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Abstract
We tested the Binding Threshold Hypothesis (BTH) for activation of olfactory receptors (ORs): To activate
an OR, the odorant must bind to the OR with binding energy above some threshold value. The olfactory
receptor (OR) 912-93 is known experimentally to be activated by ketones in mouse, but is inactive to
ketones in human, despite an amino acid sequence identity of ∼66%. To investigate the origins of this
difference, we used the MembStruk first-principles method to predict the tertiary structure of the mouse OR
912-93 (mOR912-93), and the HierDock first-principles method to predict the binding site for ketones to this
receptor. We found that the strong binding of ketones to mOR912-93 is dominated by a hydrogen bond of
the ketone carbonyl group to Ser105. All ketones predicted to have a binding energy stronger than
EBindThresh ⳱ 26 kcal/mol were observed experimentally to activate this OR, while the two ketones predicted to bind more weakly do not. In addition, we predict that 2-undecanone and 2-dodecanone both bind
sufficiently strongly to activate mOR912-93. A similar binding site for ketones was predicted in hOR91293, but the binding is much weaker because the human ortholog has a Gly at the position of Ser105. We
predict that mutating this Gly to Ser in human should lead to activation of hOR912-93 by these ketones.
Experimental substantiations of the above predictions would provide further tests of the validity of the BTH,
our predicted 3D structures, and our predicted binding sites for these ORs.
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There continues to be uncertainty as to what aspect of an
odorant is detected by an olfactory receptor (OR). Early
models assumed that the shape of the odorant was most
important (Amoore 1952). Experimental results reported by
Buck and Axel (1991) showed that each OR recognizes
Reprint requests to: William A. Goddard III, Materials and Process
Simulation Center (MC 139-74), California Institute of Technology, Pasadena, CA 91125, USA; e-mail: wag@wag.caltech.edu; fax: (626) 5850918.
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several odors and each odor is recognized by several ORs.
This raises the issue of what aspects of the molecule can
provide this selectivity. Turin (1996) made the novel proposal that ORs detect the intramolecular vibrations of odors.
But recently Keller and Vosshall (2004) provided three distinct experimental tests of the Turin model, all of which
gave no evidence to support it. This leaves unresolved exactly what it is about an odorant that activates an OR.
We recently reported first-principles computations that
examine details of odorant binding to ORs (Floriano et al.
2000, 2004a; Hall et al. 2004). All results obtained thus far
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are consistent with the hypothesis that the binding strength
of each odorant dominates the activation profile of each OR,
and that each OR has some energy threshold, EBindThresh ,
below which there is no activation. This leads to The Binding Threshold Hypothesis (BTH) for activation of olfactory
receptors (ORs): To activate an OR, the odorant must bind
to the OR with binding energy above some threshold,
EBindThresh .
To further test the BTH we report here results for the
binding of ketones to the mouse and human orthologs of OR
912-93 (denoted mOR912-93 and hOR912-93, respectively).
mOR912-93 is activated by ketones while hOR912-93 is not
(Gaillard et al. 2002).
Background on olfaction
In the last two decades there have been tremendous advances in understanding olfaction. The detection of odorants in human and mouse is mediated by hundreds of ORs
belonging to the large superfamily of seven-helical transmembrane (TM) G protein-coupled receptors (GPCRs)
(Buck and Axel 1991; Mombaerts 1999). There are ∼2.5
times as many functional OR genes in mouse (∼873) (Godfrey et al. 2004) as in human (∼347) (Malnic et al. 2004), as
humans possess a significantly higher percentage of OR
pseudogenes (Zhang and Firestein 2002), possibly explaining the less refined olfactory acuity in human.
To obtain information about the molecular basis of olfaction, experimental studies of structure recognition of odorants by ORs have been conducted by several research
groups (Araneda et al. 2000; Krautwurst et al. 1998; Zhao et
al. 1998; Kajiya et al. 2001; Bozza et al. 2002). In particular,
systematic experimental studies exposing a variety of small
molecules to the mouse and rat I7 ORs provide information
on which structural changes in the odorant molecule affect
activation of ORs (Krautwurst et al. 1998; Arnaeda et al.
2000; Bozza et al. 2002). The 3D protein structures of these
systems were predicted from first principles (MembStruk)
by Hall et al. (2004). Hall et al. also used first-principles
methods (HierDock) to predict binding sites and binding
energies for the 56 odorants studied by Bozza, and obtained
activation profiles in excellent agreement with experiment.
Malnic et al. (1999) demonstrated that mouse ORs can be
activated by multiple odorants and that each odorant elicits
a response from a variety of different ORs. Floriano et al.
(2000, 2004a) used MembStruk to predict the 3D protein
structures of six of these mouse ORs, and used HierDock to
predict binding sites and binding energies for the 24 odorants studied by Malnic. They also found activation profiles
in excellent agreement with experiment. These computational studies found that different odorants bind to the same
OR in the same binding regions, but sometimes with different binding conformations (Floriano et al. 2000, 2004a).
These predictions could be directly tested by mutation ex704
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periments on ORs, but no such experiments have been reported.
Gaillard et al. (2002) studied the closely related mouse
and human orthologs of OR912-93 to gain an understanding
of how protein sequence affects the function of these ORs.
hOR912-93 has a single nonsense point mutation in the
region corresponding to the N terminus of the protein (Rouquier et al. 1998), but mOR912-93 does not contain such a
mutation (Rouquier et al. 1999). More recently it was found
that correcting the nonsense mutation in hOR912-93 does
not restore function (Gaillard et al. 2002). Exposure to
straight-chain ketone odorants with 4–10 carbons and a carbonyl group in the second or third position results in a rise
in intracellular [Ca+2] for mouse. No such response is observed in human, even after correcting the nonsense mutation. Gaillard et al. (2002) suggested that this indicates that
pseudogenes may not be the sole reason for the relatively
poor sense of smell in humans. Rather, the presence of other
deleterious mutations in the human olfactory subgenome
may have weakened the combinatorial code of human odor
receptors over the course of evolution. To determine whether
this is the case it would be useful to understand which
mutations cause hOR912-93 to become inactive to ketones.
To answer such questions we applied the MembStruk
first-principles method (Floriano et al. 2000; Vaidehi et al.
2002; Trabanino et al. 2004), designed specifically for predicting the 3D structures of GPCRs, and the HierDock firstprinciples method (Datta et al. 2002, 2003; Wang et al.
2002; Kekenes-Huskey et al. 2003; Floriano et al. 2004b)
for predicting binding sites and energies. These methods
have been validated for bovine rhodopsin (Trabanino et al.
2004), where the predicted 3D structure is in good agreement with the crystal structure (2.8 Å RMS deviation in
coordinates for the main chain atoms of the helix bundle).
These methods were also used to predict the 3D structures
for the D2 dopamine receptors (Kalani et al. 2004), the ␤2
adrenergic receptors (Freddolino et al. 2004), the mouse and
rat I7 ORs (Hall et al. 2004), and six other mouse ORs
(Floriano et al. 2000, 2004a). Since bovine rhodopsin is the
only GPCR for which an experimental crystal structure is
known, the structures of the other receptors were validated
by predicting the details of the ligand binding sites with
HierDock and comparing the results to experimental data on
the binding sites for agonists and antagonists to wild-type
and mutated versions of dopamine and adrenergic receptors.
Excellent agreement was found with all available experimental results on ligand binding. This gives us confidence
that the 3D structures of GPCRs predicted by MembStruk
are sufficiently accurate to obtain reasonable ligand binding
site and energies.
The binding data for ORs are much less complete than
that for dopamine and adrenergic receptors, and no mutation
studies are available, making validation more difficult.
However, we would expect the predictions for ORs to be as
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accurate as those for the other receptors, at least for ligands
the size of retinal, dopamine, and epinephrine.
We report here the results from first-principles predictions of the 3D structure for mOR912-93 using MembStruk,
and we report the results of using the HierDock first-principles method to predict the binding site, conformations,
and energies of the various ketones to this receptor. All
eight ketones observed to strongly activate mOR912-93
have binding energies calculated to be higher than
EBindThresh ⳱ 26 kcal/mol, while the two ketones with
weaker calculated binding energies do not. Similarly, in
hOR912-93, for which ketones are known experimentally
not to bind, all ketones are calculated to bind less strongly
than EBindThresh. To provide data that could guide experiments to probe the mechanism of OR activation, we predict
here that 2-undecanone and 2-dodecanone will bind more
strongly than the activation threshold. We also predict that
a single mutation in hOR912-93 (Gly106→Ser) will allow
the mutated human receptor to be activated by the same
ketones that activate mOR912-93. Similarly, mutating
Ser105 to Gly in mOR912-93 should eliminate activation by
these ketones.
Results
Experiments have shown that mOR912-93 is activated by
straight alkyl-chain ketones having more than four carbons
and a carbonyl group in the second or third position on the
alkyl chain (Gaillard et al. 2002). We report here the predicted binding site and energetics for straight-chain ketones
having carbon chain length ranging from four to 12 carbons,
with the position of the carbonyl group varying from the
first to the fourth carbon.
The predicted ketone binding site in mOR912-93 lies
near the extracellular region between TMs 3, 5, and 6 (Figs.
1, 2). This predicted binding site is similar to the predicted
odorant binding sites in other ORs (Floriano et al. 2000,
2004a; Singer 2000; Hall et al. 2004).
The residues within 4 Å of 2-pentanone and 2-decanone
are shown in Figures 3 and 4, respectively. The binding
between ketones and mOR912-93 is dominated by a strong
hydrogen bond between the carbonyl group on the ketones
and the hydroxyl group of Ser105 (O – O distance of 2.9 Å).
The alkyl chain of the ketone also experiences favorable
interactions with a tight pocket formed primarily by hydrophobic residues in TMs 3, 5, and 6. The residues in
mOR912-93 that form favorable van der Waals contacts
with each of the ketones in Table 1 are Val108 (TM3),
Ser210 (TM5), Ile250 (TM6), and Leu251 (TM6).
Experimentally it is observed that straight-chain ketones
with 10 or fewer carbons activate mOR912-93 more
strongly as the length of the carbon chain increases (Gaillard et al. 2002). Our results agree with the experimental
trends, with each additional carbon in the chain increasing

Figure 1. The side view of the predicted structure of mOR912-93, with the
extracellular region on top. The ketone binding site lies between TM regions 3, 5, and 6.

the binding affinity by ∼2 kcal/mol (Table 1). Our theoretically calculated binding energies are consistent with the
BTH if EBindThresh is set to 26 kcal/mol for the ketones
studied here. Table 1 shows that 2-butanone and 4-heptanone are the only ketones which bind to mOR912-93 less
strongly than EBindThresh. This correlates well with the experimental observation that the only ketones in Table 1
known not to strongly activate mOR912-93 are 2-butanone
and 4-heptanone. It is important to note that the binding
energy threshold could be valid for antagonists as well.
However, the only experimental data available here are for
whether a ketone activates an OR.
We predict that both 2-undecanone and 2-dodecanone
will bind to mOR912-93 more strongly than the other ketones. Perturbing the binding conformation of 2-dodecanone to generate the corresponding binding conformation for
2-tridecanone (see Materials and Methods) leads the additional methyl group in 2-tridecanone to interact significantly
with extracellular loop 2 in mOR912-93. Because of the
difficulty in reliably predicting a unique structure for the
loops, we are less confident of the accuracy in the predicted
binding energy for 2-tridecanone.

Figure 2. The top view of the predicted structure of mOR912-93. Key
residues involved in the binding of 2-pentanone to mOR912-93 are
depicted.
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site and binding conformations, we find that the predicted
ketone binding conformations in the mutated hOR912-93
are analogous to those in mOR912-93 (Fig. 5). Likewise, we
find that the ketone binding energies are similar for the
mutated hOR912-93 and mOR912-93 (Table 2). Our results
can be tested by mutating Ser105 in mOR912-93 to Gly,
which should eliminate recognition of ketones in mouse, or
by mutating Gly106 in hOR912-93 to Ser, which should
enable recognition in human.
Figure 3. The residues within 4 Å of 2-pentanone bound to mOR912-93.
Distances are given in angstroms, and TM domains are given in parentheses.

Discussion
The experimental studies find that heptanal, 2-heptanone,
and 3-heptanone all activate mOR912-93, but that 4-heptanone fails to activate the receptor. This is consistent with
our results (Table 1), which indicate a substantially weakened binding for 4-heptanone. In order for 4-heptanone to
form a hydrogen bond with Ser105, it must adopt a conformation where its terminal methyl group experiences repulsive van der Waals interactions with Ala247. Though the
conformation with this hydrogen bond is still found to be
the most energetically favorable, the unfavorable van der
Waals interactions cause the binding for 4-heptanone to
become weaker than that of 3-heptanone by ∼7 kcal/mol.
We found that the best binding site for ketones in
hOR912-93 is the region analogous to the binding site for
ketones in mOR912-93. However, the calculated binding
energies to hOR912-93 are, on average, 13 kcal/mol (∼50%)
weaker than the binding energies to mOR912-93 (Table 1).
Each ketone shown in Table 1 has a calculated binding
energy to hOR912-93 weaker than EBindThresh. Hence, according to the BTH, none of these ketones should activate
hOR912-93, just as observed experimentally. This difference in binding energy between mOR912-93 and hOR91293 is due to Ser105 in mOR912-93, which makes a strong
hydrogen bond with the carbonyl group of the ketones. This
residue is mutated to Gly in hOR912-93. If we take our
predicted structure for hOR912-93 and change this Gly to
Ser while keeping all other structural features of hOR91293 intact, and then apply HierDock to determine the binding

Figure 4. The residues within 4 Å of 2-decanone bound to mOR912-93,
with corresponding TM domains given in parentheses, and distances given
in angstroms.
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Our predicted binding site is consistent with the results of a
recent study aimed at finding residues conserved across orthologous ORs but not in paralogous ORs and using this to
predict the amino acids involved in the binding of odors to
ORs (Man et al. 2004). Man et al. found 22 residues, all in
TMs 2–7 or extracellular loop 2, which could potentially be
involved in the binding site of ORs. Ser105 is located at the
position of one of these 22 residues.
Since the ketone carbonyl group cannot form a hydrogen
bond with Gly106 in hOR912-93, there is no reason for it to
tend to the same place in hOR912-93 as in mOR912-93. In
fact, the optimal position of the ketone carbonyl group is
predicted to be closer to the extracellular region for
hOR912-93 than for mOR912-93 or the G(106)S mutant of
hOR912-93. As a result, for hOR912-93 we found that the
optimal configuration of 2-dodecanone interacts significantly with the extracellular loops, but not in mOR912-93 or
the mutated hOR912-93. Likewise, hOR912-93 has more
space in the binding site than mOR912-93 for the additional
methyl groups in 4-heptanone. The effects of these differences are reflected in the data presented in Table 1.
The binding of the ketones to mOR912-93 is dominated
by hydrogen bonding and van der Waals interactions. For
example, for 2-pentanone bound to mOR912-93, 40% of the
binding energy comes from hydrogen bonding and 52%
from van der Waals interactions. There is no ketone for
which the contribution of electrostatic interactions to the
binding energy exceeds 10%.
This validation of the MembStruk and HierDock firstprinciples methods for predicting the structural differences
between the mouse and human orthologs of OR912-93 demonstrated here, along with the previous studies on the I7 and
Malnic ORs, suggests the possibility that such predictions
of the structures and activation profiles for the other sensory
receptors for humans, mice, and other species could provide
the basis for a detailed and complete molecular level understanding of olfaction.
We should point out that the first-principles MembStruk
method used here is specific for GPCRs. Although it has
been successful for several classes of GPCRs, we have not
yet tested it on any other membrane receptor, and it is not
likely to be adequate for nonmembrane proteins.
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Table 1. Calculated binding energies (kcal/mol, minimized at 0K without corrections for
zero-point energy or dynamics) of ketones with hOR912-93 and mOR912-93

Ligand
2-butanone
2-pentanone
2-hexanone
Heptanal
2-heptanone
3-heptanone
4-heptanone
2-octanone
2-nonanone
2-decanone
2-undecanone
2-dodecanone

Activates
hOR912-93
experimentally?

Calculated
binding energy
to hOR912-93

Activates
mOR912-93
experimentally?

Calculated
binding energy
to mOR912-93

Not tested
Not tested
Not tested
Not tested
No
Not tested
Not tested
Not tested
Not tested
No
Not tested
Not tested

11.3
13.2
16.4
18.9
17.8
19.5
22.1
19.7
21.2
21.6
22.6
19.3a

Very weakly
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes
Yes
Not tested
Not tested

23.8
26.7
29.4
30.1
31.8
31.8
24.5
34.0
35.6
37.1
39.0
41.2

Experimental activation profiles are due to Gaillard et al. 2002.
a
Significant interactions with loops.

We should also emphasize that the mOR912-93 structure
was from MembStruk but the hOR912-93 structure was
built from a homology model to mOR912-93. This is likely
to be accurate since there is a 66% sequence identity between these structures. Indeed it would probably tend to bias
the results toward similar binding, whereas we find quite
distinct differences in binding.
In addition we should note that our method of determining the optimum structure without ligand (the apo-protein)
and then using this to predict binding of various ligands
might not find binding sites that change dramatically upon
binding, even though we optimize the whole ligand-protein
complex after binding. The good agreement with observed
activation suggests that the critical step in binding of agonists is to bind to the lowest-energy structure of the apoprotein. This supports a model of activation in which it is
the bound ligand-OR complex that transforms to activate
the G-protein (rather than a second apo-protein structure
that is stabilized only when the agonist is bound).

We should also point out that nothing in our calculation
indicates whether the strongly bound ligand is an agonist or
antagonist. Thus it is conceivable that there might be other
ligands that could bind more strongly than EBindThresh, but
which might not activate the OR. However, we are not
aware of any such ligands for OR.
Materials and methods
Structure prediction for mOR912-93
The MembStruk first-principles method for predicting the tertiary
structures of GPCRs is described in Trabanino et al. (2004). Here
we indicate the relevant details for modeling mOR912-93 and

Table 2. Calculated binding energies (kcal/mol, minimized at
0K without corrections for zero-point energy or dynamics) of
ketones for mOR912-93 and hOR912-93 with Gly106 mutated
to Ser

Ligand

Figure 5. The residues within 4 Å of 2-pentanone bound to hOR912-93
with Gly106 mutated to Ser. Distances are given in angstroms, and TM
domains are given in parentheses.

2-butanone
2-pentanone
2-hexanone
Heptanal
2-heptanone
3-heptanone
4-heptanone
2-octanone
2-nonanone
2-decanone
2-undecanone
2-dodecanone

Calculated binding
energy to
mOR912-93

Calculated binding
energy to mutated
hOR912-93

23.8
26.7
29.4
30.1
31.8
31.8
24.5
34.0
35.6
37.1
39.0
41.2

24.6
26.5
29.4
28.6
30.7
29.8
24.3
31.7
35.0
36.6
38.7
40.6
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hOR912-93. All calculations used the DREIDING forcefield (FF)
for the protein and ligands (Mayo et al. 1990) with CHARMM22
charges (MacKerrell et al. 1998) for the protein and Gasteiger
charges (Gasteiger and Marsili 1980) for the ligands or odorants.
The MembStruk method (version 3.5) for predicting the structure
of seven-TM-helix GPCRs consists of the following steps (Vaidehi
et al. 2002; Trabanino et al. 2004):
1. TM prediction. First we predict the seven TM domains using
hydrophobicity analysis combined with information from sequence alignments. The 862 complete mouse OR sequences from
the Trembl database were aligned using the ClustalW multiple
sequence alignment program (Altschul et al. 1990). The TM helices were predicted using TM2ndS (Trabanino et al. 2004) with
multiple sequence alignment input obtained by aligning mOR91293 with nine other closely related mouse ORs chosen from the
phylogenetic tree analysis performed with ClustalW (Table S1; see
Electronic Supplemental Material). In brief, TM2ndS calculates
the average hydrophobicity for every residue position for all the
sequences in the multiple sequence alignment while averaging
over a window size from 12 to 30 residues. This leads to the profile
in Figure S1 (see Electronic Supplemental Material), where the
baseline serves as the threshold value for determining the TM
regions.
2. Position of maximum hydrophobicity. For each TM region,
we determine the maximum peak in hydrophobicity of the sequence (Table S1) to identify lipid-accessible residues from the
less-conserved residues of the sequence alignments. This position
of maximum hydrophobicity is used to estimate the relative translational orientation of the helices. These calculations use the Eisenberg scale for hydrophobicity (Eisenberg et al. 1984).
3. Assembly of the helix bundle and optimization of the translational orientation of the helices. The helical axes are oriented
according to the 7.5 Å electron density map of frog rhodopsin
(Schertler 1998), and the initial relative translational orientation of
each helix is determined by placing all hydrophobic centers obtained from step 2 in the same fitting plane.
4. Optimization of helical kinks. We construct canonical helices for the predicted TM segments and optimize the structures of
the individual helices using energy minimization followed by torsional molecular dynamics (NEIMO MD) (Jain et al. 1993; Mathiowetz et al. 1994; Vaidehi et al. 1996). This optimizes the bends
and kinks in each helix.
5. Monte Carlo optimization of rotational orientation of the
helices. The initial rotational orientation of each helix about its
axis is determined by computing the direction of the net hydrophobic moment of the middle one-third of each helix about its
hydrophobic center, and then pointing this net hydrophobic moment vector away from the center of mass of the whole TM bundle.
Since MD is not likely to surmount the barriers that might separate
one good rotational state from another, we optimize the rotational
degrees of freedom of each helix in the presence of other helices
as follows: We carry out a systematic search in which each helix
is rotated through a grid of rotational angles. For each value, the
side chain conformations in all seven helices are re-optimized with
SCWRL (Bower et al. 1997), and the other six helices are optimized sequentially by minimizing energy using conjugate gradients with the DREIDING FF. This allows the system to surmount
rotational energy barriers and sample many possible rotational
minima for each helix. This rotational optimization is carried out
for each helix in turn over the same grid until there is no longer a
change.
6. Optimization of the assembled helical bundle with explicit
lipid layers. The optimized helical bundle is further equilibrated
by immersing the protein into a lipid bilayer and performing rigid-
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body MD (Ding et al. 1992; Lim et al. 1997). The helix bundle
surrounded by lipid bilayers is optimized using rigid-body dynamics with the DREIDING FF (Mayo et al. 1990) and CHARMM22
(MacKerrell et al. 1998) charges for the protein.
7. Optimization of the final model. The loops are added to the
helices using the loop builder in the MODELLER homology modeling program (John and Sali 2003). Disulfide linkages were created between Cys97–Cys179 and Cys169–Cys189, the pairs of
cysteines conserved in ORs. We then perform side chain replacement with SCWRL (Bower et al. 1997) and optimize the positions
of the atoms in the loop region with MPSim MD (Lim et al. 1997).
Finally, a full-atom optimization of the structure using MPSim
leads to the final predicted structure for the mouse OR.
It should be noted that MembStruk can only be used to predict
the structures of GPCRs, not other types of proteins.

Structure prediction for hOR912-93
The sequence identity between mOR912-93 and hOR912-93 is
66% (Table S1). Thus we expect that homology modeling (with
MODELLER) using our predicted structure for mOR912-93 as the
template will lead to a reasonably accurate 3D structure of the
seven-helix TM bundle of hOR912-93. Side chain replacement for
hOR912-93 was performed with SCWRL followed by optimization of the positions of the atoms in the TM by minimizing the
potential energy with conjugate gradients to a RMS force of
0.1 kcal/mol/Å. The loops were then added to hOR912-93 as previously outlined for mOR912-93 with disulfide bonds between
Cys98–Cys180, Cys170–Cys190, and Cys123–Cys128 to close intracellular loop 2. Finally, the full structure of hOR912-93 was
optimized as described above for mOR912-93.
We prefer to generate the 3D structure for hOR912-93 by homology modeling, rather than by independently predicting the 3D
structure with MembStruk, because we want to eliminate noise
arising from random differences due to independent constructions.
Avoiding such random differences is important for comparing
relative binding energies.

Prediction of odorant binding sites
HierDock
The HierDock method (version 4.0) for predicting binding sites
and energies follows a hierarchical strategy for examining ligand
binding conformations and calculating their binding energies. We
proceeded according to the following steps:
1. Within each 10 Å cube containing regions with sufficient voids
to accommodate a ligand (see section below on generating the
void regions), we carry out a coarse grain docking procedure to
generate a set of trial conformations for ligand binding in the
receptor. We use Dock 4.0 (Ewing and Kuntz 1997) to generate
and score 1000 conformations, of which 50 are selected for
further analysis. This selection is based on the number of hydrogen bonds between ligand and protein, a buried surface area
cutoff of 90%, and the energy scoring from Dock 4.0. In Dock
4.0, we use flexible ligand docking and allow for 10 bumps.
Since the protein structure was predicted without ligand, we
expect the ligand binding site to be contracted. Consequently, in
the docking, we reduce the DREIDING van der Waals radii of
the ligand atoms by 25%.
2. The 50 best conformations selected for each ligand from step 1
are minimized while keeping protein coordinates fixed. The
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solvation energy of each of these 50 minimized conformations
is calculated using the Analytical Volume Generalized Born
(AVGB) continuum solvation method (Zamanakos 2001). The
binding energies (BE) are calculated using
BE = PE 共ligand in solvent兲 − PE 共ligand in protein兲

(1)

where PE is the potential energy calculated using the methods of
Trabanino et al. (2004). From these 50 conformations, the five
best-scoring conformations based on binding energies are selected
for further optimization.
3. For each of the five structures selected in step 2, we optimize
the structure of the receptor/ligand complex allowing all atoms
of the receptor and ligand to relax. Using these optimized structures, we calculate the binding energy as the difference between
the energy of the ligand in the protein and the energy of the
ligand in water. The energy of the ligand in water is calculated
using the DREIDING FF and the AVGB continuum solvation
method (Zamanakos 2001).
4. From these five optimized ligand-protein complexes, we select
the conformation with the most favorable binding energy. We
then optimize this structure using the SCREAM side chain
replacement program (V. Kam, N. Vaidehi, and W.A. Goddard
III, unpubl.) to reassign all side chains for the residues within 4
Å of the ligand. SCREAM utilizes a side-chain rotamer library
consisting of 1478 rotamers, each of which differs by at least
1.0 Å CRMS from the others, and uses the DREIDING all-atom
energy function to evaluate the energy for the ligand-protein
complex. The binding energy of each optimized complex is
calculated as above.
Scanning the entire receptor to locate the binding region. To
locate the binding site we scanned the entire receptor structure,
making no assumptions about the nature or location of the site. To
do this the molecular surfaces of the predicted structures for
mOR912-93 and hOR912-93 were each mapped using the
SPHGEN program (Kuntz et al. 1982) in Dock 4.0 to obtain
spheres representing void regions in the receptor. The PASS program (Brady and Stouten 2000) was then used to determine 11
centers of potential binding regions in the receptor.
Subsequently, the receptor spheres located within 4 Å of each of
the 11 centers identified by PASS were used to scan for the putative binding site by applying the first two steps of the HierDock
protocol described above to each putative binding region. For this
scanning procedure we used 10 conformations in step 2 instead
of 50.
Optimization of the putative binding site and determination of
the binding site of ketones. After determining the putative binding
site, we used the SCREAM side chain placement method to optimize the side chain conformations of all the residues within 4 Å of
the spheres generated in the putative binding site. After selecting
the most favorable side chain orientations, we minimized the energy of the whole ligand-receptor structure (conjugate gradients to
a RMS force of 0.1 kcal/mol-Å).
Determination of binding conformation and binding energy. Starting with the optimized ligand binding site, we used SPHGEN to
regenerate the spheres in the binding region. This was necessary
since the side chain optimization of the receptor changed the void
regions in the receptor structure. We then performed all four steps
detailed in the HierDock protocol to determine the best binding
conformation for each ketone (Table 1) to mOR912-93 and
hOR912-93. These calculations were done independently for
mOR912-93 and hOR912-93. We calculated the binding energies

for these ketone odorants using equation 1 and an internal dielectric constant of 2.5.
Since we want to compare binding energies for various odorants, we followed the Monte Carlo docking and minimization with
a perturbation approach. Here the binding conformation of each
ketone was perturbed to generate the corresponding binding conformation for 2-butanone by removing all carbons except those
closest to the carbonyl group. The most energetically favorable
conformation of 2-butanone was then perturbed to generate the
corresponding binding conformation for each of the other ketones
in Table 1. To perturb from 2-butanone to 2-pentanone, each of the
three terminal hydrogens was replaced in turn by a methyl group,
thus generating three possible conformations of 2-pentanone. Each
of these three conformations was optimized using minimization in
MPSim, first holding protein coordinates fixed, and then allowing
both ligand and protein atoms to be moved. The final conformation
selected was the conformation with the most favorable energy. The
conformations for the other ketones were calculated in a similar
manner. This procedure is expected to increase the likelihood that
the optimal conformation is selected.
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