CG-protein have been computed by considering the backbone beads and compared

to the atomistic reference. For BRD4, three alternative goMartini parameterizations were

tested by increasing the ϵ parameter of the Lennard-Jones potential by 15%, 25% and 50%

respectively. This has allowed to reduce the RMSD instabilities and high RMSF observed

in the standard implementation of goMartini (ϵ=9.414 kJ/mol) (Figure S10). In particular,

the parameterization with ϵ=11.678 kJ/mol (ϵ0+25%) provided a good compromise between

reproduction of atomistic residue fluctuations, especially in the region surrounding the target

7



binding site (Figure S11), while still maintaining some degree of conformational flexibility.

Therefore, this reparametrized ϵ value was selected as the reference for goMartini-BRD4.

Equilibrium CG-MD simulation

To perform equilibrium CG-MD simulations, Colchicalin and BRD4 have been solvated with

water beads and NaCl has been added to a concentration of 0.15 M (Figure S12). Two

ligand molecules have been added to each simulation box in random positions in the sol-

vent bulk. For Colchicalin, all three protein models have been considered in combination

with the canonical colchicine parameterization. The interaction of hydrophilic colchicine has

been explored only with the EN-Colchicalin (Figure S13A). For BRD4, EN, OLIVES and

an optimized goMartini network have been explored with the canonical ligand parameter-

ization, while the hydrophilic colchicine has been used only for EN-BRD4 (Figure S13B).

After initial minimization, NPT equilibration for 50 ns at 20 fs with Berendsen barostat

has been performed. Fifteen independent production runs of 20.05 µs have been collected

for each simulation setup with the Parrinello-Rahman barostat (τP=12 ps, compressibility

3 · 10−4 bar−1) (initial 50ns have been considered equilibration and disregarded from sub-

sequent analysis). Neighbour-list settings have been modified according to the recommen-

dations of Kim et al..33 In particular, we set verlet-buffer-tolerance=-1, rlist=1.35,

nstlist=nsttcouple=nstpcouple=20. Ligand occupancy isocurves have been computed

with VMD.34 A standard contact analysis approach has been applied with the gmx mindist

tool to quantify the number of frames in which ligand molecules had non-zero contacts with

the protein surface. The fraction Pbound = #Framesbound
#Simulation−frames

has been averaged across the

independent replicas for each combination of ligand parameterization/protein model investi-

gated (Table S2) to assess the influence of these aspects on the ligand’s capability of exploring

protein-bound states.
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Atomistic FMD

The choice of the collective variable was guided by the objective of ensuring transferability to

other case studies. A set of simple geometric descriptors of the ligand position with respect to

the putative binding site has been defined. The first CV implemented is the distance between

the center of mass (COM) of a group of residues constituting the binding site and the COM

of the ligand. As a second CV, at first, we considered the dihedral angle between two residues

and two points on the ligand scaffold. Later, we have extended the investigation to a hybrid-

CV, consisting of dihedral character when the ligand is inside the pocket, while it assumes

simple angular character for high distances. Details on the CV definition are provided in

the Supporting Information (Figure S15, Figure S16, Figure S17). For the definition of the

funnel-shaped restraining potential to be applied to the ligand, the FMAP-GUI has been

used.35 An upper restraint on the maximum distance between the ligand and the pocket of

2.8 nm has been imposed to allow exploration of well-solvated positions. An upper restraint

on the global protein RMSD compared to the starting conformation of 0.3 nm (coherent

with apo-protein flexibility, as shown in Figure S6) has been imposed to avoid excessive

binding site rearrangements during ligand extraction under the metadynamics potential.

Ligand starting conformation has been taken from holo simulations after 10 ns under NPT

conditions. Initial set of simulations with the distance/dihedral CV set has been carried

out with biasfactor=30, bias deposition rate every 1 ps, hills height of 2.0 kJ/mol and

simulation duration of 300 ns. A second set of simulations with the distance/hybrid-CV set

has been carried out with biasfactor=12 and simulation length reduced to 200 ns. For

every replica, a free energy surface (FES) has been computed after reweighting procedure.

The binding constant, corrected by the presence of the funnel-shaped potential,35 has been

computed as:

Kb = C0πR2
cyl

∫
site

dz exp(−β[W (z)−Wref ]) (3)
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Here, C0 is the standard concentration equal to 1/1.661 Å−3, Rcyl is the radius of the cylinder

towards the solvent, W (z) is the value of the FES inside the basin of integration, Wref is the

free energy value in the unbound state and β is the inverse of the product between simulation

temperature T and Boltzmann constant kB. Basin boundaries for integration have been

defined starting from the projection of the ligand crystallographic pose over the CV-space,

as reported in Figure S16. The protein-ligand binding constant has been converted to a

free energy value using the formula ∆G0
bind = −kBT ln(Kb). Final binding affinity estimate

for each simulation setup has been computed as average over the dataset with a statistical

uncertainty given by the standard error of mean. An outlier removal criterion based on the

modified Z-score has been applied when computing the average.

Figure 1: Funnel metadynamics (FMD) setup. The first column represents the overlap of the
funnel-shaped position restraints applied to the COM of the ligand and the initial colchicine
position for AA-FMD and CG-FMD. Starting pose for AA-FMD is represented in licorice,
while CG-colchicine starting conformation is represented with ball & stick. Columns 2nd

to 4th represent the three different funnel sizes investigated with CG-FMD by changing the
angular aperture parameter α. The first row depicts the Colchicalin-colchicine system, while
the second displays the BRD4 complex.
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CG FMD

For every protein model, CG-FMD has been performed with both ligand parameteriza-

tions, to assess how much a significant difference in predicted CG-logP of 2 units affected

the binding to the protein. In order to maintain comparability with atomistic results, the

funnel-shaped potential has been oriented in the same way. The influence of the funnel

size over the reproducibility of the affinity estimates has been assessed by repeating the

simulations with three different funnel apertures (i.e. α=0.5 “Large”, α=0.35 “Intermedi-

ate”, α=0.25 “Small”). The choice of the collective variables has similarly been based on

the same residues considered with AA-FMD. In this case, only a distance/angle combina-

tion has been used (Figure S15, Figure S16), given that applying a metadynamics potential

to a dihedral angle with these CG-system yielded numerical instabilities regardless of the

bias strength. Simulations have been repeated with two different bias strengths, namely a

“mild” (biasfactor=12) and “strong” setup (biasfactor=30), to identify the best choice

for convergence and reproducibility of results. For clarity, a graphical representation of the

parameter space explored in the simulation setup is reported in Figure S19. Starting ligand

conformation has been retrieved from equilibrium CGMD simulations, where the ligand has

entered the pocket from the solvent bulk (Figure 1).

Assessment of simulation efficiency

To evaluate the simulation efficiency of CG-FMD compared to AA-FMD, the number of

binding events observed across a subset of replicas of equal duration (1 µs) has been estimated

for both the colchicine-Colchicalin and colchicine-BRD4 systems. In particular, the ligand

has been annotated as bound whenever the distance ligand-pocket CV falls below a threshold

of 5 Å. A smoothing procedure has been applied to account for oscillation of the CV around

the threshold. In particular, if the time distance between two consecutive binding events was

below a cooldown period (tcooldown=1 ns), the two events have been merged. Furthermore,

short-lived events (t<minduration, with minduration=2 ns) have been discarded. A rate of
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binding events collection has been defined as λ = ηevents/twall, where ηevents is the average

number of binding events observed in a simulation of 1 µs and twall is the wall time (in hours)

necessary to complete the simulation of 1 µs. Further detail on the smoothing procedure

and an evaluation of the robustness of the overall assessment for various values of tcooldown

and minduration are provided in Figure S32 and Figure S33.

HPC Environment

AA-FMD simulations have been performed using GROMACS36,37 2022.3 patched with PLUMED38,39

v2.8.1 on LEONARDO40 Booster nodes (NVIDIA A100). CG-FMD and equilibrium CG-

MD simulations have been carried out using GROMACS v2023.3 patched with PLUMED

v2.9.0 on CPU-nodes of the Hábrók cluster, hosted by the Center for Information Technology

of the University of Groningen. All other simulations have been performed using GROMACS

v2023.5 on desktop workstations.

Results

Unbiased CG-MD simulation

The analysis of the ligand occupancy isocurves highlights how colchicine can access the ex-

perimentally known binding site starting from positions in the solvent bulk. In the case of

Colchicalin, if we compare the volume of regions with the same isovalue, we can observe that

it is higher for more flexible models (e.g. OLIVES and goMartini) compared to EN. The dif-

ference is even starker for the BRD4 system, where the occupancy inside the crystallographic

site is limited to approximately 0.02 if an elastic network is applied to the protein, whereas

it increases five-times to 0.10 if an OLIVES network is used. Interestingly, if we compare

occupancies across the two proteins, we can observe that higher isovalues are observed for

Colchicalin compared to BRD4, coherently with the difference in experimental affinity (Ta-

ble 1). By comparing isosurfaces obtained with the two different ligand parameterizations
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and the same protein model (EN), it is possible to observe how the identified pockets from

equilibrium are topographically similar, but with a significant difference in terms of abso-

lute occupancy values (Figure S14). In particular, the hydrophilic parameterization tends to

spend a higher fraction of the simulation time in fully solvated states, exploring less frequently

protein-bound configurations compared to the canonical parameterization (Table S2).

Figure 2: Influence of protein model on ligand occupancy isosurfaces from unbiased CG-MD
simulations. The first row contains results for the three protein tertiary network schemes
applied to Colchicalin. The second row contains results for the two models applied to BRD4.
Occupancies for the canonical colchicine parameterization are reported.

AA-FMD

Starting from a relaxed conformation of the ligand inside the crystallographic site, several

independent replicas of AA-FMD have been carried out. Initially, a ligand-protein distance

and dihedral angle have been used as CV pairs (Figure S15, Figure S16). The analysis of

the FES shows a well-defined basin of minimum energy overlapping with the experimental

pose for Colchicalin. In the case of BRD4, the basin is somewhat shallower. A second set

of replicas has been collected for both protein systems using different sets of CVs. The

ligand-protein distance has been maintained as the first CV, while a linear combination of

ligand-protein angle and dihedral angle (Figure S17) was employed for the second CV. This
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choice was based on the geometry of the funnel restraint that is applied to the ligand-protein

system. Inside the pocket, the ligand is allowed to explore all orientations with respect

to two protein residues (as defined by the dihedral angle). On the other hand, upon exit

from the binding site, the CV becomes a simple angle between the ligand and the same two

protein residues. Given that the funnel restraint for high distances is a narrow cylinder,

which translates in a limited range of angular values that can be explored by the ligand,

this allows quicker exploration of the solvated states. Interestingly, applying this hybrid

CV allows to reduce the duration of each replica by one third while still recovering the

same free energy landscape in both protein systems investigated (Figure S24). Binding free

energy estimates for Colchicalin are -11.3±1.6 kcal/mol for the distance-dihedral CV set and -

11.7±1.9 kcal/mol for the distance-hybrid CV pair, which are comparable to the experimental

reference of -13.6 kcal/mol. In the case of BRD4, the affinity estimate is -8.5±1.2 kcal/mol

for the distance-dihedral CV set and -8.8±1.0 kcal/mol for the distance-hybrid CV pair,

presenting a difference of approximately 2 kcal/mol from the experimental reference of -6.4

kcal/mol. AA-FMD predictions are in very good agreement with experimental reference

both for Colchicalin and BRD4 and the deviation from experimental value is comparable to

recent works reported in literature,41,42 as summarized in Figure S23.
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Figure 3: Comparison of FES obtained from FMD at different model resolution. The first
column contains data from AA simulations, while columns 2nd to 4th reports results from
CG-FMD simulations with different protein network models. The first row refers to the
Colchicalin-colchicine complex, while the second-row present results for the colchicine-BRD4
complex. For atomistic data, the FES has been obtained with the distance-hybridCV CV-
pair. For CG-results, only the FES obtained with intermediate funnel size (α = 0.35), mild
bias strength (biasfactor=12) and canonical ligand parameterization are presented.
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Figure 4: Colchicine binding free energy estimated from FMD. On the left, results for the
colchicine-Colchicalin complex. On the right, results for the colchicine-BRD4 complex. Or-
ange and pink bars represent AA-FMD values obtained with the distance-dihedral / distance-
hybridCV CV sets respectively. Blue and green bars symbolise CG-FMD estimates obtained
with the hydrophilic/canonical ligand parameterization of CG-colchicine across different pro-
tein backbone networks (x-axis groups). Pink dashed line indicates experimental reference.

Table 1: Comparison of experimental colchicine binding free energy with computational
estimates obtained with FMD at AA and CG resolution. Last column reports the absolute
value of the difference between the experimental reference and the FMD estimate. For
CG-FMD, only results obtained with the canonical colchicine parameterization have been
included.

Protein Ligand Type ∆Gbind

[kcal/mol]
|∆∆Gexp−FMD

bind |
[kcal/mol]

BRD4 Colchicine Experimentala −6.4 -
BRD4 Colchicine AA-FMD −8.8± 1.2 2.4
BRD4 Colchicine AA-FMD −8.5± 1.0 2.1
BRD4 Colchicine CG-FMD (EN) −6.2± 0.2 0.2
BRD4 Colchicine CG-FMD (goMartini) −7.0± 0.5 0.6
BRD4 Colchicine CG-FMD (OLIVES) −9.0± 0.3 2.6
Colchicalin Colchicine Experimentalb −13.6 -
Colchicalin Colchicine AA-FMD −11.3±1.6 2.3
Colchicalin Colchicine AA-FMD −11.7±1.9 1.9
Colchicalin Colchicine CG-FMD (EN) −11.2±0.3 2.4
Colchicalin Colchicine CG-FMD (goMartini) −10.8±0.3 2.8
Colchicalin Colchicine CG-FMD (OLIVES) −12.8±0.3 0.8

a Lucas et al. 32 b Barkovskiy et al. 22
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CG-FMD

To assess the reproducibility of the ligand binding free energy estimates with CG-FMD, we

have collected several sets of simulations with different combinations of protein network,

funnel size and metadynamics biasfactor, as reported in Figure S20 and Figure S21. In

the case of Colchicalin, CG estimates for the ligand canonical parameterization and the

EN or goMartini model, -11.2±0.3 kcal/mol and -10.8±0.3 kcal/mol, are comparable with

the -11.3±1.6 kcal/mol obtained through AA-FMD and the experimental reference of -13.6

kcal/mol. Allowing more flexibility to the binding site with the application of the OLIVES

network increases the CG-FMD estimate to -12.8±0.3. Interestingly, by repeating the simu-

lations with a more hydrophilic ligand parameterization, we observe a decrease in the binding

free energy of approximately 2 kcal/mol across all protein models. This is consistent with

the observation already drawn from equilibrium CG-MD, where the ligand occupancy of the

binding site was significantly reduced and colchicine spent a larger share of the simulation

time in the unbound state compared to the canonical parameterization. When considering

the BRD4 protein system, CG-FMD estimate for the canonical colchicine parameterization

and the EN protein network is -6.2±0.2 kcal/mol, which is remarkably close to the exper-

imental reference of -6.4 kcal/mol. As seen for the case of Colchicalin, introducing a more

flexible backbone model such as goMartini or OLIVES increases the CG binding estimate to

-7.0±0.5 and -9.0±0.3 kcal/mol respectively, which is still comparable with the prediction

of -8.5±1.0 kcal/mol obtained from AA-FMD. A notable feature is the rapid convergence

observed in the binding affinity estimates. In particular, if we consider the evolution of the

average binding free energy across the set of ten replicas per simulation setup, we can observe

how the average typically converges after three to four microseconds for simulations collected

with a mild bias (biasfactor=12), both for Colchicalin (Figure 5) and BRD4 (Figure 6).

Simulations collected with a stronger bias (biasfactor=30) reassuringly converge to similar

values but may present initially higher oscillations in the average estimate. Furthermore,

we note on passing that the combination of a narrow funnel and strong bias setup led to
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numerical instabilities, preventing some replicas from reaching the target duration of 10 µs.

Concerning the influence of the size of the funnel-shaped potential on the CG-FMD predic-

tion, it is interesting to observe that the estimates vary across a span typically below 0.4

kcal/mol (Figure S25 and Figure S26), which is comparable to the uncertainty associated

with each average. Thus, data suggests that the funnel shape has no significant influence on

the computed binding free energy.

Figure 5: Convergence of colchicine-Colchicalin binding free energy. Square-shaped data
points represent results obtained with a stronger bias (biasfactor=30) and canonical (green)
or hydrophilic (blue) ligand parameterization. Triangular points signify results obtained
with a mild bias (biasfactor=12 and canonical (orange) or hydrophilic (purple) ligand
parameterization. Purple dashed line indicates the experimental affinity reference.
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Figure 6: Convergence of colchicine-BRD4 binding free energy. Square-shaped data points
represent results obtained with a stronger bias (biasfactor=30) and canonical (green) or
hydrophilic (blue) ligand parameterization. Triangular points signify results obtained with
a mild bias (biasfactor=12 and canonical (orange) or hydrophilic (purple) ligand parame-
terization. Purple dashed line indicates the experimental affinity reference.
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Convergence of binding free energy estimates

Convergence of free energy estimates obtained from enhanced sampling techniques presents

some critical aspects well-documented in the literature. For instance, Aho et al. 43 observed

that differences for umbrella sampling (US) replicas may oscillate in an interval of 2-20

kcal/mol. By gradually reducing the bias deposited as the simulation progresses, well-

tempered metadynamics has been demonstrated to asymptotically converge.44 However, the

choice of CVs is critical in achieving good convergence. Indeed, many guidelines are avail-

able45 and alternative simulation protocols have been devised to compensate for the choice of

suboptimal CV sets.46 The purpose of this work is to assess the solidity of CG-FMD, there-

fore we opted for simple geometric descriptors of our systems as CVs, considering that they

could be easily extended to other cases of studies. As statistical uncertainty for the binding

affinity estimates, we have considered the SEM across collection of independent replicas.

Comparing the order of magnitude of this error for atomistic and Martini 3 systems yields

interesting insights. As reported in Table 1, the uncertainty associated with AA-FMD results

in this work is typically greater than 1 kcal/mol. This is quite striking, especially consider-

ing that significant number of replicas have been collected, ranging from sixteen to twenty

(Figure S22). Figure S27 provides greater detail on the free energy prediction evolution

for each independent replica of the colchicine-Colchicalin case with the distance/dihedral

angle CV set. Interestingly, all replicas show that within 300 ns the bias added has de-

creased to negligible values, but while some simulations have converged to a value close

to the experimental reference, others present a different trend. To assess whether longer

simulation time could improve convergence, the simulation duration has been increased to

1 µs for three replicas of both proteins. Figure S28 and Figure S29 show that, for both

systems, while two simulations oscillate in the proximity of the reference value (replicas 2,3

in Figure S28, replicas 2,3 in Figure S29), a third still fails to properly reach convergence.

This can be rationalized by recognizing that our geometric CVs do not fully capture all the

relevant slow degrees of freedom of the system. Interestingly, if we compare the evolution
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of the average binding free energy over short time for twenty replicas with the average over

longer times for three replicas, we can observe that they oscillate around similar values, but

the statistical uncertainty associated with the smaller dataset is definitely higher. It would

seem reasonable therefore to suggest that performing several replicas on shorter timescales

is better compared to focusing on few quite long simulations. In contrast, CG-FMD presents

remarkably good convergence properties. The SEM associated with the average free energy

over datasets of ten replicas is typically below 0.4 kcal/mol, as reported in Table 1. Further-

more, the convergence of the individual simulations is achieved typically within two to three

microseconds, as shown in Figure S30 for a setup with a slowly decreasing metadynamics

bias (biasfactor=30) and Figure S31 for a milder bias (biasfactor=12). A comparison of

the computational efficiency in sampling binding phenomena was performed by computing

the average number of binding events observed in simulation of equal duration (1 µs) both

at AA and CG level. As reported in Table 2, if we consider the wall time duration, CG-FMD

simulations have collected binding events at a rate λ that is ten times faster compared to

AA-FMD for the colchicine-(EN)BRD4 complex, while is twenty five times faster for the

colchicine-(EN)Colchicalin case. Additional λCG estimates for the other protein models con-

sidered are reported in Figure S33. Moreover, the substantially lower hardware demands of

CG simulations enable far greater scalability, broadening the scope of feasible investigations.

Table 2: Benchmark of the performances obtained for AA-FMD and CG-FMD. Results ob-
tained using a tcooldown=1 ns and t<minduration=2 ns in the binding events counting protocol.
More data on the robustness of this estimate using other parameters is reported in the SI.

Simulation
type

CPU-
allocation

GPU Protein Performance
[ns/day]

Walltime
[h]

η1µs
[Events]

λ
[Events/h]

AA-FMD 8-coresa 1c Colchicalin 190 126.3 14.3 0.11
CG-FMD 8-coresb none (EN)Colchicalin 3600 6.7 18.9 2.63
AA-FMD 8-coresa 1c BRD4 190 126.3 28.3 0.22
CG-FMD 8-coresb none (EN)BRD4 3600 6.7 17.6 2.63
a Intel Xeon Platinum 8358@2.60GHz b AMD EPYC 7763@2.45 GHz c NVIDIA Ampere

A100 64GB
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Conclusions

In this study, we combined FMD with the Martini 3 forcefield to estimate protein-ligand

binding free energies from CG-MD simulations. We found that CG-FMD simulations yield

binding affinity predictions comparable in accuracy to AA-FMD counterparts at a fraction of

the computational cost. Furthermore, we observed that convergence is easily obtained at CG

resolution, thanks to the increased sampling that can be readily collected. The significant

reduction in statistical uncertainty observed with Martini 3 simulations compensates for the

simplified description of the system, compared to a more accurate fully atomistic resolution.

The robustness of the CG-FMD protocol has been assessed by exploring several simulation

setups. Reassuringly, we found that CG binding free energy prediction does not vary signif-

icantly by changing the size of the funnel or the rate of decrease in the metadynamics bias.

In addition, we observed that allowing more flexibility in the protein by implementing an

OLIVES network compared to an Elastic Network yields a stronger binding affinity estimate.

While this work has been focused on a single ligand binding to two different protein tar-

gets, future studies should investigate the capability of CG-FMD to rank affinity of different

chemical scaffolds for the same binding site, thereby assessing the level of chemical accuracy

that can be achieved with the Martini 3 forcefield.6 With the rise of new tools for stream-

lining the parametrization of novel ligands to CG-resolution47,48 the combination of FMD

with the Martini 3 forcefield could offer an alternative, cost-effective, physics-based method

to estimate binding affinities of drug-candidates to biological targets, with high scalability

of system size and complexity.
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