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Abstract To probe the selective mechanism of agonists
binding to three opioid receptor subtypes, ligand-based and
receptor-based methods were implemented together and
subtype characteristics of opioid agonists were clearly
described. Three pharmacophore models of opioid agonists
were generated by the Catalyst/HypoGen program. The best
pharmacophore models for μ, δ and κ agonists contained
four, five and five features, respectively. Meanwhile, the
three-dimensional structures of three receptor subtypes
were modeled on the basis of the crystal structure of β2-
adrenergic receptor, and molecular docking was conducted
further. According to these pharmacophore models and
docking results, the similarities and differences among
agonists of three subtypes were identified. μ or δ agonists,
for example, could form one hydrogen bond separately with
Tyr129 and Tyr150 at TMIII, whereas κ ones formed a π-π
interaction in that place. These findings may be crucial for
the development of novel selective analgesic drugs.
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Introduction

For centuries, in treatment of severe pain, no new
analgesics can replace opium and its derivatives. Morphine
isolated from opium is one of the most widely used opioid
analgesics today. Many efforts have been focused on opioid
pharmacology [1–4]. Currently, potent analgesics, such as
morphine and fentanyl, are popular, but the pharmacology
evidence has already indicated that the addiction effect of
these analgesics is mainly attributed to activating μ opioid
receptor. So, understanding the mode of μ subtype-agonist
interaction will be necessary for clarifying the addictive
mechanism. The δ subtype is an essential partner for opioid
action. δ opioid receptor has the ability to modulate the
unwanted effects of μ subtype agonists and δ opioid
receptor plays an important role for pain action[5–7]. Many
experiments have proved that a few κ agonists are also able
to produce strong analgesic effect but without addiction [8–
10]. Therefore, developing specific κ opioid receptor
agonists is also an interesting topic.

The rational design of drugs for a specific target is
greatly aided by structural information of the target. The G-
protein coupled opioid receptor is not an exception.
However, there is no experimental structure available for
developing drugs for these receptors. In the absence of an
experimentally obtained crystal structure of these targets,
researchers displayed their excellent genius. Many different
but reliable methods were developed and applied, such as
3D-QSAR, pharmacophore modeling and homology mod-
eling. Choosing suitable methods for different situations,
will yield meaningful results.

In the 1970s, QSAR method was used for developing
new opioid agonists [11, 12]. With the development of
computational chemistry, 3D-QSAR was also used for
exploring the structure-activity relationship for almost all
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kinds of opioid agonists [13–17]. Recently, many new
agonists interacting with opioid receptors were reported
with greater diversity in both chemical structures and
biological activity [10, 18–50]. Therefore, new information
about structure-activity relationship based on numbers of
these compounds with greater diversity should be helpful
for 3D-pharmacophore modeling. From these reliable
pharmacophore models, we can not only separately get
respective chemical features for agonists of μ, δ and κ
subtype, but also carry on virtually screening to obtain new
leads for certain subtype.

For many years, rhodopsin had been an only G protein-
coupled receptor (GPCR) with available crystallographic
structural information [51–53]. Based on rhodopsin, opioid
receptors were modeled and used for docking or simulation
[54–58]. In November 2007, a new high-resolution crystal
structure of GPCR, β2 adrenergic receptor (β2-AR), was
reported. This was a greatly important progress for drug
research of GPCR [59, 60]. Because of its higher sequence
identification than rhodopsin, it’s a new chance to under-
stand the mode of interaction for opioid receptors and their
agonists.

In this study, a ligand-based method, pharmacophore
modeling was applied to extract common and specific
chemical features for three opioid receptor subtypes. Then,
homology models of μ, δ and κ opioid receptors were
constructed based on the crystal structure of β2-AR. And
interactions between each opioid receptor and their specific
agonists were explored by subsequent molecular docking.
At last, docking complexes together with pharmacophore
models were built, with aims to understand the detailed
interactive mode of every subtype-agonist interaction. From
the series of ligand-based or structure-based molecular
modeling, characteristics of each subtype-agonist interac-
tion were clearly described. The specific information for
every subtype would be a useful reference for designing
new analgesics.

Materials and methods

Pharmacophore modeling

Training set selection In order to fulfill the need that the
diversity of compounds is as large as possible both in
scaffold and in activity, tens of references were retrieved.
From these references, 103 specific μ opioid agonists, 130
δ opioid agonists and 92 κ opioid agonists had been
collected. The configuration of all these compounds was
clear. Considering significant structural diversity and wide
coverage of molecular bioactivities, we selected 20, 22 and
21 compounds as training set for μ, δ and κ subtype,
separately. In these training sets, many classic agonists were

included, such as morphine analogues(Cm2) [18], SNC80
analogues(Cd1) [19] and ICI199441(Ck1) [20] (Table 1).
To validate our pharmacophore hypothesis, the rest collect-
ed compounds with available Ki values were used as test
set.

All 2D chemical structures were produced with the ISIS/
Draw version 2.5 drawing program, and the conformational
analysis for each molecule was implemented using the
Poling algorithm [61] and CHARMM force field parameters
[62] within the Catalyst software package. Poling is a
method for prompting conformational variation that forces
similar conformations away from each other. A maximum
number of 250 conformations of each compound were
selected using “best conformer generation” option with a
constraint of 20 kcal mol-1 energy thresholds above the
minimum conformer searched to ensure an exhaustive charac-
terization of conformational space. All other parameters were
kept at their default settings.

Pharmacophore model generation Based on the conforma-
tions for each compound, Catalyst/HypoGen mode was
employed to construct possible pharmacophore models
[63]. Analysis of functional groups on each compound in
training set revealed that four chemical features, hydrogen-
bond acceptor (HBA), hydrophobic group (HY), positive
ionizable point (PI) and ring aromatic group (RA), could
effectively map nearly all of the critical chemical groups.
Hence, these four features were selected to form the
essential information in this hypothesis generation process.
The count of these features was set from 0 to 5, except PI
from 1 to 5, because PI was an essential feature for opioid
receptor agonists.

The pharmacophore model produced by HypoGen
identifies chemical functional features that are typical of
active compounds, thus facilitating their differentiation
from inactive compounds. When generating a hypothesis,
Catalyst/HypoGen attempts to optimize the pharmacophore
models based on the experimental values and the complex-
ity of the hypothesis. The default uncertainty value of three
was used for the compound activity, representing the ratio
of the uncertainty range of measured biological activity
against the actual activity for each compound [64]. To
further test the predictability of these pharmacophore
models, rm

2 is calculated as rm2 ¼ r2» 1� sqrt r2 � r02ð Þð Þ
based on the test set according to Roy and Roy [65].

Homology modeling

On the basis of new β2-AR crystal structure, reliable
homology models of human opioid receptors were built by
program Modeler [66, 67]. In all cases, the one disulfide
bridges in the EL2 were manually defined. For every
alignment, three models were built, and each of them was

J Mol Model (2011) 17:477–493478



subjected to five loop refinements setting the optimization
level to high. The quality of these models was examined in
terms of residue-based probability density function and
residue-based energy, as calculated by Modeler. For every
one of the alignments, the soundest models were chosen for
the subsequent docking experiments.

Molecular docking

Protein and ligand preparation Ligands, such as Cm2, Cd1
and Ck1, were sketched in Maestro and subjected to a
Monte Carlo multiple minimum conformational search
using the OPLS_2005 force field and water as implicit
solvent (surface generalized Born (SGB) model) [68, 69].
The lowest energy conformation of the ligand was used as
the starting point for the docking experiments.

Opioid receptor models were imported into the Maestro
interface of the Schrödinger software and subjected to the
protein preparation workflow to (1) add hydrogens; (2) detect
the disulfide bonds; (3) optimize the H-bond alignment; and
(4) perform a constrained refinement by hydrogens only
option with the impref utility. The impref utility consists of a
cycle of energy minimization based on the impact molecular
mechanics engine and on the OPLS_2001 force field utility,
setting the max RMSD of 0.30. If, at the end of any
minimization cycle, the RMSD of the heavy atoms is greater
than the max RMSD from the original structure, the
calculation terminates and returns the structure resulting
from the previous cycle. Here, it’s unnecessary to optimize
the heavy atoms, so hydrogens only option was selected and
heavy atoms were left in place.

Induced fit docking Molecular docking was performed with
the induced fit docking procedure based on Glide 5.0 and
Prime 2.0, as implemented in the Schrödinger package [70,
71]. The procedure is composed by a Glide SP docking,
followed by a Prime refinement of side chains of the
residues in the binding pocket and then by a final Glide XP
docking of the ligand into the receptor in the refined
conformations.

The docking box of every model was centered on
Tyr150 of μ receptor, Tyr129 of δ receptor and Tyr 139
of κ receptor, and was featured a side of 26 Å. In the initial
Glide SP docking (Glide 5.0), the vdW scaling was set to
0.5 for nonpolar atoms of receptor and ligand. For each
obtained docking pose, a Prime refinement (Prime 2.0) was
performed on all the residues located within 5 Å from the
ligand. Briefly, the Prime refinement starts with the
optimization of the side chains of the selected residues
performed through randomization and subsequent explora-
tion of various combinations of rotamers; the optimization
is followed by a truncated-NeSwton minimization of the
selected residues and the ligand using the OPLS_2000 all-

atom force field for the receptor and OPLS_2001 for the
ligand, treating solvation with the SGB continuum solva-
tion model. All the obtained complexes within an energy
range of 30 kcal mol-1 from the best were passed on to the
final step, in which the ligand was extracted and redocked
with Glide XP (Glide 5.0), with a vdW scaling factor of 0.8
for the non polar atoms of the ligand only.

Mapping above pharmacophore models onto their
corresponding docking complexes

After generating pharmacophore models and docking
complexes, the best pharmacophore models were super-
imposed into the active sites of their corresponding docking
complexes by the protocol implemented in Discovery
Studio 2.1. The pharmacophore features and key residues
were further carefully analyzed.

Results

Pharmacophore modeling

Biological activity data and training set selection

From all available references, we collected all kinds of
agonists with available Ki for every opioid receptor
subtype. From these references, 103 specific μ opioid
agonists, 130 δ opioid agonists and 92 κ opioid agonists
have been collected [10, 18–50]. The structure of all these
compounds was clear.

The compounds were divided into two sets: training set
and test set. The selection of a suitable training set is critical
for the quality of automatically generated pharmacophore
models. We selected training set with following two rules
[72]: (a) both training and test sets should have structures
from each class of compounds to ensure structural diversity.
If one class has only one compound, it was assigned to
training set; (b) both training and test sets should cover
molecular bioactivities (Ki) as wide as possible. If there is
only one compound with maximum or minimum order of
bioactivity in a class, this compound was assigned to
training set.

To ensure the statistical relevance of generated models,
training set should contain a set of diverse compounds
together with their activity values. These should originate
from comparable binding assays and spread equally over at
least 4–5 orders of magnitude. Ligand binding assays were
determined for compounds at μ, δ and κ opioid receptors as
described in detail in many reports [73, 74]. Binding
affinities for μ, δ and κ receptors were determined by
displacing, respectively, 3H-DAMGO, 3H-DPDPE and 3H-
diprenorphine from membranes prepared from cells
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expressing cloned human opioid receptors. Subtype selec-
tivity over other opioid receptors was defined by the ratio
of the Ki values. Each selected compound should be
contributed to its corresponding model, both in terms of
structural features and activity range, yet avoiding redun-
dancy and bias. The most active compounds should be
included because they could illustrate critical information
on pharmacophore requirements.

On the basis of above criteria, representative compounds
were selected as training set (Table 1). As pharmacophore
models were semi-quantitative classification models and for
the purpose of estimation (prediction), all compounds were
classified by their activity as highly active (Ki<10 nM, +++),
moderately active (10 nM≤Ki≤500 nM, ++) or inactive
(Ki>500 nM, +).

Generation of pharmacophore hypotheses

In order to generate a reasonable pharmacophore hypoth-
esis, some parameters must be cared for, such as cost value,
fitness, mapped features, relevance and so on. Among
them, cost analysis was the most important for the quality
of a pharmacophore model.

In addition to generating hypotheses, Catalyst 4.10 also
performed two important theoretical cost calculations
(represented in bit units) directly determining whether any
of pharmacophore hypothesizes was successful. First, Fixed
cost was the cost of an ideal hypothesis, which represented
the simplest model that fitted all data perfectly. Second,
Null cost was the cost of the null hypothesis, which
represents the highest cost of a pharmacophore without
feature and whose estimated activity was the average of the
activity data of the training set molecules. They represented
the upper and lower bounds for generated hypotheses.
According to randomized studies, a cost difference of
40–60 between its Total cost and its Null cost indicates a
75–90% chance of representing a true correlation in the
data.

In Table 2, a set of the best pharmacophore hypotheses
was showed. For every subtype, a set of 10 pharmacophore
hypotheses was generated from corresponding training set.
Parameters of these hypotheses, which included different
cost values calculated during hypotheses generation along
with RMS, Correlation(r) and pharmacophore features.
From Table 2, we could clearly find that, for good
hypotheses, the value of Total cost of each hypothesis was
close to Fixed cost value against Null cost. In this study, for
μ subtype, the Total cost of the best hypothesis was 102.56
and Fixed cost of the run was 80.68. The cost of null
hypothesis for all 10 hypotheses was 168.28. The difference
between Null cost and Total cost was 65.72 bits, which was
over the 60 bits range, so it showed that the top-ranked
hypothesis, Hypo1, had over 90% probability of correlating

the data. For δ and κ subtypes, the differences between Null
cost and Total cost was 89.76 and 61.24 bits, separately,
which was over the 60 bits range, so it showed that the top-
ranked hypothesis for δ or κ, Hypo1, also had over 90%
probability of correlating the data.

Hypo1 showed the best values in all kinds of parameters,
such as the highest ΔCost, error value, the lowest RMS
deviation, and the highest correlation coefficient (Table 2).
Therefore, Hypo1 was selected as the best pharmacophore.
For μ subtype, the best model consisted of four features:
two hydrogen-bond acceptor (HBA), one ring aromatic
(RA) and one positive ionizable function (PI) (Fig. 1a). For
δ subtype, the best model consisted of five features: one
HBA, three hydrophobic points (HY) and one PI (Fig. 1b).
For κ subtype, the best model consisted of five features:
one HBA, two HY, one RA and one PI (Fig. 1c). The
models above also showed spatial arrangement of chemical
features in Fig. 1, and the actual and estimated Ki values of
training set compounds were shown in Table 3.

For the training set in every Hypo1, the most active
molecules were predicted as active (+++), one moderately
active compound, Ck14, was predicted as inactive (+) and two
inactive compounds, Cm19 and Cd19, were predicted as
moderately active (++). For the three compounds, the
difference between their actual and estimated activity ob-
served was about 1 order of magnitude, which might be an
artifact of the program that uses a different number of degrees
of freedom for these compounds to mismatch the algorithm.

The error factor is also reported in Table 3. It shows that
all the molecules in the training set have errors less than 20,
except Ck14, which means that the activity prediction of
these compounds falls between 20-fold greater and 1/20 of
the actual activity. More exciting, most of the molecules
have errors less than 10, which indicates that the activity
prediction of these compounds falls between 10-fold greater
and 1/10 of the actual activity.

Validation of pharmacophore models

Mapping Hypo1 to compounds with highest estimated
values For these active compounds (+++), they should be
completely mapped to respective Hypo1. From Fig. 2, we
could see that all highly active compounds were completely
mapped to Hypo1, separately, and the final conformations
were stretched. Besides, each subtype showed its separate
mapping characteristics from mapping. For example, for μ
subtype, nearly all the compounds in the training set mapped
the two HBA features, which revealed that this feature could
be largely responsible for the high μ subtype molecular
bioactivity.

Activity prediction To validate our pharmacophore, the
other available compounds that are not in the training
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set were used as the test set. Through the simple
validation, we got rational results. For the best hypoth-
esis, the correlation of test set was 0.760, 0.730, and
0.734 for μ, δ and κ subtype, separately (Fig. 3).
Besides, compounds distributed uniformly in accord with
respective structure type. In summary, most of the
compounds in test set were predicted correctly for their
biological activity.

Besides r, we also calculated the r2 and rm
2 values for

the test set [64]. As shown in Table 4, for all the three

subtypes, the r2 values were more than 0.5, while the rm
2

values were less than 0.5, especially for κ subtype.

Homology modeling and molecular docking

After the crystal structure of β2-AR was determined in
2007 [59], it’s very interesting to model opioid receptors
based on the high-resolution crystal structure. From Daniel's
analysis [60], AR-T4L retained high binding affinity for
agonists, and so adrenergic receptor was an excellent

Table 1 Training set of (A) μ, (B) δ and (C) κ agonists. All 2D structures were drawn with program ISIS/Draw, version 2.5
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template for modeling the active receptor before new crystal
structure complexed with agonists was obtained.

3D structures of three opioid receptor subtypes were
modeled by homology modeling (Fig. 4). The RMSD
value of the best models with the template 2RH1 was 1.69,
1.77 and 1.82 respectively for μ, δ and κ subtype. These
models were examined by PROCHECK program. The
results from PROCHECK were very satisfactory: 98% of
these residues of every subtype were placed in the allowed
area, and none of the remains placing in the unallowed area

were key residues. Therefore, these models were reliable
and feasible.

After above homology models were constructed, repre-
sentative ligands, such as morphine analogue, SNC80
analogue and ICI199441, were selected and docked into
them by means of induced fit procedure implemented in
Schrödinger package. For these molecules, the estimated
values were highest. The procedure was used for exploring
the flexibility of both ligands and receptors in the course of
docking process.
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The docking procedure yielded many similar poses. From
them, best results which had a higher score, a more clear
interaction, and a more rational side-chain orientation were
finally selected (Fig. 5). Hydrogen bond interaction is a most
important interaction, and so this interaction should be clear in
the docking results. Side-chain orientation, especially the
aromatic ring, is a critical aspect for correct poses. These side-
chains should not appear clear errors, such as cross or
overlapping and so on. Based on these best complexes, we
could clearly see those key residues which joined receptor-
agonist interaction, and those ones that were related to the
interaction.

Pharmacophore mapping with their corresponding docking
complexes

After docking analysis, ligand poses were extracted and
mapped to corresponding pharmacophore models by
Discovery Studio 2.1. These results (Fig. 6) obtained by
ligand-based and structure-based methods could more
clearly described mode of receptor-ligand interaction than
those only shown by pharmacophore mapping (Fig. 2),
and more clearly than those only shown by docking
analysis.

Discussion

Pharmcophore modeling

Insights into chemical features from Hypo1 of every type

Based on Table 3, we calculated the sensitivity (SE),
which is defined as (true positives)/(true positives + false
negatives) and specificity (SP), which is defined as (true
negatives)/(true negatives + false positives) for the best
models. From Table 4, we could see that SE value for
every subtype was much larger than its respective SP
value. Therefore, we could say that the best models were
very sensitive to active compounds. According to new rm

2

method, we also calculated the r2 and rm
2 values in

Table 4 [65]. For all three subtypes, the r2 values were
more than 0.5, and therefore our pharmacophore models
were acceptable. However, in accord with Ref. [65],
simple r2 is not a good indicator of predictability of
models, and then it’s necessary to provide rm

2 values.
Table 4 shows all the rm

2 values of models for three
subtypes were less than 0.5. rm

2 values were not
acceptable reflecting considerable differences in r2 and
r0

2 values, especially for κ subtype. And this indicates the
predictability of the models may not be very high. This
may be caused by great diversity in molecular structure
type and biological activity.T

ab
le

2
R
es
ul
ts
of

to
p
10

ph
ar
m
ac
op

ho
re

hy
po

th
es
es

ge
ne
ra
te
d
fr
om

ea
ch

tr
ai
ni
ng

se
ta
us
in
g
pr
og

ra
m

C
at
al
ys
t/H

yp
oG

en

μ
op

io
id

ag
on

is
ts
hy

po
th
es
is

δ
op

io
id

ag
on

is
ts
hy

po
th
es
is

κ
op

io
id

ag
on

is
ts
hy

po
th
es
is

N
o.

F
ea
tu
re
sb

To
ta
l
co
st

Δ
co
st

C
or
.(
r)

N
o.

F
ea
tu
re
s

To
ta
l
co
st

Δ
co
st

C
or
.(
r)

N
o.

F
ea
tu
re
s

To
ta
l
co
st

Δ
co
st

C
or
.(
r)

H
m

c 1
A
A
P
R

10
2.
56

65
.7
2

0.
94

8
H
dc
1

A
H
H
H
P

11
2.
79

89
.7
6

0.
93

0
H
kc
1

A
H
H
P
R

10
2.
41

61
.2
4

0.
91

0

H
m
2

A
A
P
R

10
5.
23

63
.0
5

0.
90

9
H
d2

A
H
H
H
P

11
4.
58

87
.9
7

0.
92

3
H
k2

A
H
H
P
R

10
7.
08

56
.5
7

0.
87

7

H
m
3

A
A
P
R

10
5.
97

62
.3
1

0.
91

0
H
d3

A
H
H
H
P

12
0.
40

82
.1
5

0.
88

4
H
k3

A
H
P
R

11
1.
35

52
.3
3

0.
86

3

H
m
4

A
A
P
R

10
7.
01

61
.2
7

0.
90

6
H
d4

A
H
H
H
P

12
9.
51

73
.0
4

0.
85

0
H
k4

A
H
P
R

11
2.
57

51
.0
8

0.
85

3

H
m
5

A
A
P
R

11
1.
40

56
.8
8

0.
84

7
H
d5

A
H
H
H
P

13
7.
25

65
.3
0

0.
80

5
H
k5

A
H
P
R

11
3.
85

49
.8
0

0.
83

5

H
m
6

A
A
P
R

11
1.
72

56
.5
6

0.
85

6
H
d6

A
H
H
H
P

14
2.
27

60
.2
8

0.
75

2
H
k6

A
H
H
P
R

11
4.
21

49
.4
4

0.
83

2

H
m
7

A
A
P
R

11
3.
52

54
.7
6

0.
83

0
H
d7

A
H
H
H
P

15
3.
85

48
.7
0

0.
68

9
H
k7

A
H
H
P
R

11
4.
67

48
.9
8

0.
82

8

H
m
8

A
A
H
P

11
3.
78

54
.5
0

0.
82

9
H
d8

A
H
H
P
R

15
7.
94

44
.6
1

0.
66

6
H
k8

A
H
P
R

11
5.
03

48
.6
2

0.
83

4

H
m
9

A
A
P
R

11
3.
81

54
.4
7

0.
82

6
H
d9

A
H
H
P
R

15
8.
78

43
.7
7

0.
66

1
H
k9

A
H
P
R

11
5.
07

48
.5
8

0.
82

5

H
m
10

A
A
P
R

11
4.
94

53
.3
4

0.
81

7
H
d1

0
A
H
H
P
R

15
8.
82

43
.7
3

0.
66

1
H
k1

0
A
H
P
R

11
5.
32

48
.3
3

0.
84

5

a
F
or

μ
su
bt
yp
e,
N
ul
lc
os
t
=
16

8.
28

;F
ix
ed

co
st
=
80

.6
8;

C
on
fi
gu

ra
tio

n
co
st
=
12

.2
8;

F
or

δ
su
bt
yp
e,
N
ul
l
co
st
=
20

2.
55

;
F
ix
ed

co
st
=
86

.3
7;

C
on

fi
gu
ra
tio

n
co
st
=
11
.2
5;

F
or
κs
ub

ty
pe
,N

ul
l
co
st
=
16

3.
65

;F
ix
ed

co
st
=
85

.4
1;

C
on
fi
gu

ra
tio

n
co
st
=
13

.6
5.

A
ll
co
st
un

its
ar
e
in

bi
ts
.
C
on

fi
gu
ra
tio

n
co
st
:
a
F
ix
ed

co
st
w
hi
ch

de
pe
nd
s
on

th
e
co
m
pl
ex
ity

of
th
e
hy

po
th
es
is
sp
ac
e
be
in
g
op

tim
iz
ed

b
A
,
hy
dr
og
en
-b
on
d
ac
ce
pt
or
;
H
,
hy
dr
op
ho
bi
c
fe
at
ur
e;

P,
po
si
tiv

e
io
ni
za
bl
e
fe
at
ur
e;

R
,
ar
om

at
ic

ri
ng

fe
at
ur
e

c
H
m

is
th
e
sh
or
tc
ut

of
th
e
hy

po
th
es
is
of

m
u
su
bt
yp
e,

H
d
is
th
at

of
de
lta

an
d
H
k
is
th
at

of
ka
pp
a

J Mol Model (2011) 17:477–493484



From the above description, we known that the best
pharmacophore models for μ, δ and κ agonists contained
four, five and five features, respectively. For μ subtype, the
best model consisted of four features: two hydrogen-bond
acceptor (HBA), one ring aromatic (RA) and one positive
ionizable function (PI) (Fig. 1a). For δ subtype, the best
model consisted of five features: one HBA, three hydro-
phobic points (HY) and one PI (Fig. 1b). For κ subtype, the
best model consisted of five features: one HBA, two HY,
one RA and one PI (Fig. 1c).

In these Hypo1, PI feature was a common characteristic for
every subtype. Therefore PI was an essential feature in opioid-
agonist interaction. This characteristic could also be found
from many experiments and computational models. From
these Hypo1, we also found that μ agonists could form two
strong hydrogen bonds, while δ and κ ones form only one; and
that δ and κ agonists could formmany HY, while μ ones could
form only one RA. These results showed that HBA feature
played an important role in activating analgesia for μ agonists,
whereas HY feature played an important role in activating δ
and κ subtype interaction.

Comparison with reported models

A summary supported by computer modeling studies was
done by Filizola et al. who pointed out the chemical,
structural and physicochemical properties of μ, δ and κ
opioid agonists [75]. From 12 selected opioid agonists
(morphine, hydromorphone, nalbuphine, xorphanol, butor-
phanol, dezocine, etorphine, fentanyl, lofentanyl, carfen-
tanyl, SIOM and COMP1), the chemical moieties common
to three different sets of opioid receptor agonists with
significant affinity for each of the three receptor types, μ, δ

or κ were identified. Using a distance analysis approach,
common geometric arrangements of these chemical moie-
ties were found for selecting μ δ or κ subtype agonists.
They may be regarded as the non-specific recognition
motifs engaged in the non-specific 3D recognition pharma-
cophore at μ δ and κ opioid receptors. Analysis of these
properties suggested that agonists at δ have the unique
requirement of larger volume and agonists at μ have the
unique requirement of larger free energy of solvation. It
could be said that our pharmacophore models were in
accord with these results. Larger volume needed more HY
features, and larger free energy of salvation needed more
hydrogen binding interaction.

Recently, Singh et al. constructed a 3D pharmacophore
model of salvinorin A derivatives using Catalyst software
[76]. Their pharmacophore model consisted of two HBA
and three HY. That was in agreement with our models
except for one positive ionizable group feature. As is
known, opioid receptor ligands require protonated nitrogen
for high affinity binding. However, salvinorin A is a
structurally unique, non-nitrogenous κ opioid receptor
agonist; it does not agree with any of the currently accepted
pharmacophores of κ opioid receptor ligands, or opioid
pharmacophores in general, and demonstrates a new
structural class of κ opioid receptor agonists. Therefore,
we could say that salvinorins were a very special kind of
molecule.

Analysis of opioid receptor-agonist interaction
from homology modeling and molecular docking

In above pharmacophore models, we had obtained a general
view of chemical features for every opioid subtype

Fig. 1 The best hypothesis models produced by the HypoGen module
in Catalyst4.10 software package. (a), (b) and (c) were the agonist-
pharmacophore models of μ δ and κ subtype, separately. Pharmaco-

phore features are color-coded with light-blue for HY, red for PI, green
for HBA and. orange for RA. All distances between pharmacophore
features are reported in angstroms
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agonists. Then, structure-based methods were applied for
further understanding specific receptor-agonist interaction.
According to these complexes obtained by homology
modeling and molecular docking, we could clearly see
specific residues interacting with agonists and space-
arrangement of all kinds of common chemical features.
Therefore, from the large amount of information above, we
could be detailed in analysis of receptor-agonist interaction
for every subtype.

μ opioid receptor-agonist interaction

From docking complexes, we could see specific residues
forming different kinds of interaction, such as hydrogen-
bond interaction, ionic interaction and so on.

In the complex of μ subtype and Cm2 (Fig. 5a), there
was an ionic interaction between the cationic amino group
of Cm2 and carboxylate side chain of Asp149 in TMIII. For
μ subtype, the amino acid residue Asp149 in TMIII was
predicted to be a key binding site of the cationic amino
group in μ selective ligands by mutation studies of opioid
receptors [77]. Also, the phenolic hydroxy group of Cm2
could form one hydrogen bond with the phenolic hydroxyl
group of Tyr150 at TMIII, which was proposed to be major
forces for binding agonists.

At the same time, enol group of Cm2 should form a
hydrogen bonding interaction from pharmacophore map-
ping (Fig. 2a). Although no reasonable hydrogen bond was
formed in this complex, enol group of morphine and
imidazole group of His299 at TMVI was very close, and
thus the third hydrogen bonding interaction was very
probably formed between them.

Our results were supported by other experimental results.
Chimeric receptors of μ and δ subtypes were expressed
systematically and applied for structure-activity relationship
SAR) studies to elucidate the ligand binding site of the
receptors. As a result, it was proposed that the TMV-VII
domains of the μ opioid receptor were involved in
recognition and binding of morphine [78]. Previous
modeling based on the experiments was in agreement with
our study [79].

δ opioid receptor-agonist interaction

From Fig. 5b, two residues, Asp128 and Tyr129 at TMIII,
the same as those in μ subtype, were key residues
functioning to bind agonists. The carboxyl group of
Asp128 at TMIII formed an ionic interaction with the
cationic amino group (N-terminal) of Cd1. The side chain
of Tyr129 at TMIII formed a hydrogen bond with the
carbonyl group of Cd1. Meanwhile, many hydrophobic
residues were around those hydrophobic groups in com-
pound Cd1. So many hydrophobic interactions were in δ
subtype-agonist complex, and therefore, we could affirm
that hydrophobic interaction was greatly attributed to
binding agonists.

Besides complete consistency with above pharmaco-
phore mapping, our results were in accord with those of
Pogozheva et al. They studied the interaction of
BW373U86 binding to δ opioid receptor and found that
there was an ionic interaction between the ligand and the
side chain carboxyl group of Asp128 at TMIII [80].
Moreover, their interactions consisted of particularly large
amounts of hydrophobic interaction.

Fig. 2 Pharmacophore mapping of the conformations of these
representatives, Cm2, Cd1 and Ck1, was produced by Catalyst4.10
software. (a), (b) and (c) were the pharmacophore mapping complexes

of μ δ and κ subtype, separately. Pharmacophore features are color-
coded with the same as Fig. 1

J Mol Model (2011) 17:477–493 487



κ opioid receptor-agonist interaction

In κ subtype-Ck1 complex (Fig. 5c), like μ and δ subtype,
the carboxyl group of Asp138 at TMIII formed an ionic
interaction with the cationic amino group (N-terminal) of
Ck1. The ionic interaction could be confirmed by previous
site-directed mutagenesis studies and molecular dynamics
simulation of the receptor-ligand complex [54, 81, 82].

It could also be seen that there was a hydrogen bonding
interaction between the side chain of Tyr312 at TMVII and
the carbonyl group of Ck1. This hydrogen bond was a
specific interaction for κ subtype, which was not found in μ
and δ subtype. There were also a few experiments
certifying the key residue, Tyr312, in binding agonists [83].

In Fig. 5c, a π-π interaction could be clearly found between
aromatic functionality of Tyr139 at TMIII and the phenyl
group of Ck1. This interaction was greatly different with that
in μ and δ subtype. Whether this π-π interaction was a key
factor for selectivity of κ subtype was still needed to be
verified.

Analysis from docking complexes together
with pharmacophore models

Further modeling was carried on by pharmacophore
mapping onto docking complexes (Fig. 6). Their interactive
graphs of three subtype-agonist complexes together with
common features were clearly shown. Therefore, we could
easily analyze their interaction from these new complexes.

�Fig. 3 Graphs showing the correlation between experimental and
predicted activities (pKi = -logKi) of training set and test set were
produced. These sets belong to Hypo1 of every subtype. (a), (b) and
(c) were the correlation of μ, δ and κ subtype, separately. Correlation
was color-coded with red points for training set compounds, and black
boxes for test set compounds. The red line was the correlation curve of
training set

Table 4 Sensitivity and specificity of training set for the best models
and rm

2 values of the test set compounds

SEa SPb r2 rm
2c

μ opioid agonists 16 0.25 0.577 0.435

δ opioid agonists 0.94 0.83 0.532 0.436

κ opioid agonists 17 0.25 0.539 0.283

a SE: sensitivity, which is defined as (true positives)/(true positives + false
negatives) for the best models
b SP: specificity (SP), which is defined as (true negatives)/(true negatives
+ false positives)
c rm

2 [65]: a statistic for external validation. The parameters r2 and r0
2

are squared correlation coefficient values between observed and predicted
response values of the test set compounds with and without intercept
respectively

J Mol Model (2011) 17:477–493488



Firstly, above analysis, for example, residue Asp
which could form ionic interaction in TMIII and all
kinds of hydrogen bonds were clearly seen. Secondly,
hydrophobic interaction playing a key role was also
easily found, which was difficult both in solo pharma-
cophore models and docking complexes. For example, in
δ subtype, those hydrophobic residues, Phe222, Trp274
and Ile304 were picked out, because they were closer to

HY feature than other hydrophobic residues. Same as δ
subtype, in κ subtype, a hydrophobic residue, Phe214,
was picked out

Implication for selective opioid agonist design

As is well known, designing specific κ opioid receptor
agonists is a very interesting topic for developing new

Fig. 4 The alignment of every
subtype with β2-AR crystal
structure was produced by the
Prime module in Schrödinger
package. The residues were dis-
played by Residue Matching
mode. Different matching resi-
dues were shown by different
color

Fig. 5 The docking of the homology models of all subtypes with their representative agonists were produced by Induced Fit Docking program in
Schrödinger package. (a) (b) and (c) were docking complexes of μ-Cm2, δ-Cd1 and κ-Ck1, separately

J Mol Model (2011) 17:477–493 489



analgesics. From above discussion, we saw that a
hydrogen bonding interaction between the side chain of
Tyr312 at TMVII and the carbonyl group of Ck1 was
formed, whereas there was no strong interaction for μ or
δ subtype in that position. Besides, κ agonists could
form a π-π interaction with Tyr139 at TMIII, whereas μ
and δ ones formed one hydrogen bond separately in that
place. Given above different interaction, we should take
suitable measures to design new selective κ agonists,
such as strengthening the polarity around the carbonyl
group of Ck1, besides, eliminating the polarity around
the phenyl group of Ck1 or replacing the groups at this
position with aromatic rings.

Pharmacophore mapping onto docking complexes
should be a practical method to more clearly show
receptor-ligand interaction. By this method, hydrophobic
interaction which played a key role in binding agonists
could also be clearly shown, especially for δ subtype. When
we design new δ subtype agonists, we can strengthen the
hydrophobic interaction around those residues, Phe222,
Trp274 and Ile304, by transforming a few hydrophobic
groups.

Conclusions

In the above work, ligand-based and receptor-based drug
design methods were implemented together and subtype
characteristics of opiod agonists were clearly described.

Three high-quality pharmacophore models of opioid
receptor subtype agonists were generated by the Catalyst/
HypoGen program. The best pharmacophore models for
μ, δ and κ agonists contained four, five and five
features, respectively. The pharmacophore mapping con-
formations were extended. To validate our pharmaco-
phore further, the other available compounds were used
as test set. For the best hypothesis of three subtypes, the
correlation of μ δ and κ agonists was 0.760, 0.730 and
0.734, separately. Every kind of compounds distributed
uniformly. Therefore, these pharmacophore models could
be used for virtual screening.

Meanwhile, the three-dimensional structures of three
receptor subtypes were modeled based on the crystal
structure of β2-adrenergic receptor, and induced-fit
docking was conducted further. According to the phar-
macophore models and docking results, the similarities
and differences among three types of agonists were
identified. Almost all the ligands had an ionic interaction
with residue Asp in the third transmembrane helix
(TMIII). The differences among them were also obvious.
μ agonists could form two strong hydrogen bonds,
whereas δ and κ ones form many hydrophobic inter-
actions; κ agonists could form strong hydrogen bond
with Tyr at TMVII, whereas that interaction was not
found in δ and μ ones; δ and μ ones could form one
hydrogen bond with the Tyr at TMIII, whereas κ ones
form a π-π interaction, which should be crucial for the
development of novel selective analgesic drugs.

Fig. 6 The best pharmacophore models were superimposed into the
active sites of their corresponding docking complexes by the protocol
implemented in Discovery Studio 2.1. (a), (b) and (c) were the

mapping complexes of pharmacophore models and docking com-
plexes of μ, δ and κ subtype, separately. Pharmacophore features are
color-coded the same as Fig. 1
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