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Abstract
The substantial increase in the number of active and inactive-state CB1 receptor experimental structures
has provided opportunities for CB1 drug discovery using various structure-based drug design methods,
including the popular end-point methods for predicting binding free energies – Molecular
Mechanics/Poisson-Boltzmann Surface Area (MM/PBSA) and Molecular Mechanics/Generalized Born
Surface Area (MM/GBSA). In this study, we have therefore evaluated the performance of MM/PBSA and
MM/GBSA in calculating binding free energies for CB1 receptor. Additionally, with both MM/PBSA and
MM/GBSA being known for their highly individualized performance, we have evaluated the effects of
various simulation parameters including the use of energy minimized structures, choice of solute
dielectric constant, inclusion of entropy, and the effects of the five GB models. Generally, MM/GBSA
provided higher correlations than MM/PBSA (rMM/GBSA = 0.433 – 0.652 vs. rMM/PBSA = 0.100 – 0.486)
regardless of the simulation parameters, while also offering faster calculations. Improved correlations
were observed with the use of molecular dynamics ensembles compared with energy-minimized
structures and larger solute dielectric constants. Incorporation of entropic terms led to unfavorable
results for both MM/PBSA and MM/GBSA for a majority of the dataset, while the evaluation of the
various GB models exerted a varying effect on both the datasets. The findings obtained in this study
demonstrate the utility of MM/PBSA and MM/GBSA in predicting binding free energies for the CB1

receptor, hence providing a useful benchmark for their applicability in the endocannabinoid system as
well as other G protein-coupled receptors.

INTRODUCTION
Cannabis sativa, widely known as marijuana, is a medicinal plant containing psychotropic compounds
that has been used for both recreational and medical purposes for centuries. While the utility of
marijuana for medicinal purposes has garnered heated debates, following the first approval of a
cannabinoid compound, dronabinol, for medicinal use in 1991 [1], a number of countries and states have
legalized its therapeutic use [2]. The pharmaceutical properties of marijuana are derived from its active
ingredient, Δ9-tetrahydrocannabinol (Δ9-THC) [3]. The discovery of Δ9-THC subsequently led to the
identification of endogenous ligands that bind to the CB1 and CB2 cannabinoid receptors [4, 5], thereby
forming the endocannabinoid system [6–9]. Both the CB1 and CB2 receptors are G protein-coupled
receptors (GPCRs), which constitutes the largest superfamily of membrane proteins in the human
genome [10]. The CB1 receptor can be predominantly found in the central nervous system while the CB2

receptor is mostly expressed in the immune system [11]. The receptors therefore play major roles in the
human body where they are known to mediate a wide range of biological processes including pain,
inflammation, metabolic disorders, cancer, cardiovascular conditions, and neurodegenerative disorders
[12–14].

Over the years, numerous efforts have been made in exploiting the therapeutic potential of the
cannabinoid receptors, notably the CB1 receptor. This has resulted in the synthesis of phytocannabinoids
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and synthetic cannabinoids that possess varying affinities for numerous clinical conditions [14].
However, only a handful of these drugs are clinically approved due to their side effects. For example,
compounds targeting the CB1 receptor have demonstrated therapeutic utilities in treating chemotherapy-
induced nausea and vomiting, as well as spasticity in multiple sclerosis [15, 16]. However, their
expression in the central nervous system led to psychiatric side effects, thus causing several inverse
agonists targeting the CB1 receptor to be withdrawn from the market, such as rimonabant and
taranabant [17, 18]. Hence, there is a need for the discovery of novel synthetic CB1 ligands with better

therapeutic profiles.

For many years, the drug discovery industry experienced severe limitations in obtaining high quality
experimental structures for the CB1 receptor due to the inherent membrane-bound characteristic of
GPCRs [19]. Nevertheless, advancements in X-ray crystallography as well as the introduction of cryo-
electron microscopy led to GPCR experimental structures being solved in an increasingly fast pace [20,
21]. To date, 1160 GPCR experimental structures have been made available in the Protein Data Bank
(PDB) and this includes 19 CB1 cannabinoid receptors [22] in both their active and inactive-states, which
are coupled with agonists, antagonists, inverse agonists, allosteric modulators, and Gi subunit [23–30].
The rapid expansion of the number of experimental structures has therefore propelled structure-based
drug design (SBDD) investigations on the structures and functions of the cannabinoid receptors,
including binding affinity prediction and virtual screening studies [31–36].

In SBDD, binding free energies are often used to determine the binding strength of a receptor-ligand
complex [37]. A well-known end-point free energy method for predicting binding free energies, Molecular
Mechanics/Poisson-Boltzmann Surface Area (MM/PBSA) and its close counterpart Molecular
Mechanics/Generalized Born Surface Area (MM/GBSA) have continuously been utilized to efficiently
predict binding free energies for various complexes, as they are relatively accurate and computationally
inexpensive in comparison to the fast but inaccurate scoring functions employed in molecular docking
programs and highly accurate but computationally costly alchemical pathway free energy methods [38].
Using the single-trajectory approach for MM/PB(GB)SA calculation, molecular dynamics (MD)
simulations of the protein-ligand complex are typically first performed in an explicit water environment,
followed by the removal of the water molecules during binding free energy prediction of the complex
which can be calculated as shown in Eq. 1.

1

For each component in Eq. 1, the free energy can be calculated as below:

2

ΔGbind = Gcomplex − (Gprotein + Gligand)

G = EMM + GPB/GB + GSA − TSsolute
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where EMM represents the gas-phase molecular mechanics (MM) term that can be derived from the sum
of electrostatic (Eele), van der Waals (EvdW) and internal (Eint) energies, GPB/GB is the continuum solvent
Poisson-Boltzmann (PB) or Generalized Born (GB) model for polar solvation, GSA is the solvent-

accessible surface area (SA) dependent nonpolar solvation term, and TSsolute is the solute entropy term.
The PB model stands as a popular choice in molecular simulations owing to its accuracy in estimating
polar solvation energies. However, in recent years the GB model has gained traction as a computationally
efficient alternative, particularly for large-scale simulations as it provides a simplified approximation to
calculating solvation energies. The PB model solves the Poisson-Boltzmann equation by taking into
account the electrostatic interactions between the solute and solvent molecules while the GB model
simplifies this approach by approximating solvation energies based on the Generalized Born theory,
which considers the effective Born radii of atoms and the dielectric properties of the environment [39].
Therefore, careful consideration must be given to their respective applicability as they differ in their
complexity. Factors such as accuracy, computational resources, and system size play a pivotal role in
determining the suitability of these methods for calculating solvation energies.

The utility of both MM/PBSA and MM/GBSA in structure-based drug design applications such as binding
free energy prediction, rescoring docked poses, virtual screening, and consensus scoring, has been
widely demonstrated [36, 40–45]. A prior study has calculated MM/PBSA and MM/GBSA binding free
energies for a set of CB1 agonists and antagonists [34]. However, as the study utilized separate modules
to predict MM/PSBA and MM/GBSA binding free energies (g_mmpbsa for MM/PBSA and Prime-
MM/GBSA for MM/GBSA), there remains room to systematically assess and compare the performance
of MM/PBSA and MM/GBSA as the use of different modules essentially requires different
implementations of the algorithms and parameterization schemes including force fields and solvation
effects. In addition, the performance of MM/PBSA and MM/GBSA has been known to be highly system-
and parameter-dependent. For example, a binding affinity prediction study has reported varied
correlation coefficients ranging from − 0.42 to 0.92 for six different protein systems [45]. Therefore, in
this study, we have provided a direct comparison of the performance of MM/PBSA and MM/GBSA in
predicting binding free energies for CB1 agonists and antagonists. We have additionally systemically
assessed the effects of various simulation parameters on the performance of MM/PBSA and MM/GBSA
to accurately predict binding free energies.

METHODS

Dataset selection and preparation
The CB1 dataset from Loo et al. was utilized to provide a comparative assessment of the performance of

MM/PBSA and MM/GBSA [34]. Briefly, the dataset consists of 46 ligands, 23 of which are agonists and
23 are antagonists. The ligands, obtained from the ChEMBL database [46], were of a congeneric series
and the experimental binding affinities of the ligands spanned from 0.1 nM to > 1000 nM. The ligands
were prepared using LigPrep [47]. The crystal structures of the active-state CB1 receptor-CB1 agonist
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AM11542 (PDB ID: 5XRA) and inactive-state CB1 receptor-CB1 antagonist AM6538 (PDB ID: 5TGZ) were
obtained from the Protein Data Bank (PDB) [23, 26, 48]. The structures were prepared using Protein
Preparation Wizard in Maestro [49], and Epik was used to assign suitable protonation and tautomeric
states [50], followed by optimization of hydrogen bonds and restrained energy minimization prior to
docking. The ligands were docked to their respective crystal structure using the Induced Fit Docking
protocol with Glide XP scoring function [51, 52]. Binding poses that were best aligned to the respective
crystal structure ligand were selected for subsequent MD simulations and MM/PBSA calculations. These
structures were utilized without subsequent modifications.

Molecular dynamics simulations
The equilibrated structures from Loo et al. were subjected to MD simulations using GROMACS 2018 [53].
AMBER ff99SB*-ILDN was used for the proteins [54], while General Amber Force Field (GAFF) was used
for the ligands (Wang et al., 2004), and Slipids parameters for lipids [56]. Ligand topologies were
generated using acpype with the AM1-BCC method to calculate partial charges [57, 58]. Lennard-Jones
(LJ) and short-range electrostatic interactions were truncated at 10 Å, while the Particle-Mesh-Ewald
(PME) algorithm was used to calculate the long-range electrostatic interactions [59]. Hydrogen bonds
were constrained using LINCS [60, 61]. The POPC bilayer was generated using CHARMM-GUI and aligned
using the Orientations of Proteins in Membrane database [62, 63]. The complexes were then solvated
using TIP3P water molecules and neutralized by 0.15 M NaCl [64], followed by energy minimization.
Next, the systems were equilibrated for 100 ps at 300 K in the NVT ensemble using the Berendsen
thermostat, followed by 10 ns at 300 K and 1 atm in the NPT ensemble using the Berendsen barostat
and thermostat with the heavy atoms of the complexes being restrained with a force constant of 1000
kJ/mol nm2 [65]. These equilibrated structures were subsequently utilized for 30 ns production
simulations at 300 K and 1 atm with the velocity rescaling thermostat and the Parinello-Rahman barostat
[66, 67].

MM/PBSA & MM/GBSA calculations
MM/PBSA and MM/GBSA binding free energy calculations were performed using gmx_MMPBSA [68] for
both the initial energy minimized and molecular dynamic simulations structures, where the first 2 ns of
the simulations were removed and frames were obtained every 100 ps, resulting in a total of 280 frames
for each complex (Fig. 1). Correlations between the experimental and MM/PB(GB)SA predicted binding
free energies were measured using Pearson correlation coefficients, r. The effect of entropy on
MM/PB(GB)SA binding free energies were evaluated using the interaction entropy module implemented
in gmx_MMPBSA (68). The solute dielectric constant, ε, was varied between 1, 2, and 4 to study the
effect of different solute dielectric constants on the performance of MM/PB(GB)SA. For MM/GBSA
calculations, five GB models (igb = 1, 2, 5, 7, 8) that are available within gmx_MMPBSA were
systematically evaluated to explore the effect of the choice of GB models in the performance of
MM/GBSA [39, 69–71]. The GB models 1, 2, 5, 7, and 8 correspond to GBHCT, GBOBC1, GBOBC2, GBNeck, and

GBNeck2 respectively. The differences between these models lie mainly in their parameterization
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including the treatment of solvent molecules and size of atomic radii, as well as their applications in
complexes of various sizes, leading to various observed effects in other protein systems [45].

RESULTS AND DISCUSSION
Comparison of the performance of MM/PBSA and MM/GBSA in binding affinity prediction for CB 1
receptor agonists and antagonists

MM/PBSA obtained a wide range of correlations between predicted and experimental binding free
energies, with r ranges of 0.100–0.486 for the agonist dataset and 0.363–0.481 for the antagonist
dataset when evaluated using various parameters. Similarly, when evaluated across the different
parameters, MM/GBSA obtained an extensive range of correlations with r of 0.433–0.652 for the agonist
dataset and 0.450–0.600 for the antagonist dataset. Figure 2 shows the correlations obtained using
MM/PBSA and MM/GBSA when evaluated across different parameters. Comparatively, Glide obtained a
modest correlation of 0.384 for the agonist dataset and a slightly more notable correlation of 0.610 for
the antagonist dataset. When considering the default MM/PBSA and MM/GBSA parameters (ε = 1, GB
model = 5), MM/GBSA obtained an improvement from Glide with increase in r of 0.175 for the agonist
dataset, while a slight decline of 0.046 was observed for the antagonist dataset. On the other hand,
MM/PBSA showed declines of 0.061 and 0.129 for the agonist and antagonist datasets respectively.
With MM/PSBA demonstrating a majority decline in correlations for both datasets and MM/GBSA
showing only improvements in the agonist dataset in comparison to Glide (Fig. 3), this emphasizes the
superior performance of Glide rather than the subpar performance of MM/PBSA and MM/GBSA, as
reflected in prior studies [40, 41]. While the accuracy of the initial docking pose may play a role in binding
free energy estimations using MM/PB(GB)SA [36], both the datasets utilized in this study have
demonstrated excellent agreement between the docked ligands and the crystallographic ligands [34],
hence providing an equitable basis for binding free energy predictions. Another factor to consider is the
choice of force field employed in this study; Glide employs the OPLS force field whereas AMBER was
utilized in MM/PBSA and MM/GBSA. Prior investigations assessing free energy methods have
demonstrated enhanced outcomes associated with the use of OPLS [72, 73], thus reinforcing the higher
Glide correlations in this study. Nevertheless, the results clearly demonstrated the superiority of the
performance of MM/GBSA in comparison to MM/PBSA. This ability of MM/GBSA to better predict
relative binding free energies is consistent with previous studies [74, 75]. However, with both MM/PBSA
and MM/GBSA obtaining a wide range of correlations, this further emphasises the highly system- and
parameter-dependent performance of the MM/PBSA and MM/GBSA methods in predicting binding free
energies [41, 76, 77]. We have therefore evaluated the effects of various parameters on the performance
of MM/PBSA and MM/GBSA.

Effects of various parameters on the performance of
MM/PBSA and MM/GBSA



Page 7/19

Effect of using energy minimized versus molecular
dynamics structures
The performance of both MM/PBSA and MM/GBSA improved with the use of MD structures. A more
prominent improvement in correlation was obtained using MM/PBSA in comparison to MM/GBSA with
differences in correlation of up to 0.223 for MM/PBSA and 0.112 for MM/GBSA. These results are
consistent with prior studies indicating that the ability of MD simulations to explore the configurational
space and provide an ensemble of protein-ligand binding conformations may be beneficial towards
improving approximations, in comparison to EM where only one static state of the complex is utilized for
the calculations [78, 79]. This is further made more prominent when utilising docked poses in
comparison to experimental structures as a starting point for MM/PBSA and MM/GBSA calculations,
such as those used in this study, as docked poses typically require further refinement and equilibration
using MD simulations in order to obtain better MM/PBSA and MM/GBSA correlations [76]. However, the
modest improvements in correlations (r < 0.3) achieved through MD simulations must be weighed
against the substantial increase in computational cost required for their implementation. Previous
investigations have demonstrated comparable correlations between EM and MD structures therefore
suggesting the viability of using EM structures in large-scale virtual screening studies, thereby mitigating
the computational cost associated with such endeavors [36, 80].

Effect of using different solute dielectric constant values
Increasing the solute dielectric constant (ε) provided slight improvements for the majority of the
datasets. The results are consistent with that obtained from the previous study whereby it has been
reported that the lower correlations obtained at ε = 1 were attributed to the overestimation of the polar
solvation energy [34]. Generally, the use of larger solute dielectric constants is recommended when the
binding site of the receptor or ligand used is more polar in nature to avoid the overestimation of
electrostatic interactions [81, 82]. However, both the CB1 receptors’ binding pockets and its ligands are

hydrophobic in nature. It was therefore surprising in this study whereby improved correlations were
observed with increasing ε. As reported in the previous study, the reason behind this unusual finding may
be due to the presence of polar substituents in the ligand datasets utilised therefore leading to an
augmentation in the solvation energies approximation [34]. For example, the average aggregate of the
polar solvation energy reduced by 20 kcal/mol and 18 kcal/mol for MM/PBSA and MM/GBSA
respectively when the ε increases from 1 to 4 for the agonist dataset, while an average reduction of 21
kcal/mol and 16 kcal/mol were observed for MM/PBSA and MM/GBSA respectively with increasing ε for
the antagonist dataset. This therefore implies that irrespective of the receptor characteristics, the
predominant cause of the lower correlations at ε = 1 is the overvaluation of polar solvation energies.
Similarly, other systematic assessments have also reported the enhanced performance of MM/PBSA
using higher solute dielectric constants [34, 74, 76]. Therefore, based on our findings, we suggest that
choosing a higher solute dielectric constant instead of the common default of ε = 1 may be a more
rational approach in both MM/PBSA and MM/GBSA calculations, especially for the CB1 system.
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Effect of incorporating interaction entropy
The inclusion of interaction entropy in MM/PBSA and MM/GBSA calculations generally led to declines in
correlations for both the agonist and antagonist datasets. Nonetheless, slight improvements were seen
in the agonist dataset when using ε = 1 for MM/GBSA calculations with the inclusion of interaction
entropy. A similar effect has been demonstrated in another study for the HIV-1 system, in which higher
correlations were observed when ε is within the range of 1.4–1.6 for MM/PBSA and 1.8–2.0 for
MM/GBSA [83], while ε = 1 provided optimum MM/GBSA binding free energies for the factor Xa system
[84], therefore indicating the importance of considering the effects of solute dielectric constants during
entropy calculations for different protein systems in order to obtain optimum binding free energies for
individual targets [85, 86]. However, with only one dataset experiencing such improvements, one such
explanation for the declines in correlations could possibly be due to the overestimation of entropic
penalty for charged ligands as well as the flexibility of the ligands dataset as interaction entropy was
built on the assumption that both protein and ligand maintained the same configurations before and
after binding [87, 88]. The results from this study provided no clear trends on the benefits of
incorporating interaction entropy during MM/PBSA and MM/GBSA calculations with improvements of
only (r ≤ 0.1). This is coherent with other studies which demonstrated relatively poor correlations when
including entropy effects during MM/PBSA and MM/GBSA calculations, irrespective of employing the
more computationally intensive normal-mode analysis of entropy or the more expedient interaction
entropy method [83, 88]. This therefore necessitates careful validation of the system of interest when
optimizing the use of interaction entropy for MM/PBSA and MM/GBSA binding free energy calculations.

Effect of the different GB models
The evaluation of the various GB models implemented in gmx_MMPBSA revealed mixed results. For the
agonist dataset, the GBNeck model provided the highest correlations across all dielectric constants, while
the GBHCT and GBOBC1 models provided equally poorer correlations. On the contrary, the GBHCT model

demonstrated the best performance for the antagonist dataset, while the GBNeck2 model performed
poorly. With previous studies reporting newer models such as GBNeck and GBNeck2 providing better
performances over the traditional GB models [71, 89, 90], this was only applicable to the agonist dataset
in this study, while the results from the antagonist dataset have demonstrated otherwise. The poor
performance of the newer GB models in the antagonist dataset may be attributed to the lack of
optimization of the models to protein-ligand systems, such as that applied in this study, as previous
optimization efforts were aimed at protein-peptide systems [71, 91]. Furthermore, the choice of force
field has been demonstrated to significantly impact the performance of different GB models [71, 92],
underscoring the importance of specific parameter adjustments to ensure compatibility with the chosen
GB model. However, with the varied performances of the GB models observed across the agonist and
antagonist datasets, this further reinforces the importance of careful validation of the MM/GBSA
parameters for individual protein systems. These varied results obtained were in line with a study which
assessed the performance of three GB models (GBHCT, GBOBC1, and GBOBC2) [45]. While the study
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demonstrated that the GBOBC1 performed the best overall, GBOBC2 provided better correlations for the
cytochrome C peroxidase system, indicating the highly individualized performance of the different GB
models for various protein systems.

CONCLUSION
In this study, we have provided an assessment of the performance of MM/PBSA and MM/GBSA in
predicting binding free energies for the CB1 receptor. While we found that both MM/PBSA and MM/GBSA
performed relatively poorly in comparison to docking, MM/GBSA outperformed MM/PBSA for both the
agonist and antagonist datasets. The use of MD structures and larger solute dielectric constants
provided improved correlations for both MM/PBSA and MM/GBSA. On the other hand, inclusion of
interaction entropy led to significant declines, with the exception of MM/GBSA for the agonist dataset at
ε = 1. The assessment of the various GB models provided varied effects with the GBNeck and GBHCT

models providing the most positive effects for the agonist and antagonist datasets respectively. The
varied results obtained here further highlight the system- and parameter-dependent characteristics of
both MM/PBSA and MM/GBSA therefore necessitating the careful validation of these methods for the
system of interest prior to utilization for binding free energy calculation of large virtual screening
datasets. The outcomes from this study provide a standard reference on the applicability of MM/PBSA
and MM/GBSA to predict binding free energies for the CB1 receptor as well as other GPCR-associated
targets.
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Figure 1

Flowchart of MM/PBSA and MM/GBSA calculations using various parameters.
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Figure 2

Heatmap of correlations obtained by MM/PBSA and MM/GBSA for CB1 agonists and CB1 antagonists.
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Figure 3

Differences in correlation coefficients, r, for MM/PBSA and MM/GBSA in comparison to Glide for a) CB1
agonists, and b) CB1 antagonists.


