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Abstract

Olfactory receptors (ORs) form the largest subfamily of class A G protein-coupled receptors (GPCRs); however, only a
few 3D structures of ORs have been determined. Structure-based virtual screening and improved structural insights are
required to effectively identify novel odor molecules and elucidate their binding modes along with mechanisms of activa-
tion and inactivation. Herein, we propose a protocol to provide an active state model for the target OR (OR9Q2) with ago-
nist molecules using AlphaFold2, molecular simulations, and virtual screening. Furthermore, we extracted ligand-stable
bound sections using the ligand-stable duration (LSD) protocol defined in this study to analyze conformational ensembles
of complex structures. We constructed promising complex structures and demonstrated their reliability by calculating
the area under the receiver operating characteristic (ROC) curve in virtual screening tests using experimentally validated
active and inactive compounds. This study offers a reliable structure-based screening protocol for olfactory receptors,
which can subsequently aid novel odorant discovery and advancing fragrance, flavour, and biosensor industries.
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Introduction

G protein-coupled receptors (GPCRs) are membrane pro-
teins comprising seven transmembrane (TM) helices.
GPCRs are vital in cell signaling processes and respond to
various stimuli, such as hormones, neurotransmitters, light,
and odors [1, 2]. GPCRs can detect diverse ligands and pro-
teins that control cell signaling [3]. Human GPCRs consti-
tute a family of more than 800 members categorized into
several classes according to their function and structure:
class A (rhodopsin-like receptors), class B (secretin-like
receptors), class C (metabotropic glutamate receptors), and
class T (taste receptors) [4—6]. In particular, class A GPCRs
comprise approximately 80% of this family, and the number
of non-class A GPCRs is fewer than 100.0 [7].

GPCRs undergo substantial conformational changes
between their inactive and active states. In particular, acti-
vation involves an outward movement of TM6 (toward an
open conformation) and rearrangements within the ligand-
binding pocket [8-10]. A conformational change occurs
when an agonist binds to a GPCR, forming a complex struc-
ture with the heterotrimeric G-protein complex [11, 12].
GPCRs are the most intensively studied targets for drug
discovery. Furthermore, 34% of the small molecule drugs
act on GPCRs, and structure-based drug design methods are
commonly used [3, 13, 14].

Olfactory receptors (ORs), the largest subfamily of
class A GPCRs, are involved in odor molecule percep-
tion. Approximately 400 genes encode human ORs [15,
16]. Recently, the 3D structure of ORS1E2, the first OR
structure, was determined by cryo-electron microscopy by
Billesbelle et al. [17], and further studies are expected to
accelerate the molecular-level analysis of ORs. Humans
recognize odor molecules as combined signals from mul-
tiple ORs that accept odor molecules of diverse chemotypes
or modes of action [18-21]. Although several experimental
studies have assigned odor molecules to ORs, few agonists
and antagonists are known. Therefore, in addition to drug
discovery research on non-OR GPCRs, in silico methods
can be used to identify novel odor molecules.

Recently, AlphaFold2 (AF2) [22] was used to predict
protein structures for which high precision using con-
ventional homology modeling was challenging. Critical
Assessment of Structure Prediction 14 (CASP14) and other
previous studies have shown that AF2 predicts protein
structure remarkably [23-25]. Although AF2 is expected to
be useful for structural prediction-based discovery of novel
odor molecules, the AF2 model is unsuitable for direct use
as a structural model for virtual screening with docking
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simulations [26-28]. In particular, AF2-predicted structures
are less accurate than experimentally obtained structures for
ligand-binding sites, because AF2 cannot predict the struc-
ture of the protein-ligand complex. Therefore, predicting
the appropriate state in AF2 and optimizing the structure is
important to obtain a structure suitable for virtual screen-
ing. On the other hand, AlphaFold3, as reported by Josh et
al., enables the prediction of protein—ligand complexes with
reasonable confidence and has been successfully applied
to a variety of ligands [29]. In a previous study, the bind-
ing sites of OR structures were identified using AF2 and
conventional homology modeling [21]. The authors used
induced-fit docking for both models to refine the bind-
ing sites. Thus, the accuracy of virtual screening could be
improved by using the model predicted with AF2, which
refines the binding pocket toward a ligand-bound confor-
mation and accounts for conformational perturbations intro-
duced by MD simulations or template-based bias. Previous
studies have generated the desired state by restricting AF2
training data to a certain state [30]. In this study, we pro-
pose a virtual screening model protocol for ORs. We refined
the binding site of the target OR through molecular simula-
tions using experimentally selected active compounds. We
chose olfactory receptor family 9 subfamily Q member 2
(OR9Q?2) as the target for validation and predicted its 3D
structure using ColabFold [31]. Conformational sampling
of the ligand-protein complex was performed using dock-
ing and molecular dynamics (MD) simulations. Ligand-
stable duration (LSD) was defined and used to extract the
section in which the ligand was stably bound based on
the MD trajectory. In the extracted sections, we identified
binding positions that could cause conformational changes
upon activation. Virtual screening tests using representa-
tive structures showed that these models could discriminate
between active and inactive (decoy) compounds to some
extent. This protocol is an exploratory method for sampling
protein-ligand complexes and virtual screening models for
GPCR with small molecules.

Materials and methods

Our protocol was divided into four steps, and the final mod-
els were validated using structure-activity relationships and
virtual screening tests (Fig. 1). First, we modeled the 3D
structure of OR9Q2. Second, a known agonist was docked
into OR9Q2 as the initial complex structure. Third, MD
simulations were performed using these complex structures.
LSD analysis was conducted to extract the ligand-stable
bound sections. Finally, the ligand-binding free energy
and GPCR-specific conformational changes induced by
the active odor molecules of representative LSDs were
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Fig. 1 Overview of the protocols. The figure shows the workflow of protocols. The right side of the chart shows the specific processes

analyzed. Subsequently, a virtual screening test using the
active odor molecule and decoy dataset was performed on
several binding-pose candidates to evaluate the accuracy of
the binding models and their potential for virtual screening.

Protein structure modeling

In this study, we modeled the 3D structure of the active state-
like OR9Q2, which has no reported experimental-deter-
mined structure, evaluated its bioactivity, and studied the
structure-activity relationship. The amino acid sequences of
OR9Q2 (UniProt ID: Q8NGE9) and the guanine nucleotide-
binding protein G(olf) subunit (UniProt ID: P38405) were
obtained from the UniProt database [32]. The 3D structure
was predicted to have a complex structure with the G(olf)
subunit using AF2 as implemented in ColabFold (Ver. 1.3.0)
[31, 33]. Multiple sequence alignment based on mmseqs2
was used to predict multimer. We performed a PDB
sequence search using the OR9Q2 and G(olf) sequences
and selected the melanocortin 4 receptor (MC4R) (PDB ID:
7F53 [34]) as a high-scoring template structure that forms
a complex with an agonist-binding G-protein trimer. At the
outset of this study, no experimentally determined olfactory
receptor structures were available. In ColabFold, the active

MC4R was used as a template to predict active-like struc-
tures. The sequence identity between OR9Q2 and MC4R in
the transmembrane region was 20.1%. Subsequently, the 3D
structure of OR9Q2 was generated by removing G(olf) from
the predicted complex using the highest pTM score model.
Protonated state of the proteins was determined using the H
+ + server (ver. 4.0) [35-37] at pH 7.4.

Docking simulation

We selected 2-hydroxy-4-methoxyacetophenone (com-
pound 1) as the representative agonist (Table 1). The 3D
structure of compound 1 was constructed and minimized
using MOE (ver. 2022, Chemical Computing Group, LLC)
[38]. The protonated state and the force field parameter for
minimization were set to pH 7.0 and MMFF94x, respec-
tively. Compound 1 was docked to the orthosteric binding
site of the OR9Q2 model using DOCK®6.9 [39]. The ligand-
binding site was identified with reference to the typical
orthosteric binding position observed in Class A GPCRs
[40, 41]. The orthosteric binding site was also estimated
using FTMap [42], and the centroid of the binding site was
set as the grid center. The results of FTMap are shown in
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Table 1 OR9Q?2 agonists and EC, values®

Compound Name Structure CAS EC;, (uM)® E .
2-Hydroxy-4- *
1 \_/ S 6.08 £ 0.04 6.42
methoxyacetophenone
e 4-Ethylphenol ) i2sT072oNN I RTERCE A
3 4-Chlorophenol O 106-48-9 | 6.40 % 0.03 8.33
4 p-Cresol < > ’ 106-44-5 634 £ 0.03 8.47
7/
5 2,6-Dimethylphenol \ /° 576-26-1 3.56 £ 0.03 7.79
6 3,4-Dimethylphenol ; > ’ 95-65-8 5.28 £ 0.03 7.56
7 \
4-Methoxyphenol ° ° 150-76-5 527 £ 0.04 7.68
8 4-Isopropylphenol : C 99-89-8 522+ 0.05 5.75
9 4-Ethyl-1,3-benzenediol g 2896-60-8 | 539 % 0.04 8.20
4-Chloro-3-
10 o o 59-50-7 578 £ 0.03 7.65
methylphenol
1 3-Ethylphenol o= 620-17-7 4.90 £ 0.03 7.17
\
12 4-Ethenylphenol \O 2628-17-3 | 440+ 004 | 7.61
13 Phenol @ 108-95-2 461  0.04 8.09

Figure S1. The binding site was evaluated using SiteMap
(Schrodinger Release 2024-3: SiteMap, Schrodinger, LLC,
New York, NY, 2024.) [43, 44] (Figure S2). Spheres within
5 A around the grid center were selected, and the extra mar-
gin was set to 10 A with grid spacing set to 0.3 A. The force
field parameters, ff14SB [45] and AM1-BCC [46], were
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assigned as the charge parameters for OR9Q2 and com-
pound 1 using Chimera [47], respectively.

The docked poses were hierarchically clustered using
Ward’s method based on a distance matrix calculated from
the root mean square deviations (RMSDs) of heavy atoms.
The poses were classified into five clusters, with a thresh-
old value of 18.0 applied to avoid contamination by visually
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flipped poses. The representative pose with the lowest grid
score in each cluster was selected.

MD simulation

MD simulations of five representative poses were performed
for post-docking processing using GROMACS 2021.5 [48].
The system setup for representative poses was performed
using Membrane Builder in CHARMM-GUI [49]. OR9Q2
was embedded in a pure l-palmitoyl-2-oleyl-sn-glycero-
3-phosphocholine (POPC) bilayer of approximately 100 x
100 A2 TIP3P water molecules and 0.15 M Na'/Cl ions
were added to each membrane face with a thickness of
approximately 25 A.

The CHARMM36m [50] force field was used for pro-
teins and lipids, while CGenFF was used for compound 1.
The generated system was subjected to energy minimiza-
tion, NVT equilibration, and NPT equilibration, follow-
ing the six-step equilibration process, which gradually
decreased the constraint energy, using the method proposed
by Membrane Builder [51]. Different random seeds were
generated during the initial equilibration stage, and no resa-
mpling of initial velocities performed in subsequent calcula-
tions. Details of the calculation conditions are provided in
the Data and Software Availability section. We performed
five independent 500 ns MD simulations using the NPT
ensemble at 1 bar and 303.15 K. The time step was set to 2
fs and snapshots were extracted every 100 ps.

Ligand stability sections and binding energy
calculation

We proposed a new method for measuring the LSD to extract
the sustainable binding state of the ligand. Specifically, the
RMSD values of heavy atoms in the ligand were calculated
by superimposing them onto the appropriate region of the
protein. The initial structure of the production run was used
as the reference structure for RMSD calculation. In this
study, the Ca atoms in the TM region were used for super-
imposition. The RMSD variance of a frame (VF) at time ¢
was calculated using snapshots with a sliding window of
pre- and post-25 ns (a total of 501 frames).

VF values were calculated using Eq. (1):

t+window

1
" 2« window Z

i=t—window

VE (1) (RMSDi — RMSD (t)) ) (1)

RMSD (t) represents the local average of RMSD values
within a symmetric time window centered at t. Based on
VF [A?], we extracted the section with <0.2 VF continu-
ous for >100 ns, and this section was defined as the LSD
(Fig. 2). LSD indicated that compound 1 was stably bound
to OR9Q2.

V?(ﬁ;}

Ligand RMSD [A]
wiowd B EER

—
-~ .

1 Window time

a frame (VF(t) < 0.2)

Fig.2 Diagram of ligand stability section Conception of ligand-stable duration (LSD) with a sample of LSD using real root mean square deviation

(RMSD) plot and the RMSD variance of a frame (VF)
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Analysis of binding poses

In each LSD, the central structure of the ligand ensemble
was selected based on the heavy-atom coordinates of com-
pound 1. All central structures were merged and classified
into three clusters based on Ward’s method for hierarchical
clustering. For each LSD cluster, the mean snapshot derived
from the longest LSD was selected as the representative
LSD and structure. Protein-ligand interaction analysis was
conducted using Maestro (Schrodinger Release 2023-1:
Maestro, Schrodinger, LLC, New York, NY, 2023).

The binding free energy between OR9Q2 and 1 was cal-
culated based on MM/PBSA [52] using gmx MMPBSA
(ver. 1.5.7) [53] for representative LSDs. The statistical
analysis was also evaluated with a 95% confidence interval
(CI).

Virtual screening

A virtual screening was performed to evaluate the perfor-
mance of the active-inactive (decoy) discrimination of rep-
resentative structures by docking simulation. Compounds
1-13 were used as active data, and decoy compounds (612
compounds) were generated using DUD-E “make decoy”
command [54] with Compounds 1-13 as the query mol-
ecules (Table 1). The protonation states of all compounds
were assigned at pH 7.0, and the force field parameter
for minimization was set to MMFF94x. Docking simula-
tions were performed using DOCK®6.9, with the grid cen-
ter defined by a sphere within 2.5 A of compound 1 in the
representative structure. Active and decoy compounds were
docked into the receptor and evaluated based on grid and
pharmacophore matching similarity (FMS) as primary and
secondary scores, respectively. We used the FMS as an
intra-compound pose constraint and the Grid score for inter-
compound ranking. The step-by-step protocol is as follows:

1. Pose generation: For each ligand, multiple docking
poses were generated.

2. Pharmacophore constraint (within-compound selec-
tion): Poses were evaluated by FMS; only poses satisfy-
ing the pharmacophore match (or the highest-FMS pose
when multiple matched) were retained for that ligand.

3. Compound ranking (across compounds): Retained
poses were scored by the Grid score, and compounds
were ranked by their best (lowest) Grid score.

4. Penalty for no pharmacophore match: If a ligand yielded
no pharmacophore-matched pose, a penalty was applied
by adding a+100 kcal/mol repulsive term to its Grid
score, effectively placing such ligands at the bottom of
the ranked list.
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The position of the benzene ring in compound 1 was used as
a pharmacophore to restrict the aromatic and ring structures.

We used the area under the receiver operating character-
istic (AUROC) curve [55] to evaluate the virtual screening
model. ROC was plotted and AUROC was calculated using
the Python Scikit-learn (v0.24.2) library. The statistical
analysis also was evaluated with 95% CI.

We performed a protein-ligand interaction fingerprint
(PLIF) analysis using MOE to compare the binding interac-
tions of Compounds 1-13.

Measurement of OR activity

A luciferase reporter gene assay was performed using the
Dual-Glo Luciferase Assay System (Promega) following a
previously described protocol [56—59]. Cultured cells were
transfected with 12.5 ng of the tagged OR9Q2 vector, 2.5
ng CRE/luc2P, 1.25ng TK/Rluc, 2.5 ng RTP1S-pcDNA3.1
vector, 1.25 ng Ric8B-pcDNA3.1 vector, and 1.25 ng Golf-
pcDNA3.1, using 0.0425 uL Lipofectamine 2000 (Invitro-
gen, Carlsbad, CA, USA) per well. At 24 h after transfection,
the medium was replaced with CD293 (Invitrogen) contain-
ing 1/10,000 v/v GlutaMAX (Thermo Fisher Scientific,
Waltham, MA, USA), and the cells were stimulated with one
of the listed odorants for four hours at 37 °C and 5% CO2
(Table 1). Luminescence was detected using FDSS7000EX
functional drug screening system (Hamamatsu Photonics,
Hamamatsu, Japan). Fold increases were calculated as Luc/
hRLuc (Luc [luminescence of firefly luciferase] divided
by hRLuc [luminescence of Renilla luciferase]) stimulated
with an odorant, divided by Luc/hRLuc upon no stimula-
tion. The expression of OR9Q2 was confirmed by immu-
nohistochemistry using the anti-Rhodopsin antibody (Rho
4D2, ab 9887, abcam).

Screening OR9Q2 agonists

In the primary screening, we stimulated OR9Q2 with 2,630
odorants, most of which were applied at a concentration of
300 pM. We standardized the log-transformed fold increase
values and ranked the odorants accordingly. For the second-
ary screening, we selected the top 13 odorants that exhibited
standardized values exceeding the 6-sigma threshold (i.e.,
values greater than the mean plus six standard deviations
across all standardized data).

For the 13 odorants, we generated concentration-
response curves using seven concentrations, ranging from
1 uM to 1000 pM, 0.3 uM to 300 uM, or 0.1 uM to 1000
uM, depending on the activity in the primary screening.
Each odorant-OR dose condition was tested twice, using
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biological replicates consisting of one duplicate and one
quadruplicate set. Measurements were obtained from inde-
pendent wells seeded with cells derived from common par-
ent plates, ensuring biological variability. A vector-only
control was included for each odorant condition. The rela-
tionship between concentration x and response E(x) was
fitted to a sigmoidal curve using R (version 4.2.2, R Foun-
dation for Statistical Computing, Vienna, Austria) and the
drc package [60] :

B top
E (SL’) 1 + 10(log(ECs0)—log(z)) @

We adopted previously established criteria for identifying
a positive concentration-dependent response [57-59]. An
odorant classified as agonist if all of the following condi-
tions were met: (i) the 95% confdence interval of the fitted
top parameter did not include zero; (ii) the standard error of
the fitted log EC5, was less than one log unit; and (iii) the
extra sums-of-squares test confirmed that the odorant acti-
vated the receptor significantly more than the vector-only
control.

Results
Determination of EC;, for each agonist

To identify OR9Q2 agonists, we conducted a high-through-
put heterologous screening. In the primary screening,
OR9Q2 was stimulated with 2630 odorants, resulting in a
wide range of fold increase responses. After standardizing
the log-transformed fold increase values, we identified 13
odorants that exceeded the 6-sigma threshold, indicating
exceptionally strong activation of OR9Q?2. In the secondary
screening, concentration—response curves were successfully
generated for all 13 selected odorants. Based on the activ-
ity observed in the primary screen, each odorant was tested
across seven concentrations ranging from 0.1 pM to 1000
uM. Each odorant—-OR dose condition was tested twice
using biological replicates, consisting of one duplicate and
one quadruplicate set. Measurements were obtained from
independent wells seeded with cells derived from common
parent plates. A vector-only control was included for each
odorant condition to confirm specificity. Sigmoidal curve
fitting using the drc package in R yielded reliable estimates
of ECs, and top parameters for each odorant. Table 1 sum-
marizes the ECy, and top values obtained from the quadru-
plicate experiments for all 13 agonists. Figure S3 shows
the concentration—response curves for the 13 OR9Q2 ago-
nists, illustrating the dose-dependent activation profiles and
variability in potency. All 13 odorants met the predefined

criteria for agonist classification: (i) the 95% confidence
interval of the fitted top parameter excluded zero, (ii) the
standard error of the fitted log ECs, was less than one log
unit, and (iii) the extra sum-of-squares test indicated sta-
tistically significant activation compared to the vector-only
control. The compounds with an EC50 less than 1 uM were
4-Ethylphenol (2), 4-Chlorophenol (3), and p-Cresol (4).
Notably, all 13 OR9Q2 agonists share a common structural
feature—a phenol moiety—suggesting that OR9Q2 prefer-
entially recognizes odorants with phenolic scaffolds. This
structural convergence highlights a potential ligand recogni-
tion mechanism and provides a basis for further structure—
activity relationship (SAR) analysis.

 Concentration-response curves are shown in Figure S3.

The provided values are Mean + Standard Error (SE)
from 2 biological replicas.

Structural prediction for OR9Q2

The 3D structure of OR9Q?2 was predicted using ColabFold
with a template (AF2®' model). Our predicted structure was
compared with the structure predicted without a template
from the AlphaFold2 ebi model (AF2°*" model). Figure 6A
shows the comparison between the structures derived from
the AF2 and AF2'! models, and pLDDT scores are shown in
Figure S4. The pLDDT scores for all regions except for TM6
were comparable. TM6, affected by the activation and inac-
tivation range of pLDDT in the AF2'"' model, was scored
lower than that in the AF2°® model, indicating that it was
affected by conformational changes due to complex forma-
tion with G(olf). RMSD with Ca atoms between two struc-
tures was 0.416 A. We focused on the TM6 region, involved
in the activation of class A GPCRs [61, 62]. The Ca atom of
L260%%, located on the extracellular side of TM6, differed
by 3.9 A between the two structures, and the AF2®' model
was oriented towards the inside of the TM bundle (Fig. 3B).
In contrast, the Ca atom of A231%27, located on the intra-
cellular side of TM6, differed by 4.6 A between the two
structures, and the AF2! model opened towards the plasma
membrane (Fig. 3C). Each terminal residue in TM6 was
used for the measurements. These structural differences fall
within the typical range observed for transitions between
the active and inactive states of class A GPCRs [63].

Docking and MD simulations

This docking and MD simulation analysis was conducted
to identify potential binding modes of compound 1 within
OR9Q2 and to evaluate the stability of the resulting com-
plexes under dynamic conditions. Compound 1 was docked
to the OR9Q2 (AF2'™) model to generate initial complex
structures. The generated poses were classified into five
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Extracellular

membrane

Intracellular

OR9Q2 AlphaFold ebi model (AFe*) OR9Q2 ColabFold with template model (AF*')

Fig.3 Comparison of OR9Q2 structures between AlphaFold2 without
template model and ColabFold with template model A Whole-model
comparison between the AlphaFold2 ebi structure (gray) and Colab-
Fold with the template structure (blue) from a parallel position of the
cell membrane. B The viewpoint from outside the cell. The residue
shown in stick representation is L260%3°, located on the extracellular
side of TM6. The AF® structure (gray) opens outwards by approx-
imately 3.9 A from the TM bundle compared to the AF"' structure
(blue). C The viewpoint from inside the cell. The residue shown in
stick representation is A231%%”, located on the intracellular side of
TM6. The AF™! structure (blue) opens outwards by approximately
4.6 A from the TM bundle compared to the AF®" structure (gray). All
graphics of protein and ligands were generated using PyMOL (Ver.
2.5.2, Schrédinger & DeLano [2020])

clusters (Figure S5), and the pose with the lowest grid score
in each cluster was selected as the initial complex structure.
It should be noted that the binding free energy described
here is derived from the docking score and should therefore
be regarded as an estimated potential binding free energy,
which is distinct from experimentally measured values
obtained in binding assays. The five initial complex struc-
tures (A-E) and their grid scores are shown in Fig. 4A-E. A
common interaction of cation-pi with R159*%° was found
among all initial complex structures. The energetically low-
est pose was the initial complex structure C, with a binding
free energy of -26.61 kcal/mol. In contrast, the energetically
worst pose was initial complex structure A, with a binding
free energy of —2.44 kcal/mol.

We performed MD simulations for the initial complex
structures. Figure 8 shows the RMSD of compound 1 heavy
atoms during the MD simulations. In several trajectories
with RMSD greater than 20 A, compound 1 was completely
dissociated from OR9Q2 (B: rep 4, C: rep 1-5, and E: rep
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low stick model. The MD replica is divided by color, and the bold line
range is a section of ligand-stable duration (LSD)

3,4). Neither the initial structure A nor D exhibited dissocia-
tion trajectories in any replicas.

Based on RMSD analysis, 11 LSDs were extracted from
the MD trajectories. No LSDs were extracted from the tra-
jectories using initial complex structure C. The longest LSD
was LSD No. 7, with 445.1 ns from initial complex structure
B, while the shortest was LSD No. 2, with 110.6 ns from
initial complex structure A (Table S1).

Comparison and evaluation of binding poses

Eleven LSDs were classified into three clusters based on the
RMSD of compound 1 from the mean snapshot of each LSD
(Figure S6). Representative structures for clusters 1-3 were
selected from the mean snapshots of the longest LSD tra-
jectories (LSD Nos. 6, 7, and 3), respectively. The binding
free energies between compound 1 and OR9Q?2 in the LSDs
were calculated using the MM/PBSA method. The bind-
ing free energy of LSD No.3, 6, and 7 were —7.95+2.04,
-9.76+2.34, and — 10.77 £ 1.84 kcal/mol, respectively.

LSD 6 and 7 were located between TM3-TM6 (Fig. 5A).
In particular, LSD No. 6 was embedded inside the TM bun-
dle close to the intracellular side. This site is an important
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Fig. 5 Representative structures for each cluster A. Representative
structures for each cluster are shown (orange: ligand-stable duration
[LSD] No. 3, green: LSD No. 6, blue: LSD No. 7). B-D. Binding pose
(upper) and protein-ligand interaction diagram (lower) of LSD Nos. 3,
6, and 7 are shown, respectively
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Fig. 6 Changes in distances between the sodium ion pocket and ionic
locks A, C, D. Distance between D70>>° and sodium ion, LSD No.
3, LSD No. 6, and LSD No. 7, respectively. The distance between
D70%*% and the sodium ion closest to D70>°° on the trajectories was
calculated. The OD1 or OD2 atoms in D70%° were measured as the
distance between D70%3° and the sodium ion, and the shorter one was
selected. B, D, F. Distances between R1223° and T240%3¢, LSD No.

binding pocket in the OR [21]. In contrast, LSD No. 3 was
located in a pocket around TM3-TM4-TMS5.

We analyzed the differences in the interaction modes of
compound 1 with OR9Q2 among the three representative
binding poses obtained from MD simulation. In LSD No.
3, the hydroxyl and acetyl groups in compound 1 formed
hydrogen bonds with S155%¢ and Y113*%7, respectively.
A cation-pi interaction was observed between R159*¢0
and benzene in compound 1 (Fig. 5B). In LSD No. 6, the
hydroxyl group in compound 1 formed a hydrogen bond
with D11133° (Fig. 5C). Furthermore, the ketones formed
a hydrogen bond Y259°°° and the benzene in compound
1 formed hydrophobic interactions with A108%3¢, F104>2,
and F251%47_ In LSD No.7, compound 1 formed hydropho-
bic interactions with F10132°, F104%32, A108%3¢, L.255%31,
and Y259°°° (Fig. 5D). Pi-pi stack interactions with ben-
zene rings were formed at F104°? and Y2593

We focused on the binding of sodium ions to TM2 and
the formation of an ionic lock to analyze the conformational
change in OR9Q?2 induced by the binding of compound 1.

Previous studies have suggested that sodium ions bind
to Asp/Glu>>® and Asp/Glu** in the apo- and antagonist-
bound states in class A GPCR [64—66]. First, the distance
between D70*%°, which is suggested to bind sodium ions,
and the nearest sodium ion was measured during MD simu-
lation (Fig. 6A, C and E, and S7). In LSD No.3, all sections
formed a salt bridge between D70?3° and sodium ions (Fig.
6E). In LSD No.6, the binding of sodium ion to D70*" was
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3, LSD No. 6, and LSD No. 7, respectively. The distance between TM3
and TM6 on the intracellular side was measured. The NH1 or NH2
atoms in R122%3% and OG1 atoms in T240%3¢ were used to measure the
distance between TM3 and TM6, and the shorter one was selected. The
color traces represent smoothened values with an averaging window of
8 ns; the grey traces represent unsmoothened values, and the bold line
range is a section of LSD
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not observed through the trajectories, as the distance was
approximately 30 A (Fig. 6A). LSD No.6 belongs to LSD
cluster 1, and the hydroxyl group in compound 1 forms a
hydrogen bond with the side chain of D1113% (Fig. 5B).
The interaction between D111>%, which constitutes part of
the sodium ion pocket, and compound 1 may prevent sodium
ion binding. In LSD No.7, the sodium ion and D70*°° main-
tained a distance of approximately 30 A with no binding
through the trajectories (Fig. 6C). These results suggest that
clusters 1 and 2 represent potential binding conformations
for agonists.

Second, we analyzed the conformational changes in the
ionic lock. An ionic lock refers to a stabilizing interaction
between the intracellular sides of TM3 and TM6, involving
a network of hydrogen bonds and salt bridges, such as the
interaction between the conserved D(E)RY motif on TM3
and residues on TM6 [67]. The polar interactions formed
between TM3 and TM6 on the intracellular side dissoci-
ate following GPCR activation. Herein, we calculated the
distance between R1223° and T240°%¢, R1223° is part of
the DRY motif on TM3, and T240°% is a highly conserved
residue in the TM6 of OR. Figure 6B, D and F, and S8 show
the distances between these residues in the trajectories con-
taining LSD No. 3, 6, and 7. In the trajectory of LSD No. 6,
the intracellular ends of TM3 and TM6 remained within 6
A until 400 ns, indicating that these helices stayed in close
proximity. After 400 ns, the distance exceeded 6 A, indicat-
ing that the intracellular side of TM3-TM6 was beginning to
open (Fig. 6D). In the trajectory of LSD No. 7, the distance
was about 6 A until 450 ns, indicating no interaction (Fig.
6E). After 450 ns, the intracellular side of TM3-TM6 opened
as did the trajectory of LSD No. 6. In the trajectory of LSD
No. 3, R122%% - T240%% distance fluctuated in the range
3-6 A over the last 350 ns (Fig. 6F). No behavior could
be considered a conformational change at that distance, and

the intracellular side of TM3-TM6 was inferred to have
remained closed in the simulation.

Virtual screening

A virtual screening was conducted to evaluate the perfor-
mance of the proposed docking-based virtual screening
model. The grid score and FMS were adapted for re-ranking
and pose selection, respectively. The discrimination between
active and decoy compounds was estimated using AUROC.

For LSD No. 6, AUROC were 0.753, and for LSD No.
7, these were 0.924 (Fig. 7). The AUROC measured for the
AF® model was 0.654. Both LSD-based models performed
better than the random model and the AF® model in terms
of discrimination indices.

We performed a PLIF analysis for the docking poses with
these two models and compounds 1-13 (Figure S9). Com-
pounds 1-13 were separated into high and middle activation
groups. The high activation group contained the compounds
whose -logEC50 values were higher than 6. The middle
activation group contained other compounds. In LSD No.
6, most compounds contacted with A108%3¢ and L.255%3!.
In particular, the high activation group formed an h-bond
with D111%*° and contacted Y27874!. The compounds in
the middle activation group interacted either with D111>%
or Y27874!. Therefore, the conditions that activated OR9Q2
included interaction with A108>* and L255%!. Further-
more, interaction with D111°*° and Y2787*! may have
contributed to enhanced activation. The major interactions
were with TM3 and TM6. In LSD No. 7, most compounds
contacted with T105%2* and Y259°°°. In two of the com-
pounds in the high activation group, arene interactions were
observed with F104°32 and T105%3%. Most compounds of
the middle activation group formed both or either of the
T105> interactions with R159*%°. Compared to LSD No.
7, LSD No. 6 showed more specific interactions common

Fig.7 Virtual screening results 1.0
A, B. The receiver operating
characteristic (ROC) curve for
virtual screening with representa-
tive complexes of ligand-stable
duration (LSD) No.6 and 7 (blue
line). The corresponding AUROC
values were calculated for each
model. For comparison, the ROC
curve and AUROC obtained using
the AF'™ model are shown in

gray. The CI 95% for AF2®' was
0.492-0.820. In each panel, the
diagonal line indicates the expected
random trend
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Table 2 Comparison of profile binding poses

No. of LSD LSD No.3 LSD No.6 LSD No.7
Cluster 3 1 2
MMPBSA+SD —7.95+£2.04 —9.76+£2.34 -10.77+1.84
[keal/mol]

D70*%-Sodium ion Binding No binding  No binding
R122330-T240%3¢  Not dissociated Dissociated —Dissociated

A% to0l —~7.66+8.40 31.71+14.38 —26.45+15.22

to the high activation group, and the correlation between
interactions and activity values was clearer.

Comprehensive evaluation of ligand binding poses

We suggest some binding positions for compound 1 in
OR9Q2 using structural prediction, docking simulation,
MD simulation, and extraction of the stable section. Table
2 summarizes the structural comparison among the agonist-
binding conformation of the three representative LSDs. In
LSD No.3, indications of activation were not confirmed, as
D70%3° binds sodium ions in the sodium ion pocket while
the ionic lock maintains the polar interaction. The binding
free energy was the highest among the three LSDs. Further-
more, the A% tool, a classification method for the activa-
tion state of class A GPCRs by Ibrahim et al. [68], was used
for structural evaluation. The A'% activation model was
trained using simulations and validated against X-ray struc-
tural data, enabling quantitative structure-based scoring of
activation states in class A GPCRs. A higher value for the
A'% tool indicated that the state was similar to that in the
active conformation. The mean value for LSD No.3 was —
7.66 £ 8.40, indicating a low probability of these structures
being active states. In LSD No.6, activation behavior was
observed in two structural analyses (Fig. 6). The binding
free energy of LSD No. 6 was lower than those of LSD No.

Fig. 8 Comparison of the orienta- A 360

tion of residues in relation to the

activation mechanism A, B. Dis- - LSD No.6
tribution of rotation of sidechain hd
rotamer angle of F251%47 and OR51E2

N
B
S

F252548 in the molecular dynamics
(MD) simulation of holo and apo
states, respectively. C Close-up
view of the aromatic residues in
active OR51E2 and representative 120
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complex of OR9Q2 and compound
1. D—F Close-up view of the aro-
matic residues in active OR51E2
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S1, S2 and S3, respectively
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3 and LSD No.6, showing the largest stable section (Table
S1). The mean value obtained from the A'® tool was 31.71
+ 14.38, indicating that these structures were in an inter-
mediate state, closer to an active state than LSD No. 3. The
activation behavior was observed for LSD No.7, indicat-
ing it was stable and had a low binding free energy. How-
ever, the mean value of the A' tool was — 26.45 + 15.22,
indicating that these structures were far from being in an
active state. Based on these results, LSD No.6 is proposed
as a promising binding pose for compound 1 to OR9Q2 for
activation.

Discussion
Comparison with a known 3D structure of an OR

ORS51E2 is the only OR for which the 3D structure has been
determined [17]. The sequence similarity between OR9Q2
and OR51E2 28.5%. The RMSD between the AF®" model
and OR51E2 was 1.447 A for the full-length alignment, and
1.021 A when restricted to the ECL2 region, which is impli-
cated in ligand binding [69]. Therefore, we believe that the
structure of the AF™' model is reasonable. Billesbelle et al.
suggested that the orientation of the side chain in Phe®*” and
Tyr®*® relate to the OR51E2 activation mechanism. These
aromatic rings are conserved in sequences F251%47 and
F252%4% in OR9Q2 and others [40]. To analyze the orienta-
tion of these aromatic rings in our agonist-binding model,
we observed the dihedral angle of these aromatic rings in
the MD trajectories of OR9Q2 in the holo and apo states.
The trajectory containing LSD No. 6 was the holo state, and
the trajectory to which compound 1 did not bind was the apo
state. Figure 8 shows the dihedral angle distribution of ; in
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these aromatic rings in the OR51E2 experimental structure
and MD trajectories in OR9Q2. For the MD trajectories in
the holo state, these aromatic rings were stabilized at specific
dihedral angles similar to the dihedral angles of OR51E2
(Fig. 8A). In contrast, the dihedral angles in the MD trajec-
tories with the apo state transitioned in various orientations
(Fig. 8B). S1 was a state in which F251%47 faced the plasma
membrane from TM6-7 while F25264% faced the plasma
membrane from TM5-6 in state S2 (Fig. 8D-E). In S3,
F251%47 and F252°%*% opened toward the plasma membrane
(Fig. 8F). Therefore, F251%47 and F252°*% may maintain a
constant dihedral angle owing to its binding to compound
1. This suggests similar activation indicators for other ORs,
including our model of OR9Q2.

Evaluation of the OR model predicted using AF2

The number of known 3D structures of human ORs is
limited, and 3D predicted structures are used in structure-
activity relationship studies. In recent years, deep learn-
ing-based 3D structure prediction methods, such as AF2
and RoseTTAFold [70], have been developed, facilitating
highly accurate protein 3D structural predictions [21, 71].
In general, the unbiased AF2 predicts the structure in an apo
form. Recent studies have suggested that AF2 structures are
often unsuitable for docking simulations [26-28]. Further-
more, membrane proteins, such as transporters, ion channels
and GPCRs, exist in several conformations, and Al-based
protein prediction can only generate one of these states.
One proposed solution to this problem attempts to predict
a specific active-state 3D structure using selected multiple
sequence alignment data [30]. Other methods accurately
predict alternative conformations by reducing the depth of
the MSA and performing MD simulation-based structural
optimization, focusing on sites related to the function of the
OR for evaluation [72, 73]. In this study, we constructed
an agonist-binding state, OR9Q2 (AF2'™") with G(olf), pre-
dicted using an agonist template and a G protein-bound
GPCR. Indeed, the AF2®' model was more open towards
the lipid membrane on the intracellular side of TM6 cells
than the AF2®®" model (Fig. 6). Based on the conforma-
tional changes in TM6 upon activation of the general class
A GPCR [61, 74], the AF2®' model was closer to the active
state than the AF2°* model. Constructing an initial structure
closer to a specific state for docking and MD simulations
is preferable. To evaluate the advantages of this workflow,
virtual screening was performed using the AF2¢* and AF2'P!
models, both of which were generated without applying the
workflow. The resulting AUROC values were 0.613 and
0.654, respectively (Figure S10). The AF2®' model pre-
dicted higher performance of the agonist-binding state than
the AF2?* model. In OR structure sampling, focusing on the

@ Springer

initial structure of the receptor and use specific states, rather
than general drug discovery, may be more effective. Fur-
thermore, the AF2"!' models with MD simulations showed
improved performance in the virtual screening (Fig. 7) com-
pared to those of the AF2 structures. Therefore, our protocol
is useful as a sampling method for virtual screening models.

Performance and potential of LSD

GPCRs have a common topology, comprising even trans-
membrane helices; however, the sequence identities among
these GPCRs are low, and each GPCR recognizes multiple
ligands [75]. In general, there are many OR genes in class A
GPCRs, and a particular OR type may recognize more than
one odor molecule or each odor molecule may be recog-
nized by several ORs [18-21]. Furthermore, odorous mol-
ecules are lipophilic, volatile, and relatively small [76]. This
background suggests that OR-odor affinity is low and does
not follow the classical lock-and-key model that governs
many receptor-ligand interactions [77, 78]. Thus, we per-
formed complex sampling to search for binding poses using
MD simulations with pre-complex structures from dock-
ing simulations. Although docking simulations, clustering
analyses, and MD simulations are widely used standard
approaches for exploring ligand binding modes, the novelty
of our protocol lies in the use of the LSD method to reliably
extract representative binding poses from MD trajectories.
The LSD analysis enabled the extraction of trajectories with
stable poses, even if the target had low ligand-binding or
fragment stability. The LSD method can subsequently be
applied to these trajectories to extract pockets and poses
where active compounds are potentially stable and can be
developed for ligand recognition. Araki et al. extracted
conformations maintained stably from complex MD simu-
lations, and free energy simulations were performed using
representative conformations [79]. These results suggest
that LSD as a suitable analysis method for ORs with low
protein-ligand binding affinity and few homologous known
3D structures. The present workflow applies to specific ORs
and fragment-based drug design in drug discovery research.
However, before this method can be applied in practice, it
must be validated to ensure its suitability for specific targets
and ligand chemotypes.

Practical considerations in using LSD

The first consideration concerns the parameters used in
LSD, namely the window time of VF (25 ns), the threshold
(VF(t) < 0.2 A?), the duration (100 ns) and the total produc-
tion MD time (12.5 ps). Regarding the window time, a pro-
visional value of 50 ns (501 frames) was used in this study.
As the criteria depend on the factors such as molecular size
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and ligand potency, appropriate reference value must be
validated for different ligands. In the validation of docking
simulations, re-docking performance is commonly evalu-
ated based on the RMSD of ligand poses. In general, a dock-
ing result is considered successful when the RMSD between
the predicted and reference ligand poses is within 1.5-2.0
A, depending on the ligand size [80, 81]. In our study, a
VF threshold of 0.2 A? corresponds to a standard devia-
tion of approximately 0.45 A, representing a deviation of £
0.5 A from the mean RMSD. In other words, this threshold
allows for a positional change of roughly 1.0 A, which we
consider sufficiently strict, even for small-molecule ligands.
However, this threshold should be adjusted according to
specific conditions, such as ligand size and the affinity of
the protein—ligand complex. The duration time was set to
100 ns based on prior research employing short molecular
dynamics simulations for refinement and rescaling in dock-
ing analyses, which supports this duration as a practical and
meaningful choice [82].

As a final consideration regarding parameters, we
address the total time of production MD time. It should
be emphasized that elucidating the binding and activation
mechanisms of odorant molecules by MD would ultimately
require ultra-long simulations on the millisecond timescale
or beyond, rather than a modest extension of trajectories to
1 microsecond. Such extended timescales are necessary to
capture rare events and slow conformational transitions, but
they represent a highly resource-intensive challenge that
exceeds the scope of the present work. In this study, we
aimed to demonstrate the utility of the LSD-based protocol
within a computationally feasible framework, while recog-
nizing that future advances in computational power will be
essential for exploring the odorant—receptor system at such
extended timescales.

It is also important to recognize that odorant molecules
typically exhibit weaker binding affinities than conventional
drug-like ligands, and thus the classical MD simulation
schemes developed for stable protein—ligand complexes
may not necessarily be directly applicable. A more defini-
tive understanding of odorant-receptor binding mecha-
nisms will require the accumulation of experimentally
determined structures of odorant-receptor complexes,
obtained for example by cryo-electron microscopy or X-ray
crystallography. Such structural information will be crucial
for benchmarking computational models and for guiding
the refinement of simulation-based approaches to odorant
recognition.

It should be noted that, in this study, the validation of the
LSD protocol through virtual screening test was performed
using the same agonist series that had been employed for
the derivation of LSDs. This design choice was intentional,
as binding poses are known to vary substantially across

different chemotypes. Our primary objective was there-
fore to assess the explanatory capacity of the LSD protocol
within a single chemotype framework. We reasoned that if
the protocol failed to demonstrate validity even within the
same dataset, its extension to other chemotypes would be
unlikely to succeed. Accordingly, the present results should
be interpreted as an evaluation of binding pose validity con-
fined to one chemotype. Future work will focus on extend-
ing the application of this protocol to independent datasets
of confirmed active compounds with distinct chemotypes,
thereby enabling broader generalization of the approach.

Conclusion

In conclusion, we constructed ligand-binding complexes
of OR9Q?2 using our molecular simulation-based proto-
col, which included four steps: structure prediction, dock-
ing simulation, molecular dynamics simulation with LSD
analysis, and structural verification. Consequently, prom-
ising complex structures that could discriminate between
active and decoy compounds were obtained. These promis-
ing complex structures exhibited a behavior of activation, as
suggested in previous studies, and maintained the specific
orientation of key residues, as well as those in the active
state ORS1E2 determined using cryo-EM. In the case of
models predicted using ColabFold with the template of an
active GPCR, using an initial structure close to a specific
state for docking and MD simulations is better. We suggest
this protocol as a suitable analysis method for ORs and LSD
analysis applies to fragment-based drug design in drug dis-
covery research.
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