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Abstract

Human G protein-coupled receptors (hGPCRs) are the most frequent targets of
FDA-approved drugs. Structural bioinformatics, along with molecular simulation, can
support structure-based drug design targeting hGPCRs. In this context, several years
ago, we developed a hybrid Molecular Mechanics (MM) /Coarse-Grained (CG) approach
to predict ligand poses in low resolution hGPCR models. The approach was based on
the GROMOS96 43A1 and PRODRG united-atom force fields for the MM part. Here,
we present a new MM /CG implementation using instead the Amber 14SB and GAFF
all-atom potentials for proteins and ligands, respectively. The new implementation
outperforms the previous one, as shown by a variety of applications on models of hG-
PCR/ligand complexes at different resolution, and it is also more user-friendly. Thus,
it emerges as a useful tool to predict poses in low resolution models and provides in-
sights into ligand binding similarly to all-atom molecular dynamics, albeit at a lower

computational cost.

Introduction

Human G protein-coupled receptors (hGPCRs) are the largest family of transmembrane
proteins (4% in the human genome'), with ~800 members. These receptors, which serve
as signal transmitters across the cell membrane, are very important from a pharmaceutical
perspective. About one third of FDA approved drugs target ~100 hGPCRs?; many oth-
ers (including about 400 human odorant and 25 human bitter taste receptors), are highly
promising drug targets3>.

While chemoinformatics approaches are highly useful to identify drug leads across the
entire superfamily®, rational drug development is limited by the lack of experimental struc-
tural information. For most hGPCRs (92 %), one has to resort to computational models.
Unfortunately, bioinformatics-based predictions have limitations due to the low sequence

identity shared across the superfamily®. The predictions can, however, be improved by



15 In this regard, our team has developed a hybrid Molecu-

using molecular simulation®"
lar Mechanics/Coarse-Grained (MM /CG) approach tailored to predict ligand poses in hG-
PCRs!'¢ 18, Here, the "MM" part consists of the ligand and the binding site, as well as
surrounding water molecules. So far, this region has been described using the GROMOS96
43A1 united atom force field for the protein, together with the PRODRG force field?® for
the ligand (hereafter, GROMOS-based MM /CG). The rest of the protein (CG region) has
been described by a Go model?'. This allows for preserving the overall flexibility of the

22,23

system , while reducing its overall complexity. Moreover, it minimizes possible structural

issues introduced by non-optimal side chain orientations in low resolution homology models,

13,2426 The membrane

i.e. built based on templates sharing sequence identity below 35 %
has been represented implicitly, further reducing the size of the system. The GROMOS-
based MM /CG scheme has been applied to a variety of hGPCRs, from the (2-adrenergic
receptor (32-AR) in complex with antagonists carazolol and isoprenaline!%2?7  to bitter taste
receptors (hTAS2R) bound to agonists?” 2 and GPR3 with a synthetic agonist3®. The
GROMOS-based MM /CG simulations for these complexes turned out to be consistent with
the available experimental data. Simulations of the $2-AR/carazolol complex reproduced
the crystallographic ligand pose, regardless of the resolution of the initial structure (either a

6

high resolution X-ray structure!® or a low resolution homology model®?). In particular, the

predicted receptor-ligand interactions were consistent with those in the X-ray structure3!
and in previous all-atom (AA) Amber(99SB)-based molecular dynamics (MD) simulations®?,
though protein-ligand distance distributions were slightly different*®. The initial structure of
the $2-AR/isoprenaline complex was generated using an X-ray structure of the same receptor
bound to carazolol. The subsequent GROMOS-based MM /CG simulation was in good agree-
ment with previous AA-MD simulations32. In contrast, for the hTAS2R- and GPR3-ligand

2130 only low resolution models could be built and the only experimental data

complexes
available for validation were mutagenesis experiments, which may pinpoint specific residues

involved in ligand binding!®. The GROMOS-based MM /CG simulations identified most of
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the experimentally determined binding residues , improving remarkably the predictions

of molecular docking!3%.

Here, we present a new implementation of the MM/CG approach. It uses the Amber
14SB3 and GAFF34 all-atom force fields for the MM part of the receptor (hereafter, Amber-
based MM/CG). Such implementation has two major advantages. First, a small molecule
force field (GAFF3*) has been specifically designed for molecules of pharmaceutical relevance
and it is compatible with the Amber protein force field®3. Second, the ligand parameteri-
zation with GAFF can be automatized using ACPYPE?, replacing the use of the external
PRODRG webserver?’. Thus, the Amber-based MM /CG implementation facilitates the au-
tomatization of the ligand parameterization and thereby accelerates the simulation setup for
pharmaceutically relevant hGPCRs.

Here, we performed Amber-based MM /CG simulations for a variety of hGPCR/ligand
complexes, using starting structures at different resolution. These benchmark systems were
used, on one hand, to validate our new implementation, by comparing our results with X-ray
structural information and/or all-atom and GROMOS-based MM /CG simulations. On the
other, the results were compared with docking poses for models across different resolution

9:36:37  Specifically, we focused on four hGPCR/ligand complexes, using structural

regimes
information of decreasing resolution, see Table 1).

(1) The human adenosine 2A receptor in complex with its antagonist caffeine (hAspR/CFF).
Here, X-ray structural information® and all-atom Amber(99SB-ILDN)-based MD simula-

39 are available for a posteriori validation. The starting structure for the Amber-based

tions
MM/CG simulations carried out in this work was based on a snapshot of the latter.

(ii)) The human F2-adrenergic receptor in complex with the agonist adrenaline (52-
AR/ADR). In this case, the Amber-based MM /CG simulations were started from two dif-
ferent models at different resolution. The available X-ray structure*® was used to validate

retrospectively our results. The first model was constructed using the structure of the same

receptor co-crystallized with another agonist, the high-affinity ligand BI167107°, similar



to the procedure followed previously for the 32-AR/carazolol complex!®?”. ADR was then
docked into the binding cavity. The two 52-AR ligands share the phenol ring and the hy-
droxylamine tail (Figure S94!). Thus, the predictive power of docking procedures in this case
is expected to be very high®3%37. The second model was built using a template with 24 %
sequence identity, the M2 muscarinic acetylcholine receptor (M2R) in its active state con-
formation®?. Here, docking predictions are challenging because of the low overall sequence
identity, but they can still be successful, depending on the level of conservation of the ligand
binding residues®43. In this case, nine out of 41 ligand-contacting residues?* are conserved.

(iii) The dopamine D3 receptor in complex with the antagonist eticlopride (D3R/ETTI).
Here, we built two homology models. The first one used the dopamine D4 receptor®® as
template. The two dopamine receptor subtypes share 41 % sequence identity, right above the
35 % to 40 % threshold suggested for successful docking to hGPCR homology models®46. The
second model was based on the M2R in an inactive state?”, a template with 31 % sequence
identity and thus right below the aforementioned 35 % to 40 % threshold. Therefore, the two
D3R models are expected to be medium- and low-resolution, respectively.

(iv) The human bitter taste receptor 16 in complex with phenyl-3-D-glucopyranoside
(hTAS2R16/PGP). Only low resolution models can be built in this case, because the sequence
identity of hTAS2Rs with any other hGPCR with available experimental structure is <
20 %13, Under these circumstances, the predictive power of docking is highly limited!3. The
results were compared with previously reported mutagenesis data*® and GROMOS-based
MM /CG simulations®.

The Amber-based MM /CG simulations on systems (i) and (iv) improve the ligand pose
predictions relative to the GROMOS-based ones. The retrospective validation on systems
(ii) and (iii) further shows the potential of Amber-based MM /CG simulations to identify
protein-ligand interactions. Finally, the Amber-based MM /CG performs better than docking
alone to predict binding residues for low-resolution models. For high-resolution models,

19:36,37

where docking is usually highly successfu , our simulations provide new insights into



the flexibility of receptor—ligand interactions and hydration of the binding cavity, at a lower
expense than all-atom MD. Hence, the new implementation, which is freely available, is
expected to assist the prediction of ligands and to shed light on flexibility and hydration of

the binding site across hGPCRs (as well as GPCRs from other species).

Table 1: Overview of the hGPCR/ligand complexes studied in this work.

. Comparison
hGPCR/ hgf nd MM/ CbG Initial structural model® to?
complex type .
QF w
B E
< < E
hA2AR/CFF (HR) GROMOS AA-MD snapshot 3RFM v v/ X
Amber AA-MD snapshot 3RFM v v X
pB2-AR/ADR (HR) Amber Model (4LDE) + docking 4LDO X v v/
32-AR/ADR (LR) Amber  HM (4MQS, 24%) + docking ~ 4LDO X v/ V
D3R/ETI (MR) Amber  HM (5WIU, 41%) + docking ~ 3PBL X v v
D3R/ETI (LR) Amber HM (3UON, 31 %) + docking 3PBL X v v/
hTAS2R16/PGP (LR) GROMOS HM (4LDE, 13%) + docking X Xv v
Amber GROMOS-based MM /CG frame X Xv v

“HR, MR and LR denote high, medium and low resolution models, respectively.
"MM/CG simulations were either based on the Amber 14SB force field* or GROMOS
43A1 force field*® for the protein MM part. hTAS2R16/PGP GROMOS simulations are
taken from reference 29.

“The "AA-MD snapshot" was taken from an Amber99SB-ILDN-based AA-MD simula-
tion®. "Model" was based on the X-ray structure of the same 32-AR*; thus the sequence
identity is 100 %. "HM" refers to homology models (with template and sequence identity
indicated between parentheses), followed by ligand docking with HADDOCK?®?. For the
hTAS2R16 /PGP complex, the GROMOS MM/CG trajectory was taken from reference
29; a snapshot of this simulation was used to start the Amber-based MM /CG simulations
reported in this work.

4The results of the simulations were validated against available X-ray structures (PDB
code shown), mutagenesis data!%517%5 and /or AA-MD simulations®®, as indicated. The
MM /CG-derived ligand poses are compared with those generated by docking (from ref-
erence 29 for hTAS2R16/PGP).



Methods

The next subsections provide details on the protocol for each of the computational methods
used to predict ligand binding poses, i.e. HADDOCK-°%°¢ and Glide Induced Fit Docking®?,
as well as GROMOS- and AMBER-based MM /CG simulations. The standard protocols for
each of these methods were used. Only in the cases of hAsyR and hTAS2R16 /PGP these
protocols were adjusted to be able to compare our results with published ones (see references

39 and 29, respectively).

Starting structures

The starting structure of hAsa R in complex with caffeine (system (i)) was taken from an AA-
MD trajectory based on the Amber force field® (Table 1), while that of " TAS2R16 /PGP (iv)
was taken from a GROMOS-based MM /CG simulation of this receptor-ligand complex?.
Two initial structures at different resolution were generated for each of the 52-AR/ADR (ii)
and D3R/ETT (iii) complexes. The sequences of 52-AR and D3R were retrieved from the
corresponding UniProt entries, i.e. P07550 and P35462, respectively. The extracellular N-
termini (1-34 aa for §2-AR and 1-32 aa for D3R) were not included in the modeling because
of the lack of templates covering this region.

For $2-AR, a high-resolution model (HR) was built based on the X-ray structure of the
same receptor bound to a different ligand, i.e. the high-affinity agonist BI167107, and an
engineered nanobody (PDB code 4LDE*), by reverting the thermostabilizing mutations
and adding the missing intracellular loops. Thus, the model has effectively 100 % sequence
identity. A second model was generated by homology modeling using as template the M2
muscarinic acetylcholine receptor in an active state bound to the agonist iperoxo (PDB code
4MQS*?). The sequence identity is only 24 %, resulting in a low-resolution model (LR)?>2°.

For D3R, two inactive state models (as expected for D3R bound to the antagonist eti-

clopride) were generated using homology modeling (Table 1): (i) a medium resolution (MR)



model using as template the D4 dopamine receptor in complex with the antagonist nemon-
apride (PDB code 5SWIU*®| sequence identity 41 %) and (ii) a LR model using as template
the M2 muscarinic acetylcholine receptor bound to the antagonist 3-quinuclidinyl-benzilate
(PDB code 3UONY", sequence identity 31 %). Target-template sequence alignments were

59
, except

performed using the HHsearch®® implementation within the GOMoDo webserver
for the D3R-D4R alignment. In that case, the template was not available in the GOMoDo
library®® and thus we resorted to SWISS-MODEL%’, which also uses HHsearch®. Homol-

RO6L62 either the version implemented in

ogy models were then created using MODELLE
GOMoDo™ or its standalone version (9.11). For the HR and MR models, only two models
were produced for each template (default in GOMoDo). We selected the best one in terms
of normalized DOPE® and GA341 quality values®%. For the LR models, one hundred
models were generated. The best one was chosen based on the same aforementioned quality
criteria. No loop refinement was attempted. These models were then funneled through an
information-driven molecular docking protocol using the Guru interface of the HADDOCK2.2
webserver®®. This uses MolProbity% and PRODRG®” for the setup of the protein and lig-
and, respectively. In addition, we predicted the putative binding cavity using Fpocket .
Fpocket-predicted residues whose side chains were pointing inside the receptor were used as
HADDOCK active residues, whereas passive residues were automatically defined as surface
neighbor residues within a 6.5 A radius from the active residues™. We followed the small
ligand docking protocol described in references 69 and 70. It consists of three steps. First,
a rigid body docking generates 1000 initial ligand poses. Next, the best 200 poses from the
previous step are refined, based on a semi-flexible simulated annealing (SA) simulation in
the torsion angle space. This SA procedure consists of two cooling stages: (i) from 500K to
50K in 1000 MD steps and (ii) from 300K to 50 K in 1000 MD steps. In these two stages,
the ligand and the residues within 5 A from it are allowed to move, side chains only in (i) and
both side chains and backbone in (ii). Finally, three short MD simulations in explicit water

refine and improve the scoring of these 200 poses: (i) heating to 100 K, 200 K and 300K



(100 steps); (ii) 300 K simulation (1250 steps); (iii) cooling to 300 K, 200 K and 100 K (500
steps). Both ligand and protein are fully flexible, though positional restraints on the back-
bone heavy atoms are used to maintain the overall protein conformation. The protocol uses
the recommended HADDOCK score settings for small molecules® ™. The obtained docking
poses were then clustered based on their RMSD with a cutoff of 2.0 A. For each cluster,
the four top poses were rescored using the PRODIGY-LIG webserver® 7. The predicted
binding energies were used to calculate the average value for each cluster. The best cluster

was selected as that with the lowest average predicted binding energy.

Simulation Details

The setup of the four different systems in Table 1 was performed with in-house scripts.
Four and three replicas of hAsaR/CFF and hTAS2R16/PGP, respectively, were started
using different initial velocities. The four top poses of the best cluster of the 52-AR/ADR
and D3R /ETI complexes were used as the initial structures to start four different MM /CG
replica simulations, each. Histidine protonation states were determined automatically using
pdb2gmx ™ except for hAyAR/CFF and hTAS2R16/PGP. In those cases, they were set
manually in order to replicate those used in the previous Amber-based AA3? and GROMOS-
based MM /CG?® simulations, respectively.

Our MM/CG model consists of three regions with different levels of resolution 6:17:22:23;
molecular mechanics resolution in the region around the ligand binding site (described with
either the GROMOS or Amber force field), coarse-grained resolution far from the binding site
(described by a Go-like potential?!) and a hybrid interface to connect them (see Figure 1).
The definition of the MM and I regions is based on a cutoff value, calculated as the z
coordinate centered between the two membrane planes ¢; and ¢o (Figure 1). All protein
residues located above this cutoff (i.e. towards the extracellular part of the receptor) are

treated at the MM level (in green color in Figure 1). The residues located up to 6 A below

the cutoff (i.e. one helical turn) form the I region (in red color in Figure 1), which is also



treated atomistically. The rest of the protein is treated at the CG level (in yellow color
in Figure 1). The MM and I residues for the systems considered in this work are listed in
Table S2.

The MM region was described in two ways (see Table 2):

(i) with the GROMOS 43A1 protein force field* together with the SPC/E water model ™.
For the CFF ligand, automatically generated PRODRG?° parameters and charges were used.
For PGP, preliminary simulations (see reference 29) showed that the automatically gener-
ated PRODRG parameterization was not able to reproduce the topology of the ligand. In
particular, spurious intramolecular glucose hydrogen bonds between the 3’ and 5 hydroxyl
groups (see Figure S14), as well as artefactual flipping of the glucose hydroxyl groups between
equatorial and axial conformations were observed. Hence, a manual procedure was used to
parameterize the ligand?®. In particular, the parameters were built by combining GROMOS
56a6  CARBO parameters™ for the 3-D-glucopyranose unit and PRODRG?’ generated pa-

77

rameters for the aglycon (see Figure S14). RESP charges™ (generated using Gaussian”” and

Antechamber ™®) were used, following reference 79.

(ii) with the Amber 14SB force field®® (taken from the GROMACS website!?), together
with the TIP3P water model®. Ligand parameters for CFF, PGP, ADR, and ETI were
automatically generated with ACPYPE?® using the general Amber force field (GAFF)34
and AM1-BCC8! charges, except for PGP, for which ligand RESP charges were taken from
reference 29.

The MM /CG setup includes the introduction of five potential walls (¢; to ¢s5, Figure 1) in
order to mimic implicitly the membrane and enclose the system (see Supporting Information
section MM/CG Model for further details). The spatial orientation of each hGPCR in
the membrane, and the position of the membrane planes ¢; o (mimicking the lipid polar

82

head groups) were automatically determined by the PPM server®®. The distance between

the two membrane planes was manually adjusted so that the membrane thickness is closer

to the values expected for a real membrane (35.0A for hA,,R/CFF, 32-AR/ADR, and

10



D3R/ETI; 31.2A for hTAS2R16/PGP for consistency with reference 29). The potential
wall ¢5 was built to mimic the lipid tails surrounding the protein. The system was solvated
with a box of water molecules and the water molecules under the upper plane and outside
of the upper hemisphere were subsequently deleted to obtain a hemispherical water droplet
solvating the extracellular part of the receptor (Figure 1). This has been shown to be

16 Radii of the upper

sufficient to ensure the proper hydration of the ligand binding site
and lower hemispheric walls for hA;yR/CFF were set to 38.0A and 57.5 A, respectively.
The values used for the other complexes are: 50.0 A (upper) and 50.0 A (lower) for both
B2-AR/ADR and D3R/ETI, and 53.0 A (upper) and 35.0 A (lower) for hTAS2R16/PGP,
following reference 29. Plain cutoff schemes were used for both the electrostatic Coulomb
and the van der Waals interactions, with radii 14 A and 16 A, respectively. No periodic
boundary conditions were used and the simulations were carried out at constant temperature
of 300 K. Further details on the Amber- and GROMOS-based MM /CG simulations can be
found in Table 2. Specifications for the all-atom simulation of hA;yR/CFF3 are also shown
for comparison.

An in-house MM /CG extension of GROMACS 4.5.17>™ was used to run the MM/CG
simulations (either GROMOS- or Amber-based). The systems were first minimized and
equilibrated. The equilibration procedure was system dependent. The initial structure of
hAAR/CFF is a snapshot from an already equilibrated AA-MD simulation. Thus, only a
short equilibration (5ns with positional restraints of 1000 kJ mol ' nm 2 on the Ca atoms)
was performed. §2-AR/ADR and D3R/ETI were equilibrated for a longer time (20 ns) with
positional restraints of 1000 kJmol 'nm 2 on the Ca atoms. hTAS2R16/PGP, based on
a homology model with low sequence identity, underwent a simulated annealing procedure
(from 0K to 300K in 6ns, using 30 steps of 120 ps each, plus 2.4ns at 300 K) followed by
four steps (2.5ns each) with position restraints on the Ca atoms decreasing from 1000 to

125 kJ mol ! nm 2.

Simulations were then continued removing all restraints and without any type of bi-

11



asing potential applied. The length of the simulations was 800ns for hA,,R/CFF and
hTAS2R16 /PGP, similar to previous simulations®+?. 500ns were run for the 52-AR/ADR
and D3R /ETI systems, where the ligands stabilized in the binding cavity in less than 100 ns,
see Figures S8a to S8c. All simulations were run with a time step of 2fs. The SHAKE al-
gorithm was used to constrain the hydrogen bond distances. Stochastic dynamics were used
to mimic water interactions to the coarse-grained part using 7 = 0.4ps and T, = 300 K.

Snapshots were written every 100 ps.
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Figure 1: Typical setup of the MM /CG partitioning for a GPCR/ligand complex, using
the hA,,R/CFF system as example. The three regions (MM, I, and CG) are framed with
different background colors and the potential walls (¢;) are indicated with black solid lines
for the planes ¢; and ¢9, dotted lines for the hemispheres ¢3 and ¢4, and solid curly lines

for ¢s.
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Table 2: Details of the Amber- and GROMOS-based MM /CG simulations, along with the
all-atom simulation of the hA;yR/CFF system®.

Amber GROMOS

Simulation all-atom MM/CC MM/CC
simulation time 800 ns 500-800 ns 800 ns
time step 2fs 2 fs 2 fs
PBC® v X X
total atoms ~150k ~10k-18k ~8k-18k
force field Amber Amber GROMOS96
99SB-ILDN 14SB 43A1
ligand model GAFF GAFF PRODRG®
ligand charges RESP AM1-BCC¢ PRODRG®
water model TIP3P TIP3P SPC/E
electrostatic cutoff PME¢ 1.4nm 1.4nm
membrane explicit implicit (potential walls)
ions v X X
thermostat Nosé-Hoover stochastic dynamics
barostat Andersen- X X
Parrinello-Rahman
temperature 310K 300K 300 K

?Periodic Boundary Conditions.

Following reference 29, the PGP parameters are a combination of PRODRG parameters
for the phenyl aglycon and GROMOS 56a6 _CARBO parameters for the glucose ring.
‘RESP charges were used instead for PGP for consistency with reference 29.

4Particle Mesh Ewald.

Docking

We performed additional docking calculations for 52-AR/ADR and D3R/ETI. Besides the
HADDOCK?53%5¢ docking to generate starting structures, Induced Fit Docking (IFD)57 with
Extended Sampling (Schrédinger-Maestro v2017-3%3) was used. The 32-AR HR and LR
models, as well as the D3R MR and LR models underwent protein preparation with the

83 This automatically assigned bond orders for amino acid residues and

Schrodinger suite
protonation states of Asp, Glu, Arg, Lys, and His at pH 7.0, using the propKa code®*. Hy-
drogen atoms of the resulting structures underwent geometry optimization using the OPLS3

force field®. Ligand preparation was performed with LigPrep® using the OPLS3 force

13



field®. Ligand protonation states were generated with Epik®” using pH 7 & 2. The most
likely state at physiological conditions was chosen for each of the ligands based on the pKa
values of the titrable groups (i.e. protonated amino group for both adrenaline and eticlo-
pride). The enantiomeric states of all ligands were chosen to have the chirality of the ligands

used experimentally 4088,

i.e. (-)-adrenaline and S-(-)-eticlopride. The docking site was en-
closed in an inner box of 10 x 10 x 10 A”. The size of the outer box was set automatically
to accommodate the docked ligands. The boxes were centered at the original position of the
ligand in the crystallographic structures. The first step of the IFD?” with extended sampling
protocol is Glide docking® to produce initial ligand poses with two different methods, either
using a softened potential or with removed side chains. Up to 80 representative poses are
returned based on the GlideScore SP5.0% and a penalty for non-planar amide torsions. The
representative poses are then used for Prime® side-chain prediction of residues within 5 A
of the ligand, followed by minimization of the residues and the ligand. Next, the ligand
was redocked using Glide® with default Glide SP settings. The poses are scored with the
IFD extended sampling protocol scoring function. No H-bond or core constraints were used

in the docking protocol. 68, 66, 43 and 46 poses were generated for the §2-AR/ADR HR,
£2-AR/ADR LR, D3R/ETI MR and D3R/ETI LR complexes, respectively.

Simulation Analysis
Ligand RMSD Analysis and Clustering

The root-mean-square deviation (RMSD) of the ligand non-hydrogen atoms was calculated
using the RMSD Trajectory Tool in VMD®! after performing least-squares-fitting of the
protein Ca atoms to a reference structure. For CFF, the RMSD was determined along the
entire trajectories using the last frame of the all-atom trajectory as reference. For ADR and
ETI, the RMSD was calculated for the entire trajectories and representative poses obtained
through clustering of the MM /CG simulations, as well as for the docking poses. The X-

40,88

ray structures were used as reference. For PGP, the ligand RMSD was calculated for

14



the entire trajectories and the last frame of each trajectory was the reference. The ligand
RMSD analysis shows that no unbinding events occur for any of the simulations performed
in this study (see Supporting Information, section Ligand RMSD analysis and Figures S2,
S8 and S13 and Table S13).

A cluster analysis based on the RMSD of the ligand non-hydrogen atoms was performed
using the GROMACS 5.1 cluster module with the gromos® method. In this implementation,
the specified RMSD cutoff is the minimum distance of all individual structures to the cluster
“central” structure. This structure can be used as the representative structure of the cluster
for further analysis. The algorithm does not impose a quality threshold for the structures
contained in each of the retrieved clusters. This might result in unrelated structures being
classified as belonging to the same cluster®®. To address this issue, we visualized the clusters
and checked (i) for sufficient similarity across the structures within a cluster and (ii) for
sufficient distance among the different clusters. RMSD cutoffs of 1.50 A, 1.25A, 2.00 A
and 1.50 A were used for CFF, PGP, ADR, and ETI, respectively. The RMSD cutoff for
each system was chosen based on the distribution of ligand RMSD values across all replica
simulations of the systems under consideration.

For hA;pAR/CFF, cluster analysis was performed for the last 450ns to 800ns of each
trajectory. In the AA-MD of this complex, a receptor conformational change occurred at
~450ns that made the binding cavity more compact. As a result, the ligand pose changed
with respect to the initial (X-ray-like) pose. Hence, the initial configuration for both the
GROMOS- and Amber-based MM /CG simulations is based on a snapshot of the AA-MD
taken after this receptor conformational change. The MM /CG trajectories were also analyzed
only for the last 350 ns in order to have an equivalent simulation length for comparison among
different simulation types. The most populated clusters, adding up to at least 90 % of the

whole simulation time, were selected for further analysis.
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Ligand—Receptor Interactions

Ligand-receptor interactions were determined by a combination of visual inspection of the
representative structure of each cluster and automatic detection using in-house scripts (based
on the HBonds tool in VMD" and g mindist in GROMACS™). Cutoff values used to
define the different types of interactions are: for hydrogen bonds, 3.5A donor-acceptor
distance and 35° donor—hydrogen—acceptor angle (tolerance for deviation from a perfectly
linear interaction); for salt bridges, 4 A distance between charged groups; and for contacts
(either hydrophobic or 7-7 interactions), 5.0 A between the closest carbon atoms. Analysis
of the ligand-receptor interactions using this protocol was performed for the representative
structures of the most populated clusters of the MM /CG simulations, as well as for the
docking poses and for the X-ray structures used for retrospective validation. Additional
analyses based on the interaction persistency along the whole simulations are given in the
Supporting Information (Tables S3 to S5, S7 to S12 and S14 to S16). As noted above,
for the hA;yR/CFF complex, trajectories were analyzed only for the last 350ns. Protein
residues are indicated using both the receptor sequence number and the generic class A

GPCR number based on the Ballesteros-Weinstein®! scheme (as superscript).

Comparison with experimental mutagenesis data

The agreement between simulation results and experimental mutagenesis data was quanti-

113, as well as the F; score. Residues

fied using the statistical parameters precision and recal
for which site-directed mutagenesis data was available were classified as "experimentally
binding" (EB), when their mutation increases ECsy or K; values, or "experimentally non-
binding" (ENB), when those values do not significantly change upon mutation. Mutagenesis
data was taken from references 51 and 48 for the hA;4R/CFF and hTAS2R16 /PGP com-
plexes, respectively. For 52-AR/ADR and D3R/ETI, mutagenesis data was retrieved from
GPCRdb?, which in turn was compiled from references 52-54 for 32-AR/ADR and refer-

ence 55 for D3R/ETI. The same residues were classified as "computationally binding" (CB)
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or "computationally non-binding" (CNB) depending on the presence of the receptor-ligand
interactions (hydrophobic contacts and /or direct or water-mediated H-bonds) in at least one
of the representative structures of the most populated clusters.

Agreement between computational predictions and experiments results in either true
positives (TP, EB4+CB) or true negatives (TN, ENB+4CNB). Discrepancies between compu-
tational predictions and experiments can be classified as false negatives (FN, EB+CNB) or

false positives (FP, ENB+CB). The agreement was analyzed in terms of precision

Nrp
PREC = ————— 1
Nrp + Npp M)
and recall
Nrp
REC = ———— 2
Nrp + Npn 2)

where N is the number of residues of the type given in the subscript (e.g. Nzp is the number

of residues identified as true positives), as well as their harmonic mean (F} score)

PREC - REC

F1:2'PREC+REC' (3)

The first two statistical parameters indicate the agreement of the simulations with experi-
ments, with values ranging from 0 (no agreement) to 1 (perfect agreement). F; measures
the effectiveness of the computational predictions in retrieving accurately the experimental
data. An F} score of 1 indicates perfect precision and recall (i.e. both low false positives
and low false negatives).

Calculation of these statistical parameters may be biased because of the criteria used for
the assignment of TP, FP, TN and FN. Hence, we used two alternative, yet complementary
definitions of these, based (i) on the representative structures of the combined clusters or (ii)
on the interaction persistency along the simulations. The use of the cluster representative

structures has the limitation that these structures correspond to frames along the trajectory,
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not to minimized structures, and thus do not capture the dynamical fluctuations of the
protein-ligand interactions. Instead, the use of persistency values does include the intrinsic
conformational fluctuations of the ligands, but, on the other hand, do not allow to pinpoint
individual ligand poses. The calculated statistical parameters turn out to differ by 0.00 to
0.25. This allows us to suggest that, at least for the complexes considered here, the degree

of bias related to our definitions is quite low?°.

Further analyses

To compare the receptor flexibility in the different simulations, the protein RMSF has been
calculated. Details and results can be found in the Supporting Information (section Protein
RMSF analysis and Figures S1 and S7). The Ligand position and the Ligand flipping angle
have been further analysed for AjsR/CFF and compared to the results in the publication
of the all-atom simulation®® (see the corresponding sections and Figures S3 to S6 in the

Supporting Information.

Results

Amber-based MM /CG simulations were carried out on four hGPCR /ligand complexes at
different resolutions: hA,p R/CFF, $2-AR/ADR, D3R/ETI, and hTAS2R16 /PGP (see Ta-
ble 1). The results were validated against Amber-based AA-MD, X-ray structural data,
site-directed mutagenesis experiments, GROMOS-based MM /CG simulations and docking

procedures.

A high resolution model: the hA;,R/CFF complex

Here we investigated whether the Amber-based MM /CG simulations are able to reproduce
the CFF binding poses observed in the X-ray structure®®, along with an 800 ns long Amber-
based AA-MD simulation by Cao et al.3°. Comparison is also made with GROMOS-based
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MM/CG simulations (Table 1).

For both GROMOS- and Amber-based MM /CG, the flexibility of the MM part of the
protein (see Cae RMSF in Figure S1) is preserved relative to X-ray and all-atom MD simu-
lations, despite the presence of the CG region.

In the Amber-based AA-MD simulation the ligand explored multiple binding poses. Dur-
ing the first 450ns, CFF explores mainly a binding pose similar to the X-ray structure
(see Figure S2). Afterwards, binding of a cholesterol molecule near transmembrane helix 2
changed the conformation of the receptor, making the binding cavity more compact3’. As a
result, the CFF pose changed (see Figure 2a) and this new pose remained stable for the last
350 ns of the AA-MD (see Figure S2).

For the hybrid simulations, clustering analysis on the last 350 ns (Figure 2 and Table 3)
shows three representative binding poses for the Amber-based MM/CG (AM1-AM3) and
four for the Gromos-based MM /CG (GM1-GM4). The two most populated clusters of the
Amber-based MM /CG simulations (AM1 and AM2) are similar to those emerging from the
Amber-based AA simulations®® (AA1, see Figures 2b and 2c¢). The cluster AM3 (Figure 2d)
has the same orientation as that of the X-ray structure®, though displaced by about 2.5 A
further inside the receptor. We conclude that both the AA and MM/CG simulations ex-
plored additional ligand poses, besides the X-ray one. We surmise this is caused, at least
in part, by two factors. On one hand, all the simulations presented here were carried out
at 300K, while the X-ray structure was solved at 200 K%. At higher temperatures, the
ligand explores a larger number of conformations. In this regard, our results are in line with
the previous AA-MD simulations (not only Amber-based®” but also CHARMM-based %),
and, most importantly, they are consistent with NMR experiments®”?. On the other, the
receptor conformation present in the simulations? is different from the one in the initial
X-ray structure3®, further influencing the binding pose. Additional details are provided in

the Supporting Information (section Discussion on the caffeine binding poses).

The GROMOS-based MM /CG simulations sampled binding poses different from the
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Amber-based all-atom and MM /CG simulations, as well as the X-ray structure. However,
the most populated GROMOS-based MM /CG pose (GM1, see Figure 2e) features a similar
orientation as the AM2 (Figure 2¢) and AA1 poses, indicating a partial overlap between the
conformational space sampled by the different simulations. Nonetheless, this pose is shifted
by about 2.5 A further inside the binding cavity, resulting in different receptor-ligand inter-
actions (Table 3).

In addition, we validated the simulations results against mutagenesis data®. The Amber-
based MM /CG simulations turned out to be in perfect agreement (i.e. precision, recall and
F score are 1.00). Instead, the agreement is lower for the GROMOS-based MM/CG (see
Table 4).
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(a) AA1 - X-ray (b) AA1 - AM1 (c) AA1 - AM2 (d) AA1 - AM3

(e) AAL - GM1 (f) AAL - GM2 (g) AAL - GM3 (h) AAL - GM4

Figure 2: Representative binding poses of hAy;yR/CFF. (a) Comparison of the most popu-
lated binding pose of the reference Amber-based AA simulation (AA1, gray) with the X-ray
structure (PDB code 3RFM?®, black). (b)-(d) Binding poses of the Amber (AM, green) and
(e)-(h) GROMOS-based MM /CG (GM, red) simulations compared to AAT.
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Table 3: Interactions of the most populated clusters for the Amber all-atom (AA), Amber-
based MM /CG (AM) and GROMOS-based MM /CG (GM) simulations and the X-ray struc-
ture® of the hA,nR/CFF system. The clusters are numbered consecutively according to
their population, indicated as percentage. Mutagenesis data is taken from reference 51.
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Table 4: Precision (PREC), recall (REC') and F score of the Amber- and GROMOS-based
MM /CG CFF poses in hAy5R (see Table 3).

Amber GROMOS
MM/CG MM/CG

PREC 1.00 0.67
REC 1.00 0.50
F 1.00 0.57

From high- to low-resolution models: the 52-AR/ADR and D3R /ETI

complexes

Here, we investigated the capability of the Amber-based MM /CG approach to predict ligand
binding poses starting with models of diverse resolution. We focused on two complexes (52-
AR/ADR and D3R/ETT) and generated two models at different resolution for each of them
(see Table 1).

For both receptors, the Cax RMSF values calculated from the Amber-based MM/CG
simulations compare well with those from CHARMM-based AA-MD ! (Figure S7), as well

1088 (see Supporting Information for details).

as with the crystallographic §-factors

For 32-AR/ADR, the X-ray structure? shows that the ligand forms a salt bridge with
Asp113332 (conserved across aminergic receptors #11) and H-bonds with Asp113332, Ser203°42,
Ser207546 Asn29355° and Asn31273? (the last is conserved across 3-adrenergic receptors?t).

The Amber-based MM /CG simulation of 52-AR/ADR (HR) reproduces all of the crys-
tallographic interactions?® (see Table 5). This contrasts with the HADDOCK or IFD-based
dockings started from the same receptor model. These docking approaches reproduced the
salt bridge with Asp113332, but they missed some of the H-bonds.

As expected, the predictive power turned out to be lower in the LR model (see Ta-
ble 5). The Amber-based MM /CG-derived simulations and IFD predicted interactions with
residues Asp113332, Asn293%5° and Asn3127-3%, but missed two H-bonds with Ser203°4? and

Ser207546. The HADDOCK docking poses missed most interactions, in particular the H-
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bond with Asp113332.

In addition, the Amber-based MM /CG simulations predict a hydrogen bond with Ser204°-43,
either direct for the HR model or water-mediated for the LR model. The crystallographic
pose is compatible with the presence of a water-mediated hydrogen bond with Ser204°4349,

Mutagenesis data for the 52-AR/ADR complex!5254102103 (g0 last column in Table 5)
suggests that Ser203%42, Ser204%43, Asn293%5° and Asn3127-3 are involved in binding (EB,
see Methods), while Cys116%3° is not (ENB). Validation of the Amber-based MM /CG simu-
lations against this data shows that precision is maximal, while recall and F} score are higher
compared to docking (Table 6).

In addition, we compared the Amber-based MM /CG results with CHARMM-based AA-
MD studies previously published in the literature. In the case of the §2-AR/ADR complex,
the ligand RMSD values (Table S13) were comparable to those previously reported for the
AA-MD ! Furthermore, the receptor-ligand interactions also agree with AA-MD simula-
tions 105,106

For D3R/ETI, the X-ray structure®® shows that the tertiary amine of the ligand five-
membered ring, positively charged at physiological pH (see Figure S10), forms a salt-bridge
with Asp110332. Furthermore, the aromatic ring of eticlopride interacts with a hydrophobic
pocket composed by residues Val111%33 T1e183F¢12 Val189°39 Phe3455°1, Phe346%°2.

The MR Amber-based MM /CG reproduced all of the crystallographic interactions, while
the LR appeared to miss the hydrogen bonds with His349555 and Tyr36573° (see Table 7).
However, it should be noted that these two hydrogen bonds are only present in one of the
two chains (A) of the X-ray structure (PDB code 3PBL). Instead, in the other chain (B),
His349%5° does not interact with the ligand, whereas Tyr36573° interacts only indirectly
through Phe345%5!. Therefore, the simulation results are still compatible with the crystallo-
graphic interactions. The Amber-based MM /CG seemed to be more successful at predicting
receptor-ligand interactions than docking alone for the same receptor model, either MR or

LR (Table 7).
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This comparison with the X-ray structure was also complemented by validation against
mutagenesis data®>®. Based on the change in K; upon mutation (see Methods), Tyr36573
[le183%CH2 Val189°39 and Tyr373743 were classified as EB residues, and Ser182F¢"2 as ENB
(see last column of Table 7). The precision was 1.00 for most computational approaches,
including MM /CG. However, in most cases the recall and F; score were higher for MM /CG
than docking (Table 8).

For D3R/ETI, ligand RMSD values obtained in our Amber-based MM /CG simulations
(Table S13) are comparable to those of a CHARMM-based AA-MD simulation®. Amber-
based MM /CG simulations recovered the interactions with Asp11033? and His349%°° (Ta-
ble 7), in line with a CHARMM-based AA-MD 17,

To complement the comparison of the ligand poses for 52-AR/ADR and D3R/ETI, the
superimposition of the X-ray poses with the cluster representatives emerging from the Amber-
based simulations and the HADDOCK poses can be found in the Supporting Information
(Figures S11 and S12).
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Table 5: 52-AR/ADR interactions predicted using different receptor models® and computa-
tional approaches’. Retrospective validation is performed by comparison with experimental
data‘.
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Aspl13*32  H-bond (tail OH) EEECO 0NN
Ser203°42  H-bond EE O EEEON
Ser204°43  H-bond EEEOECOMN
Ser207°46  H-bond EECOENOODO
Asn293%%%  H-bond EEECO O EEN
Asn312™3°  H-bond (NT) EEOECON0N
Asn3127™3°  H-bond (tail OH) EEE0CEEN
Trp109%*  contact EEEEEN[
Cys1163%  contact OooOooooao
Vall1733%  contact EEEEEEN
Phel93ECL2  contact EOEOECN
Ser207°46  contact EEEEEENCQ
Trp286%48  contact EEEEEEEN
Phe289%°1  contact EEEEEEN
Phe290%%2  contact EEEEEEN
Tyr3087-3°  contact EEEEEERN
Tyr316™43  contact EEEEEOCN

m direct interaction, m water mediated interaction and O no interaction

“high (HR) and low (LR) resolution models, see Table 1.
® Amber-based MM /CG simulations and HADDOCK and IFD dockings.
“X-ray structure (PDB code 4LDO)* and mutagenesis data!5%54102103,

Table 6: Precision (PREC), recall (REC), and F; score for the $2-AR/ADR complex
computational predictions (see Table 5).

HR LR HR LR HR LR

MM/CG MM/CG HADDOCK HADDOCK IFD IFD

PREC 1.00 1.00 1.00 1.00 1.00 1.00
REC 1.00 0.60 0.40 0.40 0.80 0.40
Fy 1.00 0.75 0.57 0.57 0.89 0.57
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Table 7: D3R/ETTI interactions predicted using different receptor models® and computational
approaches®. Retrospective validation is performed by comparison with experimental datac.
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m direct interaction, m water mediated interaction and O no interaction
*H-bond only present in one out of the two chains in the PDB
**putative water-mediated H-bond only possible in one out of the two chains in the PDB

“medium (MR) and low (LR) resolution models, see Table 1.
® Amber-based MM /CG simulations and HADDOCK and IFD dockings.
“X-ray structure (PDB code 3PBL)® and mutagenesis data®°°.
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Table 8: Precision (PREC), recall (REC), and F} score for the D3R/ETI complex compu-
tational predictions (see Table 7).

MR LR MR LR MR LR

MM/CG MM/CG HADDOCK HADDOCK IFD IFD

PREC 1.00 1.00 1.00 1.00 0.75 1.00
REC 1.00 0.75 0.75 0.75 0.75 0.50
Fy 1.00 0.86 0.86 0.86 0.75 0.67

Low resolution model: hTAS2R16 /PGP complex

For bitter taste receptors, experimental structural information is lacking and the best tem-
plates for homology modeling show a sequence identity of only 15%. Therefore, the only
experimental data available to validate these simulations consists of in vitro functional assays
of receptor mutants?®. Based on the experimental data for hTAS2R16, residues Glu863-3¢,
Asng8933% Phe9334° His181°43, Phe240%52 and 112435 are important for ligand binding
in this receptor, whereas GIn177°3% is not? (see Table 9).

Here we compared the GROMOS-based MM /CG simulation of the hTAS2R16/PGP
complex carried out by Fierro et al.? with Amber-based MM /CG simulations (this work).
Our aim was to assess the performance of the two MM /CG implementations for such low
resolution cases with limited experimental data for validation.

Both Amber- and GROMOS-based MM /CG simulations maintained hydrogen bonds to
Glu8633¢ and Asn893%, as well as a second shell H-bond with His181%43, but did not iden-
tify interactions with I1e243%5° consistent with mutagenesis data. However, Amber-based
MM /CG sampled hydrophobic and/or second shell w-stacking interactions with Phe93%4°
and Phe240%52 (two residues experimentally verified as involved in binding), whereas these in-
teractions are only present in one GROMOS-based MM /CG cluster. Furthermore, GROMOS-
based MM /CG predicted a H-bond with Gln177%3° while Amber-based MM /CG correctly
determined this residue as non-binding (see Figure S15 and Table 9). As a result, Am-

ber MM /CG featured better precision and Fj score and similar recall compared to the
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GROMOS-based MM /CG simulation in reference 29. Nonetheless, both hybrid simulations

showed better statistical values than docking? (Table 10).

Table 9: Interactions of the most populated clusters for the Amber- (AM) and GROMOS-
based MM /CG (GM) simulations of the hTAS2R16/PGP system compared to mutagenesis
data®. The clusters are numbered consecutively according to their population, indicated as
percentage.
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Table 10: Precision (PREC), recall (REC), and Fj score of the Amber- and GROMOS-
based MM/CG PGP poses in hTAS2R16 (see Table 9). Results for docking taken from

reference 29.

Amber GROMOS

MM/CG MM/cq  TAPDOCK
PREC  1.00 0.83 0.50
REC 0.83 0.83 0.50
ja) 0.91 0.83 0.50

Discussion

In this work, we introduced the Amber force field into our existing MM /CG interface, based
on the GROMACS code™7. The MM part of the code can now be described either with
a united-atom force field (GROMOS96 43A1, PRODRG and SPC/E for the protein, lig-
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and, and water, respectively) or with an all-atom force field (i.e. Amber ff14SB, GAFF and
TIP3P). The MM/CG setup was simplified by replacing the use of an external webserver
(PRODRG?) with a program (ACPYPE?) fully integrated into the ligand parameteriza-
tion workflow. ACPYPE automatically provides small molecule parameters, using GAFF
and AM1-BCC charges, that are consistent with the Amber all-atom protein force field!.
Therefore, simulation of ligand-receptor complexes is possible without the need of a long
manual ligand parameterization procedure.

The predictive power of the Amber MM /CG was tested in four hGPCR /ligand complexes
using models at different resolutions (see Table 1). The Amber-based MM /CG simulations
of hA;4R/CFF (HR) turned out to be in good agreement with AA-MD and X-ray. The
prediction was better than that made with the GROMOS MM /CG. One possible cause may
be the limited compatibility of the PRODRG charges with the GROMOS force field, as al-
ready pointed out by Lemkul et al. ™. In addition, the Amber-based MM /CG simulations of
both hA,pR/CFF (HR) and hTAS2R16/PGP (LR) showed better agreement with mutage-
nesis and functional data than GROMOS-based MM /CG. Therefore, the Amber force field
performed significantly better at describing the receptor-ligand interactions than GROMOS-
based MM /CG.

The Amber MM /CG approach was validated retrospectively by using two additional
hGPCR/ligand complexes, $2-AR/ADR and D3R/ETI, for which a wealth of experimental
data is available (Table 1). The Amber-based MM /CG approach reproduced the ligand

40.88 and the predicted binding residues agree with the

poses observed in the X-ray structures
mutagenesis data. The Amber-based MM/CG of 52-AR/ADR (HR) and D3R/ETI (MR)
reproduced well the crystallographic interactions. For the LR models, the Amber-based
MM /CG was still able to predict overall correct binding poses and recover most of the X-ray

receptor—ligand interactions. Comparison with previous AA-MD simulations also showed a

good agreement.

The Amber-based MM /CG simulations for both 52-AR/ADR and D3R/ETI reproduce
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better the X-ray receptor-ligand interactions than docking (especially for the LR models).
They perform better in recovering binding residues predicted by mutagenesis (recall) and
similarly in distinguishing binding from non-binding residues (precision). This is in line with
previous studies suggesting molecular simulations for refining docking poses in homology
models 18

Furthermore, the MM /CG simulations revealed the presence of water mediated hydro-
gen bonds, which were not evident in the X-ray structure (where water molecules were
not resolved) and/or docking poses. For hA;pR/CFF, AA-MD, as well as both MM/CG
simulations (GROMOS- and Amber-based), revealed a water-mediated hydrogen bond with
His278743. Retrospective visualization of the X-ray structure shows that such water-mediated
interaction can also be possible in the crystal structure®®. In the 32-AR/ADR complex, a
water-mediated hydrogen bond between the catechol group of the ligand and Ser204543 can
also be proposed based on the findings in the MM /CG simulations. Interestingly, such in-
teraction might also provide a rationale for the change in K; observed experimentally upon

mutation of this residue®*199,

Conclusions

We have presented an implementation of the Amber MM /CG scheme, tailored to predict
ligand poses to hGPCRs. The implementation was tested by running more than 13 ps of
Amber-based MM /CG simulations on a variety of complexes at different resolution, based
on X-ray structures, AA-MD simulation snapshots and homology models. The simulations
were validated retrospectively using X-ray structures and all-atom MD simulations, as well as
site-directed mutagenesis data. Comparison with docking poses was also made. The Amber
MM /CG approach turned out to recover the crystallographically observed receptor-ligand
contacts. This is particularly useful for LR models, for which docking alone can miss some

interactions due to the limited accuracy of side chain predictions.
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We expect our approach to be applicable to the prediction of ligand binding poses in other
GPCRs, regardless of the resolution of available structural information (X-ray or cryo-EM
experimental structures, AA-MD simulations, or homology models). Amber-based MM /CG

simulations might reveal themselves as a useful tool for predicting ligand poses in low-

110,111 98,112,113

resolution homology models and low-affinity complexes , or to predict water-
mediated ligand contacts. Although AA-MD can also be used for HR or MR models 4 17,
the MM /CG approach is less computationally expensive.

The Amber MM /CG approach could also be applied for virtual ligand screening, by
running multiple simulations of the same receptor bound to different ligands simultaneously.
The MM /CG setup involves one order of magnitude less atoms than a fully atomistic system
(see Table 2). As aresult, the MM /CG simulation of hA;4 R/CFF is approximately one order
of magnitude faster than the corresponding all-atom MD simulation when using two 3 GHz
processors. Besides predicting ligand poses, the Amber MM /CG approach, together with the

8 could

recently developed open boundary (OB-)MM/CG for grand canonical simulations!!
be used to calculate ligand binding free energies. Indeed, the OB-MM/CG improves the
description of the structural and dynamical properties of water!!®, thus enabling a rigorous

implementation of free energy methods. The MM /CG code is freely available on the Hybrid

MM /CG webserver (https://mmcg.grs.kfa-juelich.de/; see the Download section)!!.
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