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Abstract

Accurate modeling and design of protein-ligand interactions have broad applications in cell,
synthetic biology and drug discovery but remain challenging without experimental protein
structures. Here we developed an integrated protein homology modeling-ligand docking-protein
design approach that reconstructs protein-ligand binding sites from homolog protein structures in
the presence of protein-bound ligand poses to capture conformational selection and induced fit
modes of ligand binding. In structure modeling tests, we blindly predicted near-atomic accuracy
ligand conformations bound to G protein-coupled receptors (GPCRs) that were rarely identified by
traditional approaches. We also quantitatively predicted the binding selectivity of diverse ligands
to structurally-uncharacterized GPCRs. We then applied the technique to design functional human
dopamine receptors with novel ligand binding selectivity. Most blindly predicted ligand binding
specificities closely agreed with experimental validations. Our method should prove useful in
ligand discovery approaches and in reprogramming the ligand binding profile of membrane
receptors that remain difficult to crystallize.
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Introduction

Membrane receptors such as G protein-coupled receptors (GPCRs) can typically bind and
respond to distinct extracellular ligands!—3. Ligand binding promiscuity allows a single
receptor to control and trigger up to several intracellular signaling pathways through distinct
ligand-bound receptor conformations*~. Achieving this property requires receptor structures
to be highly flexible*®:8. However, conformational flexibility represents a challenge for
predicting the structure and energetics of receptor-ligand interactions, a critical step in
rational drug screening and design approaches. Additionally, despite tremendous progress in
membrane protein crystallography®, only a small fraction of ligand-bound receptors (e.g.
less than 5% of all GPCRs) have been crystallized to datel0.

To address this problem, computational homology modeling approaches have been
developed to model receptor structures from structural homologs!1-14. Ligand-bound
receptor structures are then typically generated by docking the ligand onto selected ligand-
free receptor homology models®-20, GPCR-DOCK blind prediction contests have been
organized in recent years to assess the accuracy of these computational techniques?—23,
Overall, it was concluded that, when close receptor structural homologs and experimental
information on ligand-receptor interactions are available, current methods guided by expert
modelers can select receptor-ligand structures with high (i.e. near-atomic) accuracy.
However, very few successes were obtained on more difficult targets, highlighting the
challenges associated with modeling receptors from more distant homologs and with poorly
characterized pharmacology (e.g. orphan GPCRs 29). In addition to recurrent sequence-
structure alignment problems in homology modeling approaches?425, the lack of structural
accuracy of the receptor ligand-binding site was cited as a major limitation of the
techniques. Extracellular ligand binding site sequences and loop structures are often
divergent even between GPCRs from the same family37:23, Consequently, de novo coarse-
grained remodeling techniques1-13.26 are used to first construct ligand-free receptor
structures which often result in loop conformations making non-native contacts with the
receptor in absence of the ligand. Additionally, current approaches dock ligands onto
receptor models without fully relaxing the receptor structurel®17-19.27 gych strategy
assumes that ligand binding proceeds by selection of receptor conformations (i.e.
conformational selection mechanism?28) and cannot fully model effects induced by the ligand
on the receptor structure (i.e. induced fit mechanism?9-30). Reliably predicting ligand-bound
receptor structures by mimicking both induced fit and conformational selection modes of
ligand binding remains a challenge.
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Since membrane receptors, particularly GPCRs, critically control intracellular signaling but
remain difficult to study in their native forms due to high ligand promiscuity, there is
growing interest in designing receptors with novel ligand binding selectivity. Empirical
approaches have engineered very powerful GPCRs that respond only to designed drugs (e.g.
RASSLs3!, DREADDs32), enabling the role of particular cellular signaling pathways to be
probed. GPCRs with reprogrammed native ligand binding selectivity would provide the next
generation of molecules to deconstruct the role of native GPCRs in complex signaling
responses and to design novel therapies. However, engineering ligand binding sites with
novel binding selectivity remains a challenge in absence of high resolution receptor-ligand
structures.

To address these limitations, we have developed IPHoLD, an Integrated Protein Homology
modeling, Ligand Docking and protein design approach which models induced fit and
conformational selection ligand binding modes from homolog receptor structures only. The
method achieved unprecedented near-atomic accuracy in predicting ligand-bound GPCR
conformations in a blinded fashion (i.e. without any human guidance or experimental
information). We also quantitatively recapitulated the binding selectivity of diverse ligands
to structurally-uncharacterized GPCRs using the predicted GPCR-ligand structural models
only. Lastly, we combined IPHoLD with experimental validation to rationally engineer
GPCRs with novel ligand binding selectivity. When applied to the structurally-
uncharacterized dopamine D2 receptor, most designed receptors experimentally displayed
binding specificities in close agreement with the predictions.

Integration of homology modeling and ligand docking

So far, attempts at modeling ligand-bound GPCR conformations in absence of experimental
receptor structures have adopted the following sequential approach?1-23, First, the ligand-
free receptor structure is modeled by homology to existing GPCR X-ray structures and,
second, the ligand is docked onto selected ligand-free receptor homology models
(Supplementary Results, Supplementary Fig. 1). This sequential approach presents two main
caveats that can prevent the modeling and selection of accurate ligand-bound GPCR
conformations.

First, because sequence and structure homology is often low between GPCR homologs in
the extracellular ligand-binding region, several long loops need to be rebuilt de novo from
sequence information only2®. De novo loop reconstruction is often achieved using peptide
fragment insertion techniques generating a large ensemble of unconstrained conformations,
which, in absence of ligand, can partially occlude the ligand binding site by making
energetically favorable non-native contacts with the transmembrane helices (TMH) of the
receptor (i.e. “loop collapse” scenario, Supplementary Fig. 1). Since ligand docking
techniques do not relax receptor structures extensively 1516.28.33 |igand molecules cannot
find their native conformations in the binding site of receptor models with collapsed loops.

Second, the sequential receptor modeling/ligand docking approach is inherently based on the
assumption that ligand binding to the receptor proceeds by selection of ligand-free receptor
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conformations (i.e. “conformational selection” mechanism). Because ligand docking does
not involve extensive receptor structure relaxation, induced fit effects (i.e. structural change
induced by the ligand) cannot be fully modeled (i.e. “no induced fit” scenario,
Supplementary Fig. 1).

To address these limitations, we reasoned that the receptor structure should be reconstructed
in the presence of the bound ligand to readily generate optimal ligand bound receptor
conformations. However, because the position and conformation of the ligand in the target
structure is unknown, both the optimal conformation of the receptor and that of the ligand
need to be searched simultaneously. We implemented this new concept in an integrated
receptor homology modeling / ligand docking approach (Fig. 1, Method). The protocol first
cycles between coarse-grained ligand docking and coarse-grained de novo loop
reconstruction to generate loop conformations making favorable contacts with ligand poses
displaying optimal surface complementarity with the entire binding site (Fig. 1, step2).
Then, ligand-bound receptor structures with closed loops are extensively relaxed using
atomistic representation of both the protein and the ligand to generate a diverse ensemble of
low-energy ligand-bound receptor conformations (Fig. 1, step2). The most optimal protein-
bound ligand poses are refined and selected by fine-grained all-atom redocking of a large
library of ligand conformers onto the low energy ensemble of receptor conformations
generated in step 2 (Fig. 1, step3). In essence, the IPHoLD protocol is designed to model the
effects associated with two main mechanisms of ligand binding; i.e. induced fit in step 2
where the ligand can influence the conformation of the receptor binding site being
constructed, and conformational selection in step 3 where the ligand can preferentially bind
to a subset of the large ensemble of receptor conformations. A detailed description and
discussion of the method and its implementation is provided in M ethods and Supplementary
Fig. 2.

Blind prediction of ergotamine bound serotonin receptors

A first version of the above-described protocol was tested during the last blind GPCR-
DOCK 2013 contest?3. To stringently assess the accuracy of our technique, we generated
and selected models of ergotamine bound serotonin receptors starting from the antagonist-
bound D3DR structure without any guidance from published studies on the receptor and the
ligand (e.g. mutational effects on ligand binding). This is in contrast to most other
participants who extensively guided and biased their modeling selection using human
expertise and experimental data. Unlike previous GPCR-DOCK contests?1:22, we were able
to predict using objective physical criteria alone (M ethod) a model of the ligand-bound
GPCR where the conformation of the ergoline core of ergotamine making extensive contacts
with the 5HT2B receptor was predicted with atomic accuracy (heavy atom rmsd of 0.97 A;
Supplementary Fig. 3a). Owing to extensive receptor relaxation in presence of the ligand,
our technique substantially moved the extracellular conformation of several TMHs forming
the ligand-binding site toward the target structure (Ca rmsd over ligand-interacting residues
of 1.1 A compared to 1.5 A for the starting template; Supplementary Fig. 3b). The structural
shifts were particularly notable in TMH6 and TMH7 which adopts a partially active state
conformation in the X-ray structure of ergotamine-bound 5SHT2B.
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We also identified key limitations in the protocol preventing near-atomic accuracy prediction
of the entire ligand conformation bound to the serotonin receptors. First, we noticed that no
ligand conformation in our initial library was close to that identified in the X-ray structure
which prompted us to systematically increase the size of the ligand rotamer ensemble
(Method). Additionally, we identified a suboptimal sequence alignment in TMH4 and in the
extracellular loop 2 between the serotonin 5SHT1B and the closest homolog template which
could be corrected by automatically aligning conserved proline and cysteine residues in
these regions (M ethod). Increasing the diversity of ligand conformers used in the simulation
and correcting the sequence alignments allowed for generating and selecting ergotamine-
bound 5HT1B and 5HT2B models where the conformation of the entire ligand was
predicted with near-atomic accuracy (Supplementary Fig. 3c,d, Supplementary Table 1).
Thanks to the method improvements, the accuracy of the ligand binding site region
increased for 5SHT1B, with a Ca RMSD to the X-ray structure which decreased from 2.0 A
to 1.5 A when calculated over the ligand-interacting residues (Supplementary Table 2).

Accurate prediction of ligand-bound GPCR conformations

Taking into account the lessons gained from the blind prediction, we tested IPHoLD on a
representative subset of 22 ligand-bound GPCR structures sampling a wide diversity of
ligand binding site location, structures and ligand sizes (Table 1). Since we were most
interested in developing the technique for rational design applications which rely on near-
atomic accuracy structure predictions, we did not attempt to model receptors from distant
homologs sharing very low sequence identity (i.e. < 20%) with the target sequence. Such
modeling requires extensive de novo reconstruction of both loops and TMH core regions and
may not consistently generate near-atomic accuracy structures of the receptor!3. We also
excluded close homolog pairs which likely do not necessitate the structural relaxation
provided by our approach. As an example, IPHoLD performed similarly well to other
homology modeling and ligand docking techniques when modeling the beta2 from the
closely related betal adrenergic receptor (Supplementary Table 1). The sequence identities
between all other targets and templates in our benchmark ranged from 20% to 37% and from
20% to 42% over the full length and the ligand binding region, respectively (Supplementary
Table 1).

We compared the results of our integrated approach to those obtained by two sequential
approaches: the original Rosetta modeling and ligand docking protocol15:21.22.27 and the
popular combination of receptor modeling by Modeller!! and ligand docking by Glide6
which were widely used by expert modelers in GPCR-DOCK predictions?1-23, The
simulations were performed with default parameters, as in a blind prediction without prior
knowledge of the X-ray structures and the models were selected using the same objective
physical criteria only (model population and energy). Importantly, since we aimed to test the
method capabilities and not those of the human experts, the three approaches were tested
objectively as if they were run automatically by computer servers.

Except for six structures, our technique generated and selected near-atomic accuracy
receptor bound ligand conformations for all targets (heavy atom rmsd < 2.5 A, average
heavy atom rmsd = 2.1 A over all targets, Fig. 2a, Supplementary Table 1). Conversely, only
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three ligand conformations were predicted accurately by the sequential approaches, leading
to high average rmsd of 4.9 A and 6.2 A for Rosetta and Modeller/Glide, respectively (Fig.
2a, Supplementary Table 1). Reflecting the high accuracy predictions of IPHoLD, our
models recapitulated on average 60.4% of all native atomic contacts between the ligand and
the receptor compared to only 32.4% and 29.4% for Rosetta and Modeller/Glide,
respectively (Fig. 2b, Supplementary Table 1). Despite these considerable improvements, we
noticed a few remaining limitations. For example, the Marvin and Omega softwares could
not generate CXCR4 antagonist ligand conformations close to that observed in the X-ray
structure (heavy atom RMSD > 1.5 A). Therefore, while IPHoLD predicted the CXCR4
ligand binding structure with high accuracy (interacting residues Ca RMSD = 1.2 A,
Supplementary Table 2), the ligand bound poses never reached the native conformation
(ligand RMSD = 4 A, Supplementary Table 1).

Accurate prediction of ligand-binding region structures

In principle, a higher rate of near-native ligand conformation predictions should partly result
from a more accurate modeling of the receptor ligand binding site structure as intended in
the implementation of our integrated IPHoLD approach. We systematically compared the
receptor extracellular ligand binding structure of the models selected by the sequential
Rosetta, Modeller/Glide and IPHoLD approaches. Whether the entire extracellular region
(including the ECL2 loop) or just the receptor residues interacting with the ligand were
considered, our models were substantially closer to the X-ray structure than those from the
other techniques (p-values < 0.05, paired t-test for ligand binding region Ca RMSD and
ligand interacting residues heavy atom RMSD. Supplementary Table 2). The structural
discrepancy calculated over all ligand contacting residues from all targets was only 1.5 A
using the integrated approach, further demonstrating the high accuracy of our predictions.
Improvements were particularly noticeable when the sequential approach performed poorly
(RMSD > 2 A) and when target and template were bound to ligands with distinct
pharmacology leading to substantial structural differences (e.g. ergotamine agonist bound
serotonin receptors modeled from the antagonist bound dopamine D3 receptor).
Remarkably, as shown in Fig. 3 and Supplementary Table 1, the level of prediction accuracy
did not depend on the size, chemical property, conformational complexity or location of the
binding site of the ligands. Unlike the alternative approaches, IPHoLD was able to predict
correctly the conformation of ligands buried between TMHSs at location where these helices
are tightly packed in the homolog structures (e.g. fatty acid binding GPR40 and class B
GPCR CRF1, Fig. 3f). These two challenging modeling cases highlight the considerable
ligand induced fit effects on receptor structures recapitulated by IPHoLD. These results
strongly suggest that the method should be applicable to a large diversity of GPCR-ligand
complexes.

Quantitative prediction of ligand binding selectivity

Since our ultimate goal is to apply the technique to design GPCRs with novel ligand binding
properties, we next tested whether ligand binding selectivity could be accurately predicted
from homology models only and generated by our integrated technique. Because the
approach does not directly calculate free energy of binding or ligand free energies, we
restricted our predictions to changes in binding affinity upon receptor amino-acid variations
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for the same ligand (M ethod). We selected a dataset of 39 experimentally measured GPCR-
ligand interactions encompassing a large diversity of ligand structures, chemistry, affinity
ranges and pharmacology (Supplementary Table 3). All receptor targets (most were
structurally-uncharacterized) were modeled from homologs in distinct (i.e. inactive or
active) functional states sharing as low as 28% sequence identity with their homologs in the
extracellular binding site (Supplementary Table 4). The selected receptor targets were either
native receptor or point mutants described in the literature (e.g. L126A and T134A for the
serotonin 5HT1B receptor, S193G for the dopamine D2 receptor34-36). We approximated the
changes in binding affinity between variants by the difference in receptor/ligand interaction
energies calculated from the GPCR/ligand bound models for each variant. Remarkably,
except for glemanserin binding to 5SHT2B and 5HT2A, all differences in ligand binding
affinity between GPCR variants were qualitatively correctly predicted (Fig. 4a,
Supplementary Table 3). Additionally, with a correlation coefficient r of 0.76 and standard
error of around 1.4 kcal/mol only, our calculated interaction energy differences correlated
quantitatively with the experimentally determined binding energy differences. These results
indicate that our modeled ligand-bound GPCR structures are accurate enough to predict
significant changes in ligand binding interaction energies and corresponding affinity
differences.

Designed GPCRs with novel ligand binding selectivity

If important ligand receptor interactions can be recapitulated using predicted ligand bound
receptor conformations, the models should prove accurate enough to guide the design of
receptors with novel ligand binding selectivity profiles. To test this hypothesis, we selected
the structurally-uncharacterized dopamine D2 receptor and identified 2 high (nanomolar)
affinity (spiperone, raclopride) and 1 low (micromolar) affinity (SCH) ligands. As a proof of
concept, we designed the D2 ligand binding site to simultaneously increase the affinity to
SCH, while decreasing the affinity to spiperone without perturbing the affinity to raclopride
(Fig. 4b, c).

Since these ligands are of different size and bind the receptor with distinct affinities, we
modeled the receptor bound to each ligand separately. Because the design of ligand-receptor
interactions is very sensitive to the atomic details of the models, we performed two rounds
of ligand docking (cycle 2) where the second round was biased toward sampling dominant
ligand poses identified in the first round (M ethod). This process enabled a finer-grained
sampling of ligand poses and a refinement of the structural models after the first round of
experimental validation (see below). While the high affinity ligands clustered mainly in one
large family of low-energy ligand-bound receptor conformations, the SCH-bound receptor
conformations were more structurally diverse, consistent with the low binding affinity of the
ligand. Consequently, we performed the design calculations on one spiperone and one
raclopride bound D2 structure, but with 20 representative SCH bound D2 conformations
(Method, Supplementary Fig. 4).

Our first round of design calculations identified two sites on TMH2 (V912:61) and TMH3
(V1113-2%) where selectivity switching mutations could be designed. Since the large
diversity of SCH bound D2 receptor structures may reflect an intrinsic conformational
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heterogeneity, we selected mutations that displayed consensus effects on most of the models
(Supplementary Fig. 4). Consistent with the predictions, all designed point mutations
decreased the binding affinity to spiperone by up to 23-fold (Fig. 4d, Supplementary Fig. 5,
Supplementary Table 5). The largest effect on SCH was observed for V91W, which
increased the binding affinity to the ligand by close to 10-fold (Fig. 4d, Supplementary Fig.
5, Supplementary Table 5). Altogether, with a 130-fold change in ligand binding selectivity,
the designed mutation V91W was the largest designed specificity switch in the first round of
calculations. While the relative effect of the V111L mutation compared to that of V1111 on
the binding affinity for SCH was predicted correctly, both mutations decreased the affinity
for SCH compared to WT in disagreement with the predictions (Fig. 4d, Supplementary
Table 5).

This discrepancy prompted us to refine the selection of SCH-bound D2 conformations and
identify ligand-bound models with slightly different ligand conformation that best fit the
first round of measured affinities (M ethod, Supplementary Fig. 6). From this new set of
experimentally-guided models, we performed a second round of design calculations. We
selected two additional sites on TMH3 (C1183-36) and TMH7 (T4127-3%) where mutations
were predicted to increase the binding affinity to SCH while not affecting that of spiperone.
Unexpectedly, the selected C118I mutation abolished significant binding to any ligand
antagonists. The D2 variant displayed partial degradation suggesting that the mutation may
destabilize the receptor, leading to partial unfolding (Supplementary Fig. 7a). The T412L
designed specificity switch displayed 14-fold increase and only 2-fold increase in affinity for
SCH and spiperone, respectively, in agreement with the predictions (Fig. 4d, Supplementary
Table 5). Remarkably, while the designed mutations had significant effects on spiperone and
SCH binding affinity, we observed no significant effects on the affinity for raclopride,
consistent with our predictions (Fig. 4d, Supplementary Fig. 5, Supplementary Table 5). We
then combined the V91W and T412L mutations to create a double mutant variant predicted
to further alter the ligand binding selectivity. In good agreement with the predictions, the
double mutant displayed a considerable 1410-fold change in ligand binding selectivity and
bound SCH with slightly higher affinity than spiperone. By contrast, the affinity for
raclopride remained almost identical to that of WT as intended by the calculations. Lastly,
our designed D2 variants remained functional, bound dopamine and displayed Gi signaling
responses to dopamine binding very similar to D2 WT in cell-based assays (Supplementary
Fig. 7b,c). These results indicate that our designed mutations had very selective effects on
the binding of antagonists.

With a 76% success rate on 21 designed receptor-ligand pairs, these results indicate that our
integrated receptor homology modeling/ligand docking approach can provide structural
templates accurate enough to design mutations altering ligand binding selectivity. The
success rate even increased to 86% after the second round of design calculations guided by
the sparse ligand binding data obtained during the initial experimental validation.
Importantly, the ligands selected in this proof of concept study spanned a large range of
binding affinity, chemistry, structures and receptor bound conformations. The ligands also
selected distinct receptor conformations as assessed by the substantial difference in ligand
binding site structures between the different ligand-bound receptors (Rmsd ranging between
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1 Ato 1.3 A, Supplementary Table 6). Overall, these results highlight the ability of IPHoLD
to recapitulate non-trivial structure-energy relationships in receptor-ligand interactions.
Importantly, most mutations selected in the first cycle of design calculations would have
been identified using models from our first round of unbiased ligand docking simulations
(Method, Supplementary Fig. 8). However, the second round of ligand docking generated a
finer-grained ligand conformational ensemble including two models that matched best the
experimental results. Therefore, our results indicate that ligand docking resampling
approaches to enrich dominant ligand poses is an effective strategy for experimentally
refining the computational design of ligand-protein interactions.

Limitations of the approach

Since homolog structural templates with as low as 25% sequence identity were sufficient to
generate accurate models, we estimate that around 30% of all GPCRs (close to 250
receptors) and receptors from many other families could now be targeted using IPHoLD.
Modeling receptors from more distant homologs is more challenging because it usually
requires also de novo reconstructing part of the TMH core regions. Despite de novo
remodeling a fraction of TMH6, we were able to correctly predict the class B GPCR CRF1-
bound ligand conformation starting from a template sharing only 20% sequence identity
(Fig. 3f). However, whether the near-atomic level of accuracy obtained in this study can be
consistently achieved starting from distant homologs (< 20% sequence identity) that require
the de novo rebuilding of multiple TMHs remains unclear.

IPHoLD requires additional software to generate ligand conformers. Our results suggest that
near-native ligand poses can often be selected using the ligand rotamers generated from the
software Marvin. However, in a few instances, no ligand poses closely matching the
conformation observed in GPCR X-ray structures were selected by Marvin. These
observations suggest that generating ensemble of ligand conformations using multiple
softwares based on distinct energy functions may be necessary in the future.

Our approach relies also on an implicit solvent model which does not represent solvent
molecules explicitly337. As such, IPHoLD failed at consistently generating native-like
structures for ligand-receptor interactions that are largely mediated by water molecules such
as in the ZM241385-bound A2A receptor. Due to the associated computational cost and
complex physical properties of protein bound water molecules, the explicit modeling of
solvent remains a challenge even in simple ligand docking simulations on experimentally
determined protein structures38. Combining explicit solvent treatment with homology
modeling of protein receptor and ligand docking techniques will likely require major
advances in both conformational sampling algorithms and computer hardware.

Lastly, several families of GPCRs bind hormone peptides or even proteins (e.g. chemokines)
but modeling these complexes remains beyond the scope of the present study and will
necessitate further computational developments.
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Discussion

Accurately predicting protein-ligand interactions in absence of experimental protein
structures remains a major challenge especially for conformationally-flexible membrane
receptors such as GPCRs which bind and respond to several ligands. To address this
problem, we developed and validated IPHoLD, an Integrated Protein Homology modeling,
Ligand Docking and protein design approach to accurately model and design ligand-GPCR
complexes even without experimental structure on the molecules (Fig. 1). By simultaneously
reconstructing ligand binding sites and docking ligands, we considerably improved ligand-
bound pose predictions as compared to traditional modeling approaches, reaching near-
atomic accuracy in most cases (Fig. 2, 3). IPHoLD enabled quantitative prediction of the
binding selectivity of a wide diversity of ligands to multiple structurally-uncharacterized
GPCRs (Fig. 4a). Lastly, by combining IPHoLD with experimental validations, we
redesigned the ligand binding site of the structurally-uncharacterized dopamine D2 receptor
and rationally engineered receptor variants with novel binding selectivity profiles for 3
distinct ligands (Fig. 4b—d).

Our results indicate that modeling ligand-bound receptor conformations by mimicking
induced fit and conformational selection mechanisms of ligand binding considerably
improve the structural and energetic accuracy of receptor-ligand interactions in homology
modeling. By contrast, traditional sequential approaches which first model ligand-free
GPCR structures and then dock ligands often suffer from inaccurate de novo modeled loop
conformations and cannot fully capture ligand induced fit effects. These sequential
techniques rarely generate optimal ligand bound structures on their own (Fig. 2,
Supplementary Fig. 1) and often required experimental information on ligand-receptor
interactions and human expert guidance to select native-like GPCR-ligand complexes in
blind contests?1-23, Sequential techniques will likely remain useful for modeling receptors
from well-characterized classes or with canonical ligand binding properties. However, there
is growing interest in applying rational structure modeling techniques to poorly
characterized receptors and for uncovering novel classes of ligand compounds. To our
knowledge, efforts in this direction have remained very sparse0. In our blind and
benchmarking predictions, only objective physical criteria (based on model energy and
convergence of the simulations without experimental information) were used to select
models. Additionally, the high level of conformational relaxation of ligand-bound GPCR
complexes enabled to substantially improve the modeling of activating ligand agonist bound
binding site structures even when starting from inactivating ligand antagonist bound GPCR
homolog structures. More generally, our successful predictions encompassed ligands with a
wide diversity of chemical, pharmacological, structural and signaling activating properties.
Unlike alternative techniques, we were also able to correctly model ligands bound in the non
canonical binding sites of the class B GPCR corticotropin-releasing factor receptor 1 and of
the free fatty acid receptor FFARL (Table 1, Fig. 4, Supplementary Table 3, 4). Therefore,
our technique is general and should be applicable even to classes of poorly characterized
receptors (e.g. orphan) with no available experimental structural information. In principle,
the only information necessary to run IPHoLD is a starting protein structural template with
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sufficient homology to the target receptor (i.e. at least 25% sequence identity) and the
chemical structure of a binding ligand.

A wide range of synthetic, cell biology applications and cell-based therapies would benefit
from the ability to reprogram the ligand binding selectivity and signaling responses of
membrane receptors that are often promiscuous and difficult to study or utilize in their native
forms. While empirical approaches have provided a few examples of engineered
receptors®1:32, these techniques lack the rational physical basis to predictably reprogram
ligand binding affinities and selectivity. The ability to considerably modulate the binding
affinities of two ligands without perturbing the binding to other ligands in our proof-of-
concept study demonstrates the power of rational structure-based approaches. Our results
also highlight the need to explicitly model ligand-bound receptor conformational diversity,
which was critical to recapitulate precise, selective ligand-receptor contacts and guide the
design of novel ligand binding specificity determinants.

Our method should prove particularly useful in ligand/drug discovery approaches and in the
design of receptors with reprogrammed ligand binding and biosensing responses for the
numerous classes of membrane protein targets that remain poorly characterized and difficult
to crystallize.

Online Methods

Selection of homolog structure templates

For each target, homolog template structures were searched using a sequence-structure
alignment approach by HHpred3®. Specifically, HHpred was run with the local alignment
option and three iterations of BLAST followed by global MAC realignment. The top-ranked
homolog templates were selected.

Integrated Protein Homology Modeling-Ligand Docking (IPHoLD) protocol

IPHoLD addresses the combinatorial explosion problem of sampling simultaneously ligand
positions and loop conformations in 4 consecutive steps gathered in 2 cycles which provide
efficiency while not substantially sacrificing the sampling of receptor and ligand
conformational diversity. IPHoLD was developed by integrating and adapting the
RosettaMembrane homology modeling and Rosetta Ligand protocols as follows.

Cycle 1: modeling an ensemble of low-energy ligand-bound receptor
conformations—In cycle 1, alignments from HHpred were used to thread the target
sequence onto the backbone of the selected template. The alignments were systematically
checked and eventually manually corrected to match those of the GPCR database
(GPCRdb*%:41) in the extracellular regions. This step became important after we identified
that HHpred had not correctly aligned the conserved prolines in TMH4 and extracellular
loop cysteines of the target serotonin 5SHT1B receptor to that of the template Dopamine D3
receptor (3PBL) in the blind GPCR-DOCK 2013 prediction contest23. Regions of the target
receptor displaying alignment gaps with the homolog template were selected for de novo
rebuilding. These regions included extracellular loops for all targets (except for the close
homolog B2AR, B1AR pair) as well as one transmembrane helix for a few targets.
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Ligand conformers were generated as described below in the ligand conformer generation
section.

Step 1. Coarse-grained ligand docking on starting receptor templates: In each of 120000
independent simulations, coarse-grained ligand conformers are first docked onto a coarse-
grained model of the starting receptor template guided by anchor points initially placing the
center of mass of the ligand at distinct positions spanning the entire ligand binding site. At
this stage, extracellular loops that will later be rebuilt in presence of the ligand (in step 2) are
removed from the receptor template structures. In our benchmark, the regions reconstructed
de novo contributed at most 40% of the ligand-receptor contacts even for receptor targets
modeled from relatively distant homologs. Therefore, a majority of the binding site is
composed of residues already built in the homolog template structure, which justifies the
first step of ligand pose selection prior to loop rebuilding. Each ligand conformer orientation
is randomized a thousand times and the positions displaying perfect surface
complementarity with the receptor coarse-grained template structure are gathered in a set of
“optimal” ligand-bound conformers. From 10 to 100 thousands initial ligand conformers and
positions, only a hundred to a few hundreds are selected that display perfect shape
complementarity and enough structural diversity (i.e. redundant conformation and position
are discarded).

Step 2. Coarse-grained loop rebuilding of selected ligand-bound receptor templates: In
each of 10000 independent simulations, one “optimal” ligand pose is randomly selected and
the ligand-bound receptor template is subjected to coarse-grained de novoloop (and TMH in
a few targets) rebuilding. This step constructs and selects loop conformations making
favorable contacts with low-energy docked ligands. The models are scored using the coarse-
grained energy function of RosettaMembrane?? for the receptor and a simplified potential
for the ligand approximating Van der Waals contacts and penalizing atom overlaps.

Step 3. Ligand-bound loop rebuilt model all-atom relaxation and selection: Each of the
10000 loop rebuilt and ligand bound coarse-grained models is then fully relaxed at all-atom
to allow the non-rebuilt parts of the template to accommodate the target sequence, relax in
the presence of the bound ligand with an all-atom representation and generate a large
diversity of low-energy receptor conformations compatible with multiple distinct ligand
conformers. At this stage, the ligand is not redocked but kept in its starting conformer.
Typically, five repeats of structure relaxation involving several cycles of side-chain
repacking and structure minimization with increasing weights for the repulsive term of the
Lennard-jones potential (starting from a heavily damped and reaching the regular high-
resolution weight) are performed and the lowest energy structure is selected. At this stage,
the models are scored using the all-atom energy function of RosettaMembrane3”.

The 10% lowest energy models are clustered by receptor structural similarity and the centers
of the top 20 most populated clusters are used as starting receptor conformations for cycle2.

Cycle 2: Fine-grained ligand docking on the receptor conformational
ensemble—In cycle 2, ligands are re-docked onto each ligand-free receptor conformation
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selected from cycle 1 to ensure that, unlike in cycle 1, ligand conformers can fully sample
the receptor conformational ensemble and select the optimal receptor conformation.

Step 4. Ligand docking refinement: In this cycle, coarse-grained followed by full-atom
ligand docking is performed as described previously®27. In this protocol, the receptor
structure is kept mostly rigid with the exception of side-chain repacking and constrained
minimization of the residues in direct contact with the ligand. 3000 ligand-docked models
are generated for each input receptor model and the final structures are scored using the
Rosetta ligand all-atom energy function1:27,

From the 10% lowest total score models, the 1,000 models displaying the lowest receptor-
ligand interface (i.e. interaction) score (Rosetta function term interface_delta) are selected
and clustered. After aligning the protein coordinates of the selected models, all the ligands
are clustered into families of ligand poses displaying similar location and conformation
using a two-step clustering method described below in the ligand conformer clustering
section. In the structure prediction benchmark, the top 10 clusters by size were further
ranked using specific energy terms defined below. Within each of the top 5 reranked clusters,
the optimal ligand conformer according to the specific energy term is selected as a final
ligand model. Following the GPCR-DOCK blind prediction selection criteria, among the 5
final models, the ligand bound model with the lowest ligand heavy atom RMSD to the native
X-ray structure is reported in our study.

The energy term selection criteria are defined as follows: for small size ligands (molecular
weight less than 350 Dalton), the hydrogen bond term (Rosetta function term if_hbond_sc)
is used. For larger ligands (molecular weight higher than 350 Dalton), because Van der
Waals interactions and surface complementarity often play a major contribution in receptor-
ligand interactions, the entire interface energy (Rosetta function term interface_delta) is
used.

Selection of the effective number of independent IPHoLD simulations

IPHoLD modeling simulations are performed using multiple independent trajectories to
sample relevant combinations of ligand and receptor conformations. As explained below,
IPHoLD was designed to considerably reduce the conformational space to be sampled. The
number of trajectories was selected to provide an effective tradeoff between accuracy and
speed of the calculations.

The first most important step leading to a considerable reduction in the ligand
conformational space to be sampled is the coarse-grained ligand docking step. Typically, this
selection step reduced the total possible number of ligand positions from 10 thousands or
100 thousands to one hundred or a few hundreds ligand poses. In principle, 10000
simulations enable each “optimal” ligand pose to be selected multiple times and to generate
multiple loop rebuilt receptor structures. As shown in Supplementary Fig. 2, generating up
to 100000 loop rebuilt structures from the same set of ligand poses did not improve the
sampling of receptor and ligand conformational diversity and the selection of near-native
ligand-bound extracellular loop and binding site conformations.
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During the development of our approach, we also assessed whether an additional cycle 1 of
coarse-grained ligand docking and loop rebuilding starting from loop rebuilt receptor
structures would improve the final relaxed ligand-bound models. We found no significantly
more accurate ligand-bound models after a second cycle of coarse-grained ligand and loop
modeling.

The ligand docking refinement step (cycle 2, step 4) is performed using the center models of
the 20 largest clusters of low-energy ligand-bound receptor relaxed structures from step 3.
The number of selected models was optimized during the blind prediction of ergotamine-
bound 5HT1B and 5HT2B structures and on the three benchmark test cases described in
Supplementary Fig. 2. We found that 20 starting receptor models enabled enough receptor
conformational diversity and performing ligand docking on up to 100 starting models did
not enrich for near-native ligand poses. 3000 ligand docking trajectories for each starting
receptor model is sufficient to guarantee convergence and is similar to the number of
trajectories reported for the same simulations performed by RosettaLigand starting from a
single receptor structurel®.

To test the effects of cycle 1 simulation and model number on the structure prediction
accuracy (Supplementary Fig. 2), we selected the ligand-bound GPCR targets Adenosine
receptor A2A (3UZA), B1 adrenergic receptor (2VT4), serotonin receptor 5SHT1B (41AR)
and serotonin receptor 5SHT2B (41B4) because they displayed different ligand size and
number of ligand conformers and all involved substantial loop reconstruction. Specifically,
4, 200 and 84 ligand conformations were generated by MarvinSketch (http://
www.chemaxon.com) for 4UZA, 2VT4 and 5HT2B, respectively. Each ligand conformer is
placed at 3 distinct locations in the binding site and its position randomized a 1000 times.
Therefore, the total number of initial ligand positions is 12000, 600000 and 252000, for
4UZA, 2V T4 and 5HT2B, respectively. 51, 35, 36 residues were rebuilt on the extracellular
regions of 4UZA, 2VT4 and 5HT2B, respectively.

Supplementary Fig. 2 compares the results of IPHoLD simulations performed with 10000
versus 50000 and 100000 independent trajectories for steps 1-3. The results are compared
using the following 3 metrics:

1. The ligand binding site RMSD to native of the selected receptor models in step 3.
This metric reflects the conformational diversity and accuracy of the ligand
binding structure resulting from the loop modeling and ligand-induced fit effects.
Undersampling would result in narrower binding site rmsd distribution and less
accurate receptor models (i.e. higher rmsd to native).

2. The diversity of bound ligand conformation in the selected receptor models in
step 3. The diversity is calculated from the rmsd distribution of the model ligand
conformations after alignment to the native ligand conformation. This metric
reflects the diversity and accuracy of ligand conformations selected to rebuild
loops and refine receptor structure for induced fit effects during steps 1-3.
Undersampling would result in narrower ligand rmsd distribution (i.e. less
diverse ligand conformer selected) and less accurate ligand poses (i.e. higher
rmsd to native).
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3. The accuracy of the selected ligand-bound pose at the end of the simulation in
step 4. This metric reflects the diversity and accuracy of the final docked ligand
conformations after superposition of the model and native receptor structures.
Undersampling the receptor conformations and ligand conformations would
result in narrower rmsd distribution and less accurate ligand poses (i.e. higher
rmsd to native).

As shown in Supplementary Fig. 2, the 3 above described rmsd metrics remained very
similar whether 10K, 50K or 100K independent simulations were performed. These results
suggest that 10K simulations do not lead to substantial undersampling of ligand and receptor
conformations. 10K simulations are sufficient to generate enough receptor and ligand
conformational diversity for selecting near-native ligand poses.

Ligand conformer clustering

A two-step clustering method was used to identify the dominant ligand binding modes. The
program first clusters ligands by their geometric centers into families with similar docking
sites and then clusters the ligand poses belonging to the same docking site into families of
similar conformations. For both clustering steps, the average linkage hierarchy-clustering
method was used. Instead of using a pre-defined distance cut-off, the optimal cut-offs were
identified using the elbow strategy*3 for each ligand within a 5-8 A range for ligand docking
site and a 2-3 A range for ligand conformation.

Ligand conformer generation

Ligand conformers were generated prior to docking using MarvinSketch (http://
www.chemaxon.com) or Openeye program (Omega)*4. In the blind prediction of the
ergotamine-bound serotonin receptors, Openeye’s default parameters were used for ligand
conformer generation. In all remaining stages of the study, ligand protonation states were
first calculated by the MarvinSketch program at pH=7.4 before generating ligand
conformers. To allow ligands with different sizes to sample the same range of internal
energies, conformers for each ligand were generated until they covered an energy window
equal to 10 kcal/mol.

Sequential Rosetta homology modeling and ligand docking

The sequential protocol was run as described previously?1:22:27 except for a few parameters
(i.e. number of models, selection of ligand poses) which were adapted to match those of the
integrated IPHoLD approach, allowing a direct comparison of the 2 techniques. 10,000
GPCR models were generated and the lowest 10% by total energy were clustered by
receptor structural similarity. The centers of the top 20 most populated clusters were used as
starting receptor conformations for ligand docking. 3000 ligand bound models were
generated for each starting structures using the same protocol and starting ligand conformers
than cycle2 in the integrated IPHoLD approach. The lowest 10% ligand-bound GPCR
models by total energy were selected and re-ranked by ligand-receptor interaction (i.e.
interface) energy. The lowest 1000 ligand poses by interface energy were clustered as
described above prior to model selection.
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Sequential approach using Modeller and Glide

The online server of Modeller!! (http://toolkit.tuebingen.mpg.de/modeller) was used to
generate homology models for each target protein. Modeller was given the same target-
template sequence alignment than Rosetta and IPHoLD techniques. Modeller models were
retrieved and used for ligand docking using the software Glide!® in Maestro (version
9.6.012, Schrodinger). Before generating ligand-docked complex models, both receptor
structure and ligand were prepared using ‘Protein preparation’ and ‘ligand Preparation’
protocols in Maestro. Standard precision Glide ligand docking protocol was used as
described in the manual to output up to 5 selected models by the program. The most accurate
model (i.e. lowest ligand rmsd to the target X-ray structure) was used for comparison in the
benchmark.

Structural accuracy of receptor models

The accuracy of the models was assessed by calculating Ca RMSD and all-atom RMSD over
two sets of protein residues: 1. A large “ligand binding region” comprising the extracellular
half of all TMHs and the extracellular loop 2 between the conserved Cys residue (Cys*°-50,
45 indicates between TM helix 4 and 5) and the N-terminal residue of TM helix 5; For
CRFI1R, the ligand binding region is defined by the intracellular half of transmembrane
helices 3, 5 and 6 that include the binding pocket for the ligand. 2. A smaller “interacting
residues” region comprising only the residues interacting with the ligands (i.e. with at least
one heavy atom within 4 A of a ligand atom).

Sequence identity between templates and targets was calculated over the full length receptor
and the ligand binding region.

Ligand binding site design

Structure models of different ligand-bound dopamine receptor 2 (Spiperone, Raclopride,
SCH23390) were generated and selected as described above, except that the final ligand
docking refinement step was performed twice as follows.

A first cycle of ligand docking was performed as described above in the blind prediction and
benchmark without any bias. Analysis of the largest families of low-energy ligand poses
indicated that the interaction between the amine moiety of each of the 3 ligands with Asp3-32
114 of D2 (which is a conserved interaction in all class A GPCRs*%) was the most frequent
polar contact observed in the blindly selected models (Supplementary Fig. 8 A). Since
several selected models did not display that contact and because the design of protein-ligand
interactions is very sensitive to the atomic details of the models, we decided to enrich the
population of models for those displaying the consensus polar contact.

We therefore performed a second ligand docking refinement with a distance constraint
between the amine moiety of the ligand and Asp 114. While a large fraction of the low-
energy selected poses remained similar to those from the unbiased simulations
(Supplementary Fig. 8 B), all the ligand-bound models now displayed the constrained polar
interaction. The simulations with the high-affinity spiperone and raclopride ligands led to
one dominant family of models (by energy and size) and the representative center model of
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that family was selected for the design calculations. Concerning the weak-affinity ligand
SCH, since no dominant family of poses was identified (i.e. multiple ligand conformations
clustered in families of similar sizes and energies), we performed the design calculations
using 20 center models sampling distinct ligand conformations accommodating the
consensus contact (Supplementary Fig. 4 A).

Mutations were designed at residues belonging to the ligand binding pocket of the receptor
using a set of RosettaScripts designed and adapted from previous studies*®. The example of
XML protocols used in this study is described at the end of the method section. 200
structures were generated for each mutation and the model with the lowest interface energy
(i.e. ligand-receptor interaction energy) was selected. For the SCH23390-D2DR complex
occupying multiple ligand-bound conformations, mutations were first selected that display
consensus effects on a majority of the representative center models of the 20 selected
clusters (Supplementary Fig. 4).

To improve the quality of the SCH23390-D2DR models after the first round of experimental
validation, all models (i.e. around 500) from the 20 clusters were threaded and repacked,
energy minimized with the designed mutations to identify those consistent with the
experimental results of the first set of designed mutations. This automated energy-based
selection process enabled the identification of 2 ligand bound models that fit best the
experimental results for performing the second round of design calculations.

Classification of the designed mutational effects calculated from the D2-ligand models
generated by the unbiased docking simulations (Supplementary Fig. 8C)

The effects of the designed mutations were calculated using the selected ligand-bound D2
models. The absolute mean effect of the mutations for each ligand was calculated after
removing the outliers (i.e. models generating very large effects) using the ROUT method
implemented in the software prism (Graphpad) with Q (chance to remove a false outlier) of
only 5%. Half of the absolute mean (0.5*|mean|) was defined as the threshold for a
significant mutational effect. Three categories of effects on ligand binding affinity were then
derived from the calculated ligand-receptor interaction energy difference from WT, AE:
“increase” for AE < —0.5*|mean|; “decrease” for AE = 0.5*|mean|; minor effect or
“negligible” for 0.5*|mean| > AE > —0.5*|mean|. For each ligand and each D2 receptor
mutant variant, the number of models within each category of effects is reported in
Supplementary Fig. 8C.

Benchmark target selection

For the structure prediction benchmark, we selected a representative sample of 23 GPCR
pairs with sequence identity between 20% and 50% and bound to a large diversity of
ligands. X-ray structures of target and template ligand-bound GPCRs were extracted from
the Protein Data Bank. We first performed ligand docking control simulations using the X-
ray structure of our selected targets and an ensemble of ligand conformations generated
using the software Marvin to ensure that the ligand conformations were accurate and diverse
enough for identifying near-native ligand bound conformations (i.e. within 2 A heavy atom
RMSD of the native ligand conformation). If not, the targets were removed from the dataset.
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These ligand docking control simulations were performed using the RosettaLigand
protocol® using the same input parameters than the ligand docking refinement protocol
(cycle 2) of IPHoLD.

The selected GPCR targets were: Adenosine receptor A2A (3EML, 3UZA), B1 adrenergic
receptor (2VT4), B2 adrenergic receptor (2RH1, 3D4S), C-X-C chemokine receptor type 4
(30DU), C-C chemokine receptor type 5 (4MBS), Dopamine receptor type 3 (3PBL),
Serotonin receptor 1B (41AR), Serotonin receptor 2B (41B4), Histamine receptor (3RZE),
M2 Muscarinic acetylcholine receptor (3UON), Sphingosine-1-phosphate receptor 1
(3V2W), Opiate receptor-like 1 (4EA3), x-opioid receptor (4DJH), &-opioid receptor
(4N6H), Angiotensin type | receptor (4YAY), M3 Muscarinic acetylcholine receptor (4DAJ),
OX1 orexin receptor (42J8), GPR40 free fatty-acid receptor (FFAR1) (4PHU), Class B
GPCR corticotropin-releasing factor receptor 1 (4K5Y). All the targets were modeled as
described above except for Class B GPCR CRF1 and Class A GPCR GPR40. Both receptors
bind ligands at binding sites located outside of the common extracellular ligand binding
pocket. Therefore, we assigned starting ligand anchor locations in the initial coarse-grained
ligand docking step to the core of the TMH regions at the native binding sites of the ligand.
These modifications were also applied to the classical Rosetta and the Modeller/Glide
protocols.

Ligand heavy atom RMSD and native atomic contact recovery (ligand-protein contact
defined by ligand-protein heavy atom distance within 4A) were used to compare the model
to X-ray structures.

For the ligand binding energy prediction benchmark, ligands with different affinity to
receptor subtypes in the serotonin and dopamine receptor families were selected. A detailed
list of the ligands and their affinity can be found in the supplementary table 3. The dopamine
and serotonin-bound dopamine D2 receptor models were generated starting from the B2AR
active state structure. The binding affinities to different ligands were extracted from
published binding database34-36.

IPhoLD performance

A single trajectory for the first loop modeling-ligand docking cycle (i.e. step 2 in Fig. 1)
takes around 10 minutes on a standard CPU (e.g. Intel Xeon E5-2640v3, 2.6 GHz). A single
trajectory for the second ligand docking and refinement cycle (i.e. step 3 in Fig. 1) takes
around 3 minutes on the same hardware. Since a typical job involves 10000 cycle 1 and
60000 cycle 2 trajectories, the total computational cost for modeling a ligand-bound GPCR
is: 1667 + 3000 = 4667 CPU hours.

Statistical Analysis

The results from different methods were statistically compared. All normality tests, t test and
correlation calculations were carried out using GraphPad Prism 3.0 (GraphPad Software,
San Diego).

Except for the comparison of the Ca or all atom RMSD of residues interacting with ligands
(Supplementary Table 2), all data sets passed the D’ Agostino & Pearson omnibus normality
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test (P value > 0.05) and the results from different methods were analyzed using paired two-
sided t-tests. To compare the RMSD of residues interacting with ligands, a Wilcoxon
matched-pairs signed rank test was used instead.

Figure 2 (Supplementary Table 1)—In comparing ligand heavy atom RMSD and native
atomic contact recovery between IPHoLD and the other two methods, IPHoLD significantly
improves the results (in all case paired t-test P value < 0.001). Specifically:

Ligand rmsd (Fig. 2A):

IPHOLD outperforms Rosetta: paired two-sided t-test P value < 0.0001
IPHOLD outperforms Modeller/Glide: paired two-sided t-test P value < 0.0001
Native Contact recovery (Fig. 2B):

IPHOLD outperforms Rosetta: paired two-sided t-test P value < 0.0001

IPHOLD outperforms Modeller/Glide: paired two-sided t-test P value < 0.0001

Supplementary Table 2—L.igand binding region (Ca RMSD): IPHoLD outperforms
Rosetta and Modeller/Glide: paired two-sided t-test P values = 0.0002 and 0.0491,
respectively.

Ligand interacting residues (Ca RMSD): IPHoLD outperforms Rosetta and Modeller/Glide:
two-sided Wilcoxon matched-pairs signed rank test P values = 0.0002 and 0.0317 (on 82%
of the dataset; P value = 0.1860 on the entire dataset), respectively.

Ligand interacting residues (all atom RMSD): IPHoLD outperforms Rosetta and Modeller/
Glide: two-sided Wilcoxon matched-pairs signed rank test P values = 0.0004 and 0.0079,
respectively.

Figure 4A—Pearson correlation coefficient (r) between binding energy prediction and
experimental results was statistically calculated (two-tailed P value < 0.0001). Both datasets
pass D’Agostino & Pearson omnibus normality test (P value >0.1).

Figure 4D and Supplementary Figure 4—Nonlinear regression to calculate Kd or Ki.
See Supplementary method section “Ligand saturation assay” and “Ligand competition
assay”

Supplementary Table 5—Spiperone: each designed mutation has a significant effect on
spiperone binding: all unpaired two-sided t-test P values < 0.05.

SCH: each designed mutation has a significant effect on SCH binding: all unpaired two-
sided t-test P values < 0.03.

Raclopride: no designed mutation has a significant effect on raclopride binding: all unpaired
two-sided t-test P values > 0.1.
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Mutagenesis and Cell Transfection

The cDNA clone for human dopamine D2DR (long isoform) receptor was a generous gift
from the Wensel lab. D2DR mutants were generated using the QuikChange mutagenesis kit
(Stratagene) and confirmed by DNA sequencing (Eurofins Genomics). All mutants were
generated in the human D2DR tagged in the N-terminal with the HA epitope. HEK293T
cells were transfected with D2DR cDNA using Genejuice (Invitrogen) as described by the
manufacturer. Cells were maintained in Dulbecco’s modified Eagle’s medium with 10%
fetal bovine serum supplemented with 1% Glutamax. Cells were grown in a 37 °C
humidified environment with 5% CO,.

Cell membrane sample preparation

Membranes were prepared from transiently transfected HEK293T cells as described
previously3447. After 48hrs transfection, cells were scrapped and centrifuged at 300 x g for
15 min at 4 °C. The pellets were resuspended in 5 ml of hypotonic buffer (5 mM Tris H-ClI,
10 mM EDTA, pH 6.8) supplemented with protease inhibitors. The cells were lysed through
a 25 gauge needle. The homogenates were centrifuged at 2000 x g for 15 min at 4 °C. The
supernatant was further centrifuged at 200,000 x g for 40min at 4 °C. The final membrane
pellets were resuspended by homogenization in 1 ml of binding buffer (20 mM Tris, 150
mM NaCl, ImM MgCl,, 10mM EDTA, pH 7.4).

Ligand saturation binding assay

Ligand saturation binding assays were carried out as previously described3447. 300ug/ml
membrane suspensions (measured by Bradford assay) were incubated in binding buffer (20
mM Tris, 150 mM NaCl, 1mM MgCl,, 10mM EDTA, pH 7.4) and titrated with different
concentrations of labeled antagonist ([3H]Spiperone or [3H]-Raclopride; PerkinElmer,
purity > 97%). Samples were incubated for 60 min on ice (120min for [3H] Raclopride)
prior to filtration through Whatman GF/C filters using filter holder manifold (Millipore) and
washed three times using ice-cold TBS buffer. The filters were counted using a Beckman
LS1701 scintillation counter after 12hrs. Specific antagonist binding was defined as the total
binding subtracted by that measured for same amount of cell membrane samples from
pcDNA transfected HEK293T cells. Saturation binding data were analyzed by fitting to a
one-site saturation binding curve using GraphPad Prism 3.0 (GraphPad Software). The
function describing the one-site saturation binding curve: Specific binding =Bmax*[X]/([X]
+Kd) ([X] is the concentration of labeled ligands)

Ligand competition assay

300ug/ml membrane suspensions were incubated with increasing concentrations of
antagonist SCH23390 (SCH23390 Hydrochloride: Calbiochem, purity 100.00%) in the
presence of saturating labeled antagonist. Samples were incubated for 3hrs on ice prior to
filtration through Whatman GF/C filters and washed three times using ice-cold TBS buffer
using filter holder manifold (Millipore). Competition assay data were analyzed by fitting to a
one-site competition binding curve using GraphPad Prism 3.0 (GraphPad Software). The
function describing the one-site competition-binding curve: loglC50 = log(10"ogKi*(1+
[labeled-antagonist]/Kd(labeled-antagonist))
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Cellular signaling of the designed D2 variants

HEK-293 cells stably expressing a transient receptor potential cation channel (TRPC4B)
were generously provided by Dr. Michael Zhu (University of Texas Houston Health and
Science). TRPC4B channels are a family of ion channels that are activated specifically by
Gi/o proteins, and therefore constitute an appropriate reporter system of the functionality of
D2 receptors. These cells were cultured in DMEM supplemented with 10% FBS and 1%
G418 (selection antibiotic) and designed for use with FLIPR Membrane Potential (FMP)
assay kits (Molecular Devices). The fluorescent signal from the FMP dye is modulated by
shifts in cellular membrane potential upon ion channel activation. Therefore, changes in
fluorescence are directly linked to Gi activation by D2 receptors#8:49,

96-well flat-bottom clear plates (Falcon) were pre-coated with poly-D-lysine (Sigma). Next,
150,000 cells were transferred into each well of the treated plates and transiently co-
transfected using Lipofectamine 2000 (Thermo Fisher) with pcdna plasmids encoding the
appropriate D2 variant. Cell count was optimized using Life technologies’ recommended
settings for reverse transfection (3 to 4 times standard). The quantity of DNA used for each
D2DR mutant variant was optimized for maximal D2DR WT fluorescent signal (10ng).

Following a 24-hour transfection, assays were performed by incubating cells in FMP dye for
half an hour, before placing them in a preheated (32 C) Flexstation 3 plate reader. After a 20
second reading to establish the baseline fluorescence, a saturating level of dopamine (20uM,
Sigma) was added to induce activation of the D2DR receptors, reaching a maximal signal at
around a recording time of 2 minutes. The plate was then rinsed multiple times with PBS to
remove the dye for performing an ELISA to verify proper expression of D2DR variants. In
order to determine surface expression of D2DR variants, cells were fixed with
paraformaldehyde (PFA; 4% in PBS) and incubated with primary anti-HA antibodies (1/300
dilution), followed with secondary anti-1gG (1/2000 dilution) (Cell Signaling).

All fluorescence traces reported for the D2 variants were subtracted from fluorescent signals
measured for Mock samples (cells transfected with empty pcdna vectors) under identical
conditions.

Code availability

The methods developed in this study will be made available and released through a Baylor
College of Medicine server.

Data availability

The data and protocols generated in this study will be made available and released through a
Baylor College of Medicine server.

XML protocol example

<dock_desi gn>
<SCOREFXNS>

<myscore wei ghts=ligand. wts/>
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</ SCOREFXNS>
<TASKOPERATI ONS>
<ReadResfi | e name=res_po/ >
<Det ect Pr ot ei nLi gandl nterf ace nane=edt o desi gn=1
cut1=6.0 cut 2=8.0
cut 3=10. 0 cut 4=12.0/ >
<Pr ot ei nLi gandl nt er f aceUpwei ght er nane=up
interface_wei ght=1.5/>
<InitializeFronCommandline name=init/>
</ TASKOPERATI ONS>
<FI LTERS>
<Li gl nterfaceEnergy name="interfE" scorefxn=nyscore
energy_cutoff=-5.5/>
</ FI LTERS>
<MOVERS>
<AddOr RenoveMat chCst's nane=cstadd cst _i nstructi on=add_new >
<EnzRepackM ni ni ze nane=desni n desi gn=1
repack_onl y=0
scoref xn_m ni mi ze=nyscore scorefxn_repack=nmyscore mnimze_rb=1
m ni m ze_sc=1
m ni m ze_bb=0 cycl es=5 mnimze_lig=1 m n_i n_stages=0
backr ub=0
task_operati ons=res_po, up, init/>
<Favor Nat i veResi due nane=fnr bonus=1.0/>
<l nterfaceScoreCal cul at or
name=i nterface_rescore chai ns=X
scor ef xn=nyscore/ >
</ MOVERS>
<PROTOCOLS>
<Add nover _nane=cst add/ >
<Add nover _name=fnr/>
<Add nover _nanme=desmi n/>
<Add filter_name=interfE >
<Add nover _nane=i nterface_rescore/ >
</ PROTOCOLS>

</ dock_desi gn>

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Step 1 Step 2 Step 3
structural homolog ~——> Target structure modeling with ~———> Ligand docking on
template selection bound ligand poses receptor conformational

ensemble,

structure refinement,
ligand pose selection

LN
Target
\/\LV
Receptor
L conformational

ensemble

Ligand '

Target: ACWTGFVLI
Template: TSYAGFVVL

Ligand-bound Receptor Energy

Ligand-bound Receptor Conformation

Figure 1. Integrated homology modeling and ligand docking
Stepl: generation of ligand conformers and selection of structural homolog template by

sequence-structure alignment to the target sequence. Step2: target structure modeling in the
presence of bound ligand involving simultaneous coarse-grained de novo reconstruction of
receptor loops and sampling of ligand conformations followed by all-atom relaxation of
ligand-bound receptor structures. Step3: All-atom docking of a large library of ligand
conformers on the ensemble of low-energy receptor conformations generated in step 2 to
refine the structure and the selection of receptor-bound ligand poses.

Nat Chem Biol. Author manuscript; available in PMC 2017 November 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnue Joyiny

Feng et al.

Page 27
a Ligand RMSD b Native atomic contact recovery
g
15-1I 3 100~ Yy
e °
_ 101 g
< °e 8 O\
a 8 o £ ML
7] ‘g —
E 61  »4° € 50 - Yy.Y
(] L] o o
° o Yyyv
% 4+ iy Yy L LB PN— Vv
2 S Lad v £
- ¥. o ole
2+ - ®oq00 v
. Yyl i g aed
0. 2 n °
T T T ® T T T
Rosetta Modeller/Glide IPHoLD = Rosetta Modeller/Glide IPHoLD

Figure 2. Accurate prediction of ligand confor mations bound to GPCRs using |PHoL D
Comparison between the integrated method IPHoLD and two traditional sequential

homology modeling and ligand docking approaches: Rosetta “sequential” protocol and a
combination of Modeller and Glide. a. Ligand heavy atom rmsd (A) between the predicted
and the experimentally determined ligand poses. b. Percent native atomic contacts between
receptor residues and ligand recovered by the modeling approaches. Dotted lines: high
accuracy ligand pose prediction is defined by Ligand heavy atom rmsd < 2.5 A and percent
native atomic contact recovered > 50%. IPHoLD outperforms Rosetta and Modeller/Glide:
paired two-sided t-test P values < 0.0001 for both ligand RMSD and native atomic contact.
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Figure 3. Near-atomic accuracy prediction of GPCR-bound ligand poses
a. Beta 2 adrenergic receptor bound to antagonist timolol (3D4S) (Ligand heavy atom

RMSD = 1.6 A; Binding site Ca RMSD = 1.7 A). b. M2 muscarinic acetylcholine receptor
bound to antagonist 3-quinuclidinyl-benzilate (3UON) (Ligand heavy atom RMSD = 1.0 A;
Binding site Ca RMSD = 1.3 A). c. Histamine H1 receptor bound to doxepin (3RZE)
(Ligand heavy atom RMSD = 1.1 A; Binding site Ca RMSD = 0.9 A). d. Serotonin receptor
5HT2B bound to partial agonist ergotamine (41B4) (Ligand heavy atom RMSD = 1.9 A;
Binding site Ca RMSD = 1.1 A). e. CCR5 Chemokine Receptor bound to antagonist
maraviroc (4MBS) (Ligand heavy atom RMSD = 2.1 A; Binding site Ca RMSD = 1.6 A). f-
g. Class B CRF1R bound to CP-376395 small-molecule antagonist. The ligand is buried in
the transmembrane core of the receptor. f. IPHoLD prediction (Ligand heavy atom RMSD =
2.2 A; Binding site Ca RMSD = 1.1 A). g. Rosetta prediction (Ligand heavy atom RMSD =
9.0 A; Binding site Ca RMSD = 1.5 A). blue: X-ray structure; yellow: predicted structure.
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Figure 4. Prediction and design of ligand binding selectivity to structurally-uncharacterized
GPCRs

a. Correlation between predicted and experimentally measured ligand binding energy
differences of a ligand for two receptors (blue: benchmark predictions with published
experimental binding affinities; green: blind predictions). R: Pearson correlation coefficient
(two-tailed P value < 0.0001). b. Schematic rationale for the structure-based design of the
dopamine D2 receptor ligand binding site to reprogram the receptor’s ligand binding
selectivity as follows: by simultaneously decreasing the binding to the high-affinity ligand
spiperone, increasing the binding to the low-affinity ligand SCH23390 without affecting the
affinity to the high-affinity ligand raclopride. c. Low-energy ligand poses bound to one
conformation of the D2 receptor highlighting the positions of the designed specificity switch
mutations (magenta: spiperone; cyan: raclopride; green: SCH23390). d. Comparison
between blind predicted and experimentally-measured changes in binding energy of the 3
ligands for 6 designed D2 variants. Experimental values correspond to the mean of at least 3
independent experiments (see Methods, Supplementary Table 5). Each designed mutation
has a significant effect on spiperone and SCH binding (all unpaired two-sided t-test P values
< 0.05) but not on raclopride binding (all unpaired two-sided t-test P values > 0.1).
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