Is the functional response of a receptor determined
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calculated but the time scales for the protein conformational changes are prohibitively long to be
efficiently modeled via physics-based simulations. Thermodynamic principles suggest that
binding free energies of the ligands with different receptor conformations may infer their efficacy.
However, this hypothesis has not been thoroughly validated. We present an actionable protocol
and a comprehensive study to show that binding thermodynamics provides a strong predictor for
the efficacy of a ligand. We apply the absolute-binding free energy perturbation (ABFEP) method
to ligands bound to active and inactive states of eight G protein—coupled receptors and a nuclear
receptor, then compare the resulting binding free energies. We find that carefully designed
restraints are often necessary to efficiently model the corresponding conformational ensembles for
each state. Our method achieves unprecedented performance in classifying ligands as agonists or
antagonists across the various investigated receptors, all of which are important drug targets.
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INTRODUCTION

Small molecule drugs achieve their therapeutic effects by binding to specific sites on larger
biomolecules such as enzymes or receptors and triggering functional responses in their targets.
The simplest functional response is steric inhibition where binding affinity is often sufficient to
describe the effect. More complex effects require the ligand to alter the conformational ensemble
of the target. These effects include triggering receptor activation, i. ., switching the receptor from
an inactive to an active state,'” and altering activation in a specific way such as allosteric
modulation®’ or biased signaling.® The selective activation of certain targets within a protein
subfamily can be attributed to either differences in binding affinity or differences in the resulting
effects.” Consequently, while knowing the binding affinity of a ligand is crucial, it is often not
sufficient to understand its full effect. Assessing a ligand's efficacy, its influence on the
thermodynamic equilibrium between conformational states of the target, is equally important.

In drug discovery, the routine process of calculating binding free energy (affinity) contrasts with
the more challenging task of examining ligand efficacy. Both ligand binding and transitions
between multiple conformational states occur on timescales that typically surpass the capabilities
of classical molecular dynamics (MD) simulations. While efficient end-point methods including
free energy perturbation (FEP)!®'2 have been developed for accurate binding free energy
calculations, the complex reorganization mechanisms for receptor activation make the
corresponding pathways extremely difficult to model even with sophisticated enhanced-sampling
methods.!*13

Fortunately, the multiple conformations of the receptor relevant to its activation may be linked
with ligand binding via a thermodynamic model (Fig. 1). The thermodynamic cycle for a ligand
binding to a two-state receptor responsible for its activation (Fig. 1B) implies that the difference
in binding free energy of the ligand between the two receptor states might serve as a substitute for
the receptor reorganization free energy. The effect of a ligand on the receptor can be described by
how the free energy difference between the active and inactive state changes upon ligand binding
from AG,p, to AGy,o. According to the thermodynamic model, this change AAG = Giolo — AGypo 18
equivalent to the difference between the binding free energies of the ligand to each state: AAG =
AG,4 — AG;. Note that the absolute values of AG,,, and AGy,, are not necessary to characterize the
ligand’s effect on the target, only the relative difference in the presence of the ligand as compared
to in its absence. Thus, assuming that the distribution among the receptor conformations
responsible for its activation is determined by thermodynamics, the functional efficacy of the
ligand may be accurately modeled by the binding free energy calculations. For example, favorable
binding to the active state over the inactive state (AG, < AG;) implies that a ligand is an agonist.
This relation can be generalized to receptors with an ensemble of active or inactive conformations
given knowledge of a receptor's underlying conformational space. The few studies that have
applied this principle in the past to explain the functional responses of ligands provide
encouraging, albeit anecdotal, evidence for its applicability. Saleh et al. compared the ligand
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binding free energy calculated via metadynamics on different states of the receptor to explain
biased signaling of the 32-adrenoceptor.'® An analogous version of this thermodynamic model for
relative binding free energies has recently been used to design partial agonists for the same target!’
and for the adenosine receptor A2A." Similarly, the docking scores of ligands in distinct
conformational states were used as a proxy for the binding free energy to predict the functional
responses of various ligands.!*?! The ATOM3D benchmark study proposed the use of structure-
based machine-learning (ML) models for ligand efficacy prediction (LEP) following the same
hypothesis.?

Despite these interesting attempts, this paradigm has not been adopted in practical drug
discovery. Its general viability is still questionable due to a lack of systematic validation across
targets and discouraging results from some of the related methods. For example, neither docking
scores nor the best structure-based ML methods in the ATOM3D LEP benchmark reached
acceptable general accuracy.?? It has yet been unclear whether these methods fail due to the static
nature of their model or due to faults in the thermodynamic rationale. In particular, the kinetics of
ligand binding and of protein conformational changes, which depends on the free energy barriers
along the respective pathways, can complicate efficacy prediction.”*?® The lack of relevant
structures for the active and inactive receptor conformations also made it difficult to validate the
above paradigm, as typical drug-discovery workflows still focus on binding affinities to a single
structure, and having experimental structures of a target in multiple conformational states available
was a rare luxury until quite recently.

We demonstrate that the shift in free energy differences between receptor conformational states
is the dominant factor that determines ligand efficacy and present an actionable strategy to predict
it. We develop and validate a workflow for calculating this shift between the active and inactive
states of G protein-coupled receptors (GPCRs) and nuclear receptors (NRs), two important classes
of drug targets.?° Our findings show that the free energy shift accurately predicts whether a ligand
is an agonist or antagonist. Additionally, we discuss the prerequisites, strengths, and limitations of
the proposed protocol to facilitate its use in drug discovery.

RESULTS
General Performance

We calculated the difference of binding free energies to the inactive state and the active state
using absolute binding FEP (ABFEP),'? which enables us to separate agonists from antagonists
with high accuracy (Figure 2). Out of 180 target-ligand pairs, 168 were predicted correctly from
the binding free energy difference (AAG) using a classification threshold of zero, resulting in an
overall accuracy of 93%. The accuracy can be further improved to 98% when the threshold for
classification is tuned for each receptor, with only three misclassified compounds. Small
deviations of the optimal value of the threshold for classification from the theoretical zero reflect
that ligands with negligible but favorable interactions with the active conformations of the
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receptors can still be seen as (neutral) antagonists. Larger deviations for some systems suggest a
possible systematic shift in the absolute binding free energy calculations for one of the receptor
states. This will not affect the prospective predictions in practical applications if the optimal
threshold value is calibrated accordingly. We also attempted to separate agonists from antagonists
based on the ligand binding free energies with one of the receptor states (AGa, or AGy). None of
them was able to consistently obtain a classification accuracy comparable to what is obtained via
AAG (Supporting Information Table S1), indicating that the functional response of the receptor is
determined by the balance between the receptor conformational states, not by the free energy of a
single state.

ff-Adrenoceptors

We used the well-studied adrenoceptors [3; and 3, to develop our protocol, particularly focusing
on finding suitable restraints that effectively separate active and inactive states while preserving
conformational flexibility within each state (Figure 3A and 3B). To prevent ligands from inducing
changes in the binding pocket towards their own preferred state, as opposed to the state being
probed (Figure 3A), we applied flat-bottom harmonic restraints on the Ca atoms of the protein
during the ABFEP simulations (Figure 3B, for details see the methods section). A comparison
between simulations with and without these restraints (Figure 3C) revealed a significant accuracy
gain when using the restraints, confirming the validity of our underlying reasoning. Notably, the
restraints ensured that the separation between agonists and antagonists was close to AAG =0, an
outcome that had not been achieved by similar approaches in previous studies with tight restraints
outside the binding pocket.!”!8 Overall, our protocol has proven effective in accurately separating
agonists and antagonists.

Adenosine Receptors

The results on adenosine receptors corroborate the findings from our protocol's development.
We observed good performance on both A1 and A2A receptors, with only one outlier in A2A. A
particularly encouraging example is the correct prediction of the efficacy of the hybrid ligand LJ-
4517 (Figure 4B) which features one functional group typical for agonists and another one typical
for antagonists — an intuitively difficult to predict combination. Analysis of the only misclassified
ligand LUF8852 on the A2A receptor (Figure 4D) revealed a limitation of the current model: if
the ligand induces a receptor conformation that is very different from the template used in the
simulations and that cannot be sampled in the relatively short ABFEP simulations, the current
method may not accurately model that ligand. In this case, LUF8852’s native experimental
structure differs substantially from both template structures, and these structural changes were not
sampled in the simulations, leading to the misclassification.

It should be noted that accurate ligand poses are critically important to classification. For the A1l
receptor from the LEP dataset included in the ATOM3D machine-learning benchmark, our ABFEP
workflow applied to the naively docked poses provided with the benchmark achieved an AUC-
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ROC of 0.84 and an accuracy of 80%, a significant improvement over the state-of-the-art method
for this target (AUC-ROC: 0.56, accuracy: 53%). However, we obtained even higher performance
by running ABFEP on improved ligand poses — from docking guided by alignment to the
maximum common substructure (MCS) of a known ligand pose — which yielded an AUC-ROC
of 0.96 and an accuracy of 87% (see Supplementary Information Figure S2).

Opioid Receptors

We successfully achieved accurate predictions for a congeneric series of morphine-like opioids,
despite the inherent challenges associated with this class of compounds. Chemically similar
opioids can exhibit different functional responses, so-called activity cliffs (Figure 4A and
Supplementary Information Figure S3), making efficacy prediction particularly difficult.
Nevertheless, our approach yielded perfect prediction results for the §-opioid receptor (§-OR) and
only one incorrect prediction for the p-opioid receptor. When ABFEP calculations on the §-OR
were performed with restraints corresponding to its experimental structures instead of those
derived from MD simulations, we observed a decrease in accuracy from 100% to 79% (Figure
3D). We attribute this decline to artifacts stemming from crystal packing, which are resolved in
the template MD simulations (see Supporting Information Figure S4).

Serotonin Receptors

We extended our validation study to serotonin receptors, examining ligands with multiple
scaffolds (see Figure 4C for examples). In this case, two ligands for receptor 1B and three for
receptor 2A would be misclassified with the theoretical AAG threshold of O for the binding free
energy difference. Most of the misclassifications will be remediated by adjusting the threshold,
leaving only one outlier. The relatively large threshold shift observed in receptor 2A is likely due
to unmodeled missing loops in these simulations.

Retinoic Acid Receptor o

To investigate the validity of our approach beyond GPCRs, we classified a set of ligands for the
retinoic acid receptor oo (RAR-a), a nuclear receptor and — in contrast to the membrane-bound
GPCRs — a soluble protein. Even without using restraints, ABFEP perfectly separated agonists
and antagonists, with only one antagonist’s predicted AAG slightly below the theoretical threshold
of 0 (Figure 2I). This result suggests that the thermodynamic principles we assume are applicable
across multiple classes of drug targets.

DISCUSSION

Our results provide strong evidence for the thermodynamic theory that underpins our approach:
the primary determinant of ligand efficacy is the thermodynamics of its binding. The difference in
free energies is mostly adequate for estimating a ligand's overall efficacy. Simulating the entire
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reorganization of a protein for each ligand is not necessary. Neglecting binding and unbinding
kinetics does not preclude predicting a ligand’s agonism, implying that kinetics is a secondary
factor that may affect efficacy in a quantitative rather than qualitative way. It is important to note,
however, that ligand efficacy is distinct from drug efficacy, which also depends on the cellular
context.

We demonstrate the technical feasibility of accurately predicting ligand efficacy using ABFEP
on various states of the target. Our method can be applied to sufficiently resolved targets with
currently available software and force field parameters. Additionally, we demonstrate that ABFEP
by far outperformed the comparison of docking scores, which in turn outperformed all current
structure-based ML models.?> This success highlights the advantages of physical modeling in
small-data regimes as we can attribute it both to the ability to refine the experimental structures
and to the explicit modeling of entropic contributions and the dynamic character of molecular
systems. In particular, our method performs well for activity cliffs between similar ligands and can
extrapolate into unknown chemical space. This extrapolation to new scaffolds is made possible by
the use of ABFEP which, in contrast to relative-binding FEP (RBFEP), does not require knowing
the binding affinity of a congeneric ligand. It enables efficacy prediction during the hit discovery
stage of drug development where diverse scaffolds need to be evaluated.’!3? The efficiency of the
calculations can be improved in large-scale screenings via the combination of using ABFEP for a
few representative ligands and RBFEP for compounds that are congeneric to those, followed by
ML models trained on ligands scored by free energy calculations. In this context, we expect
efficacy prediction via FEP to play an important role in many drug discovery campaigns.

The main requirements for practical applications of the method are good sampling of template
ensembles and accurate ligand poses. While it is preferable to have at least one experimental
template structure for each state, the various conformational states can in principle be obtained by
enhanced-sampling simulations,'>** homology modeling,** or AlphaFold2*>-* in combination with
appropriate refinement.** Determining the dynamics within each state via MD simulations is
usually straightforward. In cases where multiple conformations exist for the same activation state
of the receptor (LUF5833 example in Figure 4D), sampling could be improved by using multiple
active structures or multiple inactive structures, respectively, for the same target if available. As
we gain more understanding of how receptors’ conformational ensembles influence the details of
ligand efficacy,*'#? we anticipate that our method can be applied to resolve distinct sub-states of
the active macrostate and thus to classify the different activation pathways in a similar fashion as
we have shown for the distinction between agonism and antagonism.

We translate the knowledge about the structure-function relationship to our FEP calculations via
restraints that ensure a clear distinction between the relevant states (here: active vs inactive)
whenever the conformational ensembles otherwise tend to be similar or even overlap. We found
that restraining the backbone Ca-atoms using a flat-bottom harmonic potential allows for enough
flexibility to accurately represent entropic contributions to the free energy. The subtler the
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differences in the receptor ensemble between various functional responses are, the more careful
these restraints must be set up.

A good ligand pose is crucial as a general prerequisite for FEP calculations. This is not an issue
in most lead optimization projects as the crystal structure of the lead compound is usually available
at this stage. For uncertain poses that arise in more explorative projects, ABFEP can be combined
with a pose-prediction algorithm such as induced fit docking molecular dynamics (IFD-MD).#344
In this case, FEP can also be used to refine the ranking of various candidate poses. These
requirements are met in many projects where the use of binding free energy methods can be
beneficial to estimate ligand efficacy.

In conclusion, we demonstrate that the thermodynamics of ligand binding is the primary
determinant of ligand efficacy, and that the difference in the binding free energies between the
ligand with the various activation states of the receptor is sufficient for estimating a ligand's overall
efficacy. The approach we present can be applied to many targets with state-of-the-art simulation
methods and its excellent accuracy by far outperforms docking scores and ML models. Through
in-depth discussions of template structures, restraints, and poses, we highlight the key factors and
limitations for practical application. Our findings have significant implications for the drug
discovery process as they allow detailed predictions of a ligand’s effects on its target.

METHODS
Data Curation.

We predicted ligand efficacy for 180 target-ligand pairs using ABFEP with restraints to template
ensembles derived from MD simulations. We chose mostly GPCRs as our validation systems
because they are the most important class of drug targets, with numerous structures available for
study.?*° Additionally, we investigated a nuclear receptor, representing another important target
class. Ligands were chosen from compounds with available functional data, mostly from the
IUPhar/BPS Guide to Pharmacology Database,” such that they include congeneric series
(morphinan opioids) but also a variety of scaffolds for the same targets (serotonin receptor
ligands). For lists of all compounds with corresponding results, see the Supporting Information.

Molecular Dynamics Simulations.

For each target, we obtained template conformational ensembles from unbiased MD simulations,
initiated from at least one active experimental structure with the receptor bound to an agonist and
one inactive experimental structure with the receptor bound to an antagonist. We used the
trajectories from these MD simulations to derive starting structure and, where necessary, restraints
for the subsequent FEP calculations, following a systematic approach to quantify different
structural ensembles*® (Supporting Information Text and Figure S5). We computed distances
between the Ca atoms of residues in the binding pocket and conducted k-means clustering in their
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joint principal-component space. We calculated average positions within each cluster for all the
receptor’s Co atoms to use them as restraint centers, and the RMSF for each cluster to use it as the
width of the restraints. Where necessary, we rescaled this width to prevent overlap between active
and inactive states. For simulation parameters and details on setup and analysis, see the Supporting
Information.

Absolute Binding Free Energy Perturbation.

For each target-ligand pair, we performed ABFEP using FEP+.1°-1247 This implementation uses
replica exchange with solute scaling (REST2)* to improve sampling of the solute and Grand
Canonical Monte Carlo (GCMC)* to enhance sampling of water molecules. To avoid artifacts in
long-range electrostatic interactions for charged ligands,® it employs the alchemical water
approach.'?5! As the starting structure, we chose a frame from the template simulation in which
the target had sufficiently relaxed. Ligands with available PDB structures were placed by aligning
the structures at the receptor, congeneric ligands by aligning the ligands themselves, and poses for
the additional benchmark study were generated using maximum common substructure (MCS)
docking in Glide.>>** Restraints were applied using a flat-bottom harmonic potential on the
receptor’s Co-atoms (Figure 3B) with their centers and widths determined from the template
simulations as described above. We analyzed the results using custom Python scripts. Plots were
generated using Matplotlib,> protein visualizations using PyMOL,% and chemical structures using
Maestro’s 2D Sketcher.>

Data and Software Availability.

The FEP+ program with OPLS4 force field in Schrodinger’s 2023-1 release used to generate the
data reported in the manuscript is available via standard commercial or evaluation licenses. Our
workflow to analyze template MD simulations and set up restrained ABFEP calculations is
available on GitHub at https://github.com/schrodinger/fep-restraints. FEP starting structures,

results, and code for functional response predictions from free energies are available on GitHub at
https://github.com/schrodinger/functional-response.

FIGURES
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A Ligands shift the structural equilibrium between active and inactive state.
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Figure 1. The effect of a ligand on the structural equilibrium of a receptor can be predicted by
comparing its binding affinity to the receptor in each relevant state.

(A) Thermodynamic equilibrium between the active state and the inactive state in a two-state receptor. The
behavior of four types of ligands is shown: a full agonist, a partial agonist, a neutral antagonist, and an inverse
agonist. In our analysis, the former two are categorized simply as agonists and the latter two as antagonists. The
curves illustrate the typical downstream signal behavior over the ligand concentration for each type of ligand.
The schematics represent the populations of active and inactive states in the apo and holo ensembles of the
receptor in complex with the various ligand types, respectively. The difference in free energy between active
and inactive states is called AGa, in the apo ensemble and AGroo in the holo ensemble. (B) The thermodynamic
cycle of a two-state receptor, suggesting that the shift AAG in the active-vs.-inactive equilibrium caused by a
ligand can alternatively be calculated as the difference of the binding free energies AGa and AG;i. Usually,
obtaining AGapo and AGiolo from conformational transitions of the receptor is prohibitively expensive (crossed
arrows) but the binding free energies AGa and AG are routinely calculated via established FEP methods (arrow
with smiley face). While efficacy and affinity are orthogonal quantities, they are linked via thermodynamics.
This relationship provides a useful “shortcut” for drug discovery and receptor biology and can be generalized to
multi-state systems.
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Figure 2. The difference of binding free energies calculated with FEP+ predicts the experimentally
determined ligand efficacy with high accuracy across a large set of important receptors.

Each panel (A-H) shows the predicted shift AAG from the inactive to the active state caused by each ligand for
one of the target receptors in our study. The height of the bars indicates the predicted efficacy, with values
expected to be lower for agonists (orange bars) and higher for antagonists (blue bars). Ligands are enumerated
along the x-axis. A list of all ligand names and more detailed results can be found in the Supporting Information.
Our findings demonstrate the utility of binding free energy calculations in predicting ligand efficacy.
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Figure 3. The predictive power of binding free energy calculations is strongly influenced by the
separation between active and inactive conformational ensembles in FEP simulations.

(A) Ligands may prefer binding to a receptor in a conformational state other than the active or inactive state, as
shown in the schematic representation of ligands (antagonist: brown rectangle, agonist: dark green trapezoid)
and receptor conformations (first column). Without restraints, ligands can adapt the receptor to their preferred
state (third column) via initial binding pocket accommodation (second column). (B) To improve predictive
accuracy, flat-bottom harmonic restraints were applied to maintain the receptor in either the inactive or active
state (left and right, respectively). The restraint centers and widths were determined from template MD
simulations as described in the methods section. (C) A comparison of efficacy predictions from ABFEP with
and without restraints is shown in scatter plots of binding free energies to the inactive and active states.
Antagonists (blue circles) are expected to be at the top left and agonists (orange circles) at the bottom right. The
improvement in predictive performance demonstrates the improvement from the use of restraints. (D) The
comparison of efficacy predictions using restraints derived from MD simulations and those using restraints
derived from the unrelaxed PDB structure (with slight distortions from crystal contacts) show that the best
restraint center is not necessarily the experimental structure. While restraints from MD simulations lead to
accurate predictions, strong-binding ligands (lower left) are consistently shifted upwards in the scatter plot
obtained using the PDB structure-based restraints, indicating imperfect binding to the active structure. We
explain this effect by slight distortions of the active experimental structure (PDB: 6PT2) from crystal contacts
that are remedied during the template simulations (Supporting Information Figure S4).
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A  Predictions are accurate across activity cliffs in B Predictions can correctly interpolate between scaffolds.

congeneric series.
Sugar group, hallmark
for A1/A2A agonists )
“/N\a /\/\ :
Qe >‘ adenosme A

U-4517 Thiophene modification,
Naloxone

) inspired by antagonists
Nalorphine Benzoylhydrazone Al: I, +6.13 P Yy 8

A2A: I, +3.40
5: I, 0.02 5: A, -0.25 5: A, -3.90 ‘<

p: I, 0.32 p: I, +1.17 p: A, -3.41 ‘< ZM-241385 (1)

C  Predictions can extrapolate to unseen scaffolds. D Predictions are inaccurate if a ligand’s preferred
receptor conformation differs too much from the
) ) ) template.
SHT2A inactive template: SHT2A active template:

Lumateperone 25CN- NBOH
. inactive A2A
Q\‘Q ‘/\ template
—{_)] (PDB: 6GT3)

Examples for correct predictions:

Serotonin (A Zotepine (1)

@EC T :
:‘ I ' Crystal structure of

O the partial agonist
\(\) LUF5833 with A2A
2 PDB: 7ARO
< )k Cariprazine (A ( )

Lorcaserin (A

LUF5833 \\.

predicted as antagonist (+2.13)

Figure 4. Our workflow can accurately predict functional responses of ligands across chemical
space — including activity cliffs, scaffold interpolation and extrapolation — within the range of
receptor conformations sampled by the template MD simulations.

(A) Three morphine-like opioids with subtle chemical differences and distinct functional responses at the 8- and -
opioid receptors. Our workflow correctly predicts these differences, despite the “activity cliff” and the contrasting
trends between the two receptors. Each ligand is labeled with its name and, for each of the two investigated opioid
receptors, its experimentally determined efficacy (I: antagonist, A: agonist), and the value of the free energy shift
AAG in kcal/mol as predicted from ABFEP. (B) The “hybrid” ligand LJ-4517 contains functional groups associated
with both adenosine receptor agonists (orange circle) and antagonists (blue circle), making its functional response
difficult to predict from its structure alone. Our workflow correctly predicts it as an adenosine receptor antagonist. For
comparison, we show the native agonist adenosine and the prototypical antagonist ZM-241385. (C) The ligands used
in the template MD simulations for the serotonin receptor 2A (SHT2A), along with examples of probed ligands whose
functional responses (I: antagonist, A: agonist) were correctly predicted. Note the diversity of scaffolds among these
examples and compared to the template ligands. (D) LUF5833 was predicted as an A2A antagonist, contrary to its
actual behavior as a partial agonist. This discrepancy can be attributed to the conformational changes in the receptor
binding pocket, as observed in its experimental structure (PDB: 7ARO, gray) which was not used in our simulations.
The binding pocket conformation differs significantly from both the active (5G53, orange) and inactive (6GT3, blue)
template structures, with the salt bridge between His264 and Glu169 broken (both residues’ side chains shown as
sticks), ECL3 tilted outward, and Glul69 directly interacting with the ligand (also shown as sticks). These
conformational changes are far from what is sampled in either template simulation, indicating that the binding pocket
conformation preferred by LUF5833 cannot be adopted in the subsequent FEP+ simulations.
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