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Recent work implicating the cannabinoid receptors in a wide range of human pathologies has intensified
the need for reliable QSAR models for drug discovery and lead optimization. Predicting the ligand selec-
tivity of the cannabinoid CB1 and CB2 receptors in the absence of generally accepted models for their
structures requires a ligand-based approach, which makes such studies ideally suited for quantum-chem-
ical treatments. We present a QSAR model for ligand–receptor interactions based on quantum-chemical
descriptors (an eQSAR) obtained from PM3 semi-empirical calculations for a series of phenyl-substituted
cannabinoids based on a ligand with known in vivo activity against glioma [Duntsch, C.; Divi, M. K.; Jones,
T.; Zhou, Q.; Krishnamurthy, M.; Boehm, P.; Wood, G.; Sills, A.; Moore. B. M., II. J. Neuro-Oncol., 2006, 77,
143] and a set of structurally similar adamantyl-substituted cannabinoids. A good model for CB2 inhibi-
tion (R2 ¼ 0:78) has been developed requiring only four explanatory variables derived from semi-empir-
ical results. The role of the ligand dipole moment is discussed and we propose that the CB2 binding pocket
likely possesses a significant electric field. Describing the affinities with respect to the CB1 receptor was
not possible with the current set of ligands and descriptors, although the attempt highlighted some
important points regarding the development of QSAR models.

� 2009 Elsevier Ltd. All rights reserved.
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1. Introduction

Cannabinoids represent an exciting class of compounds for the
development of novel therapeutic agents.1–5 These compounds are
generally divided into three structural classes; endocannabinoids
(e.g., anandamide and 2-arachidonylglycerol), nonclassical cannab-
inoids (e.g., CP 55,940 and WIN-55,212-2), and classical cannabi-
noids. The classical cannabinoids (see Fig. 1) are defined by the
natural products of the Cannabis sativa from which the two active
components D9- and D8-tetrahydrocannabinol (THC) are derived,
with D9-THC being the major constituent. These compounds pri-
marily target the CB1 and CB2 receptors, though interactions with
other receptor types are known.5–8 The CB2 receptors had been
thought to reside exclusively in smooth muscle and immune cells
but have been recently identified in the brain.9,10 The CB1 receptors
are located primarily in the central nervous system with action at
CB1 being responsible for the psychotropic properties.11–13

The range of human diseases in which cannabinoids have
been implicated is truly remarkable, including glioma,14–18,7,19,20

pancreatic tumors,21,22 Alzheimer’s disease,23 inflammation,24–26
ll rights reserved.
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amyotrophic lateral sclerosis,27 obesity,28 colon cancer,29 liver
fibrosis,30 leukemia,31 prostate cancer,32 and glaucoma.33,34 Of
particular interest to medicinal chemistry is the ability of THC to
cross the blood brain barrier. Because of this property, the central
tricyclic moiety of classical cannabinoids makes an attractive scaf-
fold for development of novel lead compounds with applications in
the treatment of neurological disorders.35,36

Due to the wide range of potential applications for these
compounds, a great deal of effort has been expended in the devel-
opment of compounds targeted at the two known cannabinoid
receptors (CB1 and CB2).1,37,38,3,39–47 In the absence of good struc-
Figure 1. Numbering scheme for D8-THC. The ring systems are labeled A, B and C
from right to left with Ring A containing the C1 hydroxyl group and Ring B
containing the cyclic oxygen atom. All substituents included in the present study
(see Table 1) are substitutions at the C3-position.
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tural data on the receptor binding pockets QSAR studies are partic-
ularly valuable. Despite the potential utility of such models there
have been surprisingly few studies to accompany the wealth of
experimental investigations.48 Previous quantitative structure–
activity relationship (QSAR) models49–51,48,52–54 have used 3D
CoMFA and CoMSIA analyses to develop models of receptor bind-
ing and inhibition based on steric and electrostatic considerations.

We have previously proposed that the electronic structure of
the phenyl-substituted cannabinoids plays an important role in
determining binding affinity with respect to the CB2 receptor.55

Combined with the existing body of knowledge based on more tra-
ditional QSAR approaches such insights could be a powerful tool
for the design of novel cannabinoids with improved potency and
selectivity. The present work strives to develop QSAR models based
on quantum-chemical descriptors (which we term eQSAR) easily
derived from semi-empirical calculations. The application of such
methods is well-established56–63 and an excellent review on the
subject is available from Karelson et al.64 Previous computational
work on cannabinoid ligands65–67 has used a combination of meth-
ods although only Honório and da Silva68 have attempted to devel-
op an eQSAR using semi-empirical calculations. However, that
work simply classified compounds as psychoactive or psychoinac-
tive and did not include any specific binding data for the ligands.
2. Results and discussion

Selection of the compounds for inclusion in the present study was
based on several criteria. Of primary importance was the availability
of binding data for both receptor subtypes. Compounds without spe-
cific data for both CB1 and CB2 were removed from consideration.
Similar structures were desired to minimize steric effects in order
to focus on the relevant electronic structure parameters. Lastly, we
desired compounds with systematic differences in substitution posi-
tion and bonding patterns. The present set of compounds, given in
Table 1, allows us to study potentially subtle electronic effects
through related derivatives. Another attractive feature of these com-
pounds is that the scaffold molecule, KM-233 (compound 6), has
been shown to have efficacy versus glioma with in vivo xenograft
experiments.17 The synthesis, characterization and binding assays
for Compounds 6 through 22 have been described elsewhere.85 Com-
pounds 1 through 5 were described in a recent paper by Lu et al.65

and offer structural features similar to the KM-233 series with subtle
variations in bonding patterns.

Results from the receptor binding assays85,65 reveal some
intriguing relationships for these two classes of compounds. With-
in the KM-233 series, the dependence of KiðCB2Þ on substitution
position within the halogen series is particularly interesting. The
effect is most pronounced with the fluoro-substituted derivatives
(8 and 15) where substitution at the para position versus the meta
position yields a nearly 14-fold change (12.40 vs 0.90 nM). Consid-
ering the close similarity of these structures and the free rotation
about the C10–C20 bond, it is unlikely that this effect is due to steric
considerations and suggests an electronic contribution. Further-
more, the results for CB1 in the halogen-substituted series (com-
pounds 15, 16 and 17) suggest a role for the electronic structure
as the Ki decreases with the decreasing electron withdrawing
power of the substituents, ranging from 76.1 nM for the fluoro-
substituted derivative to 5.03 nM for the bromo-substituted
derivative. Results for the adamantyl compounds show a similar
dramatic change in Kið CB2Þ between AM755 and AM757
(compounds 4 and 5), which differ only by a double-bond at the
C10 position. This small perturbation in the chemical bonding
induces a nearly ninefold increase in activity, from 76.0 nM to
8.90 nM, providing further evidence for the importance of subtle
differences in the electronic structure.
As a validation of the semi-empirical method for determining
the ligand geometries the s1 (rotation about the C3–C10 bond)
and s2 (rotation about the C10–C20 bond) angles calculated for three
of the derivatives have been compared against available NMR data
(see Table 2). This analysis shows differences of less than 20 de-
grees for all but one of the dihedral angles with respective average
absolute differences in s1 and s2 angles of 13.01 and 8.18 degrees
for the p-fluoro derivative, 5.83 and 3.24 degrees for the m-fluoro
derivative, and 6.94 and 5.02 for the thiophene derivative. These
results are consistent with our previous analysis on structurally
similar compounds.69

Lu et al.65 performed semiempircal calculations similar to those
reported here (see Section 3) using the AM1 model Hamiltonian
yielding structures for the individual conformers that are extre-
mely similar to our PM3 results. Based on these results, they have
argued that steric differences arising from the addition of the dou-
ble bond (see Fig. 4 in their paper) can explain this observation.
Our own comparison of the set of conformers for these two com-
pounds reveals that the difference in the spatial distributions for
these two compounds is minimal. The calculated RMSD values
for the sets of conformers obtained for these two derivatives are re-
ported in Table 3 and demonstrate significant overlap between the
two sets indicating that the two compounds are capable of occupy-
ing similar spatial regions. Additionally, we would point out that
an analysis of the conformational space available to each is unli-
kely to account for the differences associated with the biologically
active conformations. Such an analysis might be more convincing if
rotation about the s1 and s2 angles were hindered but this is not
the case for these molecules. In the case of AM757, the adamantyl
sidechain does occupy slightly more space near Ring A but we be-
lieve that these small structural differences are unlikely candidates
for explaining the experimental data. The nearly order-of-magni-
tude difference in binding for these two compounds is likely due
to electronic effects caused by interactions of the p-electrons of
the double bond with the aromatic p-electron density of Ring A.

To investigate the role of electronic structure factors in the
binding of these compounds we undertook a statistical analysis
to construct an eQSAR model for predicting Ki. Such an analysis
of the role electronic properties play in receptor binding requires
that either a particular conformer be selected to represent each
compound in the analysis or that we employ average quantities,
such as those obtained from Boltzmann averaging. For the present
study, we have chosen the first approach as we feel a proper
description of the biologically active conformer is more directly
relevant to predictions of inhibition.

The absence of accepted crystal structures for the cannabinoid
receptors precludes a traditional structure-based analysis to deter-
mine the appropriate set of conformers. We instead focus on the
properties of the ligands to make inferences about the ligand bind-
ing pocket. A comparison of the lowest-energy conformers (in
terms of calculated free energy) is given in Figure 2 a for KM-233
(the scaffold molecule) and the other derivatives with KiðCB2Þ <
1:0 nM. In combination with the high affinities seen in the receptor
binding assays, the remarkable similarity between the structures
suggests a potential biologically active conformation for these can-
nabinoids. Using KM-233 as a reference molecule, the RMSD values
for the structures in Figure 2 were calculated revealing nearly iden-
tical structures for the m-bromo derivative (10), the m-cyano
derivative (12) and the m-fluoro derivative (8), with RMSD values
of 0.006, 0.015, and 0.007, respectively. The RMSD values for
compounds with KiðCB2Þ > 1:0 nM were all 0.2370 or larger. Based
on the structural similarities and the low Ki values for these, we
hypothesize that the biologically active conformers for the CB2

receptor will likely resemble the lowest-energy conformations
for these four molecules. Hypothetical biologically active conform-
ers were therefore selected based on molecular alignment with



Table 1
Cannabinoid compounds included in the present study

Compound Structure KiðCB1Þð nMÞ KiðCB2Þ ðnmÞ

D8–THC

O

OH
28.5 ± 3.30 25.0 ± 4.80

1 AM411 6.80 ± 0.80 [35.7] 52.00 ± 5.00 [26.0]

2 AM744 34.90 ± 5.90 [40.13] 14.00 ± 2.30 [40.86]

3 AM729 29.3 ± 2.9 [51.6] 26.9 ± 4.2 [45.5]

4 AM757 79.7 ± 11.40 [43.2] 76.0 ± 12.20 [32.8]

5 AM755 48.6 ± 3.80 [16.4] 8.90 ± 0.70 [9.21]

6 KM-233 12.3 ± 0.61 [4.06] 0.91 ± 0.08 [1.07]

7 KM-233-3,5-dimethyl 11.0 ± 1.67 [4.98] 7.45 ± 0.38 [2.68]

8 KM-233-m-fluoro

F

5.26 ± 0.94 [22.2] 0.90 ± 0.02 [4.18]

9 KM-233-m-chloro

Cl

2.80 ± 0.05 [6.92] 3.54 ± 0.71 [1.51]

10 KM-233-m-bromo

Br

1.59 ± 0.16 [4.68] 0.54 ± 0.03 [1.19]

11 KM-233-m-methyl 2.53 ± 0.54 [6.44] 1.13 ± 0.02 [1.66]

12 KM-233-m-cyano

C
N

2.72 ± 0.29 [2.69] 0.91 ± 0.05 [0.84]

13 KM-233-m-acetamide
HN

O

13.7 ± 1.88 [11.0] 13.6 ± 1.62 [18.8]

14 KM-233-o-methyl 34.4 ± 2.84 [14.4] 10.65 ± 1.27 [7.87]

15 KM-233-p-fluoro

F
76.1 ± 1.55 [34.7] 12.40 ± 0.24 [6.05]

16 KM-233-p-chloro

Cl
18.8 ± 1.39 [6.60] 1.68 ± 0.20 [1.45]

17 KM-233-p-bromo

Br
5.03 ± 0.39 [3.96] 1.54 ± 0.16 [1.04]
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Table 3 (continued)

Compound Structure KiðCB1Þð nMÞ KiðCB2Þ ðnmÞ

18 KM-233-p-cyano
C

N

9.25 ± 0.23 [7.80] 2.53 ± 0.23 [2.04]

19 KM-233-p-methyl 3.13 ± 0.37 [6.11] 0.88 ± 0.05 [1.59]

20 KM-233-p-ethyl 1.85 ± 0.16 [4.35] 0.67 ± 0.05 [2.38]

21 KM-233-p-propyl 1.77 ± 0.20 [2.03] 7.83 ± 0.79 [5.78]

22 KM-233-thiophenyl
S

1.08 ± 0.04 [1.40] 0.27 ± 0.01 [0.30]

Side chains represent the substitution at the C3 position as indicated in Figure 1. The data for Compounds 1 through 5 were taken from Lu et al.65 Predicted values are given in
square brackes and were obtained from Eq. 1 for KiðCB2Þ and from the rejected model in the text for KiðCB1Þ.

Table 2
Calculated versus experimental torsion angles (in degrees) for selected cannabinoid
derivatives

Compound NMR angles Structure PM3 results

s1 s2 s1 s2

Thiophene 330 125 A 324 128
140 130 I 144 128

40 225 L 36 233
235 225 H 221 232

p-Fluoro 310 320 H 320 320
240 260 E 224 224
210 40 B 225 40
150 140 F 137 136

30 40 G 41 40

m-Fluoro 30 40 M 48 40
130 130 J 137 136

40 220 K 41 223
220 220 I 224 223

The s1 angle is defined as the C2–C3–C10–C20 angle and the s2 angle is defined as
the C3–C10–C20–C30 angle. In each case, the C20 atom is taken as the bridgehead
carbon, with the C30 atom adjacent and belonging to the associated ring system.

Table 3
Calculated RMSD values for the conformers of AM755 and AM757

AM757 conf. AM755 conf.

A B C D

A 2.956 1.617 2.832 1.755
B 2.889 1.610 2.767 1.789
C 2.803 1.519 2.705 0.681
D 1.582 2.727 1.517 3.200
E 1.629 2.976 1.616 3.052
F 1.651 2.747 1.608 2.799
G 2.924 1.640 2.796 1.723
H 1.638 2.717 1.571 3.221
I 2.742 1.580 2.643 0.649
J 1.621 3.471 1.708 3.503
K 3.541 1.662 3.420 1.724
L 1.679 3.493 1.760 3.565
M 3.585 1.791 3.462 1.723
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KM-233 (as shown in Fig. 2b) using the largest possible subset of
atoms. The selected conformers for all 22 compounds are given
in Table 4 and the accompanying Supplementary data contains
the complete set of PM3 results for all conformers of each com-
pound. Similar alignments were obtained for the compounds with
KiðCB1Þ < 1:0 nM (as shown in Fig. 3) with RMSD values for the
structures of 0.010 (p-ethyl), 0.006 (p-propyl) and 4.278 (thio-
phenyl) using the m-bromo derivative as the reference structure.
In the worst case, the differences between compounds 10 and 22
are attributable to different torsion angles for the thiophene ring
as compared to the phenyl substituent. However, the figure clearly
shows that these two groups occupy the same region of space. The
similarity between the best CB2 and CB1 binders suggests that
using a distinct set of conformers for developing the QSAR for
KiðCB1Þ would be unnecessary.

For this set of biologically active conformers, a set of 29 molec-
ular descriptors was selected from the semi-empirical results. The
complete set of descriptors (see Table 5) and the definition of the
derived quantities is given in Section 3. An examination of Figs. 2
and 3 suggests that the dipole moment of the ligands may play a
role in determining binding affinity, which prompted the inclusion
of these terms in the QSAR models.

As many of the molecular descriptors are related explicitly
through an algebraic form or phenomenologically (e.g., DHf and
Eaq, DG� and DSVib:), issues of multicollinearity were a concern in
attempting multiple linear regression. Multicollinearity is a prop-
erty of linear regression models containing explanatory variables
that are strongly correlated with each other. Variance inflation
factors70 are a formal method for detecting the presence of multi-
collinearity in a linear regression model and are defined as

VIFi ¼ ð1� R2
i Þ
�1

where R2
i is the coefficient of multiple determination (or multiple cor-

relation coefficient) obtained when the ith explanatory variable is re-
gressed against the remaining variables in the model. Values of the
variance inflation factors (VIFs) greater than 10 are indicative of unac-
ceptably large collinearity among the explanatory variables, with an
ideal value of unity indicating that there is no such correlation.

We created several categories of explanatory variables and
required potential models to contain no more than one variable
from each of these categories as a means to avoid potential multi-
collinearity. Categories for total energy (DHf , Esolv and Eaq), shape
(V, A and O), orbital energy terms (eHOMO, eLUMO, v, g, 1=g, x and
hai) and vibrational energy terms (DG�, DH, DHVib:, DS, DSVib:,
DSRot:, DSTrans:) were used. The remaining descriptors were omitted
from the categorical selection rules. This effectively reduced the
number of potential explanatory variables while removing terms
that were explicitly covariant from potential models. With the lim-
ited number of parameters and small data set an all-possible-
regressions analysis (with all first- and second-order terms) was
possible and we undertook a comparison of the best possible
models with the results of a stepwise linear regression analysis
using the reduced set of potential explanatory variables and the
logðKiÞ values as the response variables. Potential models were



Table 4
The hypothesized biologically active conformers for the compounds included in the
present study

Compound Biologically
active conformer

Total number
of conformers

DDG�

(kcal/mol)

1 B 2 0.00
2 A 2 0.34
3 D 4 0.13
4 I 13 0.00
5 D 4 0.00
6 E 7 0.00
7 L 18 0.00
8 J 14 0.00
9 J 14 0.00
10 J 14 0.00
11 N 21 0.00
12 J 14 0.00
13 N 57 0.84
14 J 14 0.33
15 F 13 1.86
16 J 14 0.33
17 F 8 0.02
18 F 8 0.09
19 F 8 0.00
20 J 14 0.01
21 L 16 0.00
22 AM 48 0.00
23 F 8 0.01

The conformer designation corresponds to the entries in Supplementary data. The
total number of conformers represents the number of conformers identified by the
conformational search procedure described in the text.

Figure 3. Superposition of the lowest-energy conformers in terms of calculated free
energy for the high-affinity CB1 compounds 10, 20, 21 and 22. As with Figure 2, the
structures are drawn with transparent surfaces and the dipoles have been scaled by
a factor of two. Calculated dipole moments are colored according to the following
key orange: 10, purple: 20, red: 21 and green: 22.

Figure 2. Superposition of the lowest-energy conformers in terms of calculated free energy (a) and the hypothesized biologically active conformers (b) for the high-affinity
CB2 compounds 6, 8, 10, 12, 19, 20, and 22. The structures are drawn with transparent surfaces to emphasize the small differences between structures. Carbon atoms are
drawn in gray, oxygens in red, and nitrogens in blue with the halogens fluorine and bromine in purple and green, respectively. Vectors representing the calculated dipole
moments have been scaled by a factor of two in order to make the small dipole of compounds 6, 10 and 19 more visible. Coloring of the dipole representations is by compound
according to the following key; 6: orange, 8: yellow, 10: green,12: red, 19: blue, 20: purple and 22: cyan. It is interesting to note the similarity among the dipole moments of
the lowest-energy structures (a) and the hypothesized biologically active conformers (b).

Table 5
Symbols and definitions of the molecular descriptors used in the present study

Descriptor Definition Units

DHf Heat of formation kcal/mol
Esolv Solvation energy78 kcal/mol
Eaq DHf þ Esolv kcal/mol
A Van der Waals surface area Å2

V Van der Waals volume Å3

MW Molecular weight g/mol
eHOMO Energy of the HOMO eV
eLUMO Energy of the LUMO eV
ZPE Zero-point energy kcal/mol
logðPÞ Octanol–water partition coefficient79

DG� Gibbs free energy of formation kcal/mol
DH Total enthalpy kcal/mol
DHVib: Vibrational enthalpy kcal/mol
DS Total entropy kcal/mol
DSVib: Vibrational entropy kcal/mol
DSRot: Rotational entropy kcal/mol
DSTrans: Translational entropy kcal/mol
l Total dipole moment D
lx ,ly ,lz Dipole moment components in the

molecular reference frame
D

qþ Maximum positive charge on any H atom e
q� Maximum negative charge on any H atom e
O Ovality (see Eq. 4)
v Electronegativity (see Eq. 5) eV
g Hardness (see Eq. 6) eV
g�1 Softness (1

g) eV�1

x Electrophilicity (see Eq. 7) eV
hai Isotropic polarizability (see Eq. 8) Å3
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identified using a consensus ranking of R2 values, PRESS scores71

and Akaike Information Criterion (AIC)72 values. Quantile-compar-
ison plots, which plot the standardized residuals for a particular
model versus the theoretical residuals, were used as a diagnostic
tool to assess models identified with the consensus rankings. The
finer details of the statistical analysis are provided in the Supple-
mentary data.

Results for the CB2 receptor data provided two very similar
models with nearly identical R2 values and quantile-comparison
plots. Given these similarities, the variance inflation factors
became the deciding factor when selecting the final model. Our
model describes the CB2 binding as a function of the aqueous heat
of formation (Eaq), the x-component (see Section 3) of the dipole
moment (lx), the ovality (O) and the polarizability (hai), with VIF
values for all variables of < 5:0. The fitted regression model is
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log Ki CB2ð Þð Þ ¼ �0:0296Eaq þ 0:4325lx � 61:5026O

þ 1:3562hai � 4:7348 ð1Þ

with R2 ¼ 0:775, a p-value of 1:18� 10�5 and an F-statistic of 15.5.
The p-value, or significance, represents the probability that the var-
iation in the model occured by chance. Thus, the smaller the p-value
the more significant the model. The F-statistic is directly related to
the p-value and significant results are obtained when the F-statistic
assumes a relatively high value. An F-statistic of 1.0 would indicate
a model with no statistical significance. Cross-validation of the
model using the leave-one-out method as implemented in the CVlm
function from the DAAG library73 in R demonstrated that the overall
error mean square for the predicted values was 1.12. When compar-
ing a set of linear models, the error mean square provides a measure
of the variance between the models when ignoring a subset of the
data. Since our error mean square is on the order of the smallest va-
lue in the data set, this indicates a reliable regression model. A plot
of the predicted binding versus the experimental results is given in
Figure 4. The figure demonstrates the limitations of the model, par-
ticularly for compounds with binding affinities in the nM range, but
in light of the limited size of the data set and the good model diag-
nostics we feel these shortcomings are within acceptable limits.

Developing a model for CB1 binding was more problematic.
None of the models investigated for KiðCB1Þ were deemed suitable
for publication, however the attempt highlighted some important
general aspects of model development. We provide an account of
our attempts to develop a model for CB1 in an effort to add our
voice to the debate on the pitfalls associated with the use of auto-
mated methods.

Whereas the stepwise and all-possible-regressions procedures
identified a number of models with R2 values of 0.70 or greater
for KiðCB2Þ, the same methods produced only two models with
R2 > 0:50 for KiðCB1Þ. There were, however, some interesting sim-
ilarities among all of the models with moderate predictive power.
Each of the best performing models for KiðCB1Þ contained either an
ovality term (O) or a vibrational entropy term (DSVib) and an inter-
action term between two of the explanatory variables, indicating
nonlinear behavior. Generally, the models lacked terms involving
the electronic properties of the molecules, although dipole terms
did appear in several models. The absence of electronic terms from
all of the best-performing models suggests that binding at the CB1

receptor is not significantly influenced by the more subtle elec-
tronic structure of the molecules. In contrast, the QSAR model for
CB2 binding is highly dependent on the electronic structure of
the ligands with significant contributions from lx and hai. In fact,
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Figure 4. Calculated versus experimental values for logðKiðCB2ÞÞ using the linear
regression model of Eq. 1.
the p-value for the polarizability term (3:72� 10�4) is the most sig-
nificant of any of the explanatory variables.

The best of the two linear models for KiðCB1Þ, with R2 ¼ 0:597,
had Eaq, lx, q�, logðPÞ and the product lxq� as the explanatory vari-
ables. The other, with R2 ¼ 0:562, included Eaq, lx, A, hai and the
product Ahai. An analysis of the quantile-comparison plots re-
vealed that the model with the higher R2 suffered from significant
deviations from normality, indicating nonrandom errors in the
model. The multiple linear regression fit for the other was given by

log Ki CB1ð Þð Þ ¼ �0:0328Eaq þ 0:5176lx þ 0:7765Aþ 6:2492hai
� 0:0120Ahai � 413:6835

with R2 ¼ 0:563, a p-value of 9:75� 10�3 and an F-statistic of 4:36.
Cross-validation showed the overall mean squared of the error in
predicted values was an acceptable 1:44. To this point, the model
appears to provide a respectable description for CB1 binding. For
many automated procedures, this set of diagnostics for a multiple
linear regression would be acceptable, especially given that the
quantile-comparison plot showed no egregious variations from nor-
mality. However, examination of the variance inflation factors re-
vealed terms with values greater than 25.0, clearly indicating
problems stemming from multicollinearity. One remedy for such
complications is to normalize the data using a Box-Cox transforma-
tion, defined in R as

yðkÞ ¼ yk�1
k ; if k–0;

yðkÞ ¼ logðyÞ; if k ¼ 0:

Optimization of the Box-Cox k values (powers) yielded some
remarkably large values, with jkj >¼ 5 for nine of the explanatory
variables and 4 having jkj > 15. As a general rule, one would like
to have values of jkj <¼ 3 in all but the most extreme circum-
stances. Several of the lower-order transformations were tried and
a new model was identified with R2 ¼ 0:593, a p-value of
5:62� 10�3 and an F-statistic of 4.95 containing terms up to
k ¼ �7. Unfortunately, the VIF values for this model increased with
respect to the untransformed data.

Given the failure of the variable transformations, we decided to
attempt a principle component analysis (PCA). The goal in PCA
analysis is to identify a minimal number of new explanatory vari-
ables (principle components) constructed as a linear combination
of the original variables. The principle components are by con-
struction orthogonal and therefore noncollinear. A minimum of se-
ven principle components were required to obtain a model with
predictive accuracy comparable to that obtained with the all-pos-
sible-regressions. Furthermore, an examination of the coefficients
for the principle components revealed no dominant terms.

Our next attempt to obtain a suitable model employed a ridge
regression procedure. With ridge regression, a biasing constant
(c) is employed to reduce the total mean squared error using

br ¼ ðrxx þ cIÞ�1rYX ð2Þ

as opposed to the standard regression model where

b ¼ r�1
xx rYX : ð3Þ

In these expressions, b is the vector of standardized regression coef-
ficients, rxx is the correlation matrix of the explanatory variables
and rYX is the correlation matrix between the dependent variables
and each explanatory variable. Plots of the regression coefficients
as a function of the biasing constant are used as a diagnostic tool
and variables demonstrating instabilities in these plots are recom-
mended for removal from the model. Instability in all but two of
the explanatory variables was seen.

From these analyses it is clear that a simple linear model will
fail to provide an adequate description of CB1 binding within the
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constraints of the current data and set of descriptors. We therefore
attempted a sophisticated nonlinear regression model called a gen-
eralized additive model. The need to resort to nonlinear model of
this type can be justified by the failure of the linear regressions
using unmodified data, the nonlinearity seen in the quantile-com-
parison plots for the best linear models (see Supplementary data),
the large k values returned by the Box-Cox procedures, and the
instabilities in the explanatory variables identified with the ridge
regression procedure. Generalized additive models are relatively
new in statistics and have the general form

yi ¼ f1ðxiÞ þ f2ðzi;v iÞ þ f3ðuiÞ þ � � �

where xi, zi, v i and ui are explanatory variables. Spline functions (gi)
are used to estimate the fi by finding the set of functions, g, that
minimizes the expression

ky � gk2 þ kJmdðgÞ

where JmdðgÞ is a penalty functional for the spline functions and the
parameter k controls the balance between data fitting and smooth-
ness of g. We constructed a series of generalized additive models
employing a thin plate regression spline with shrinkage74 via the
mgcv library available for R. Given the limited number of data
points in the present study, a sixth-order penalty for including addi-
tional terms in the spline regression was employed to minimize the
potential for over-fitting. Such over-fitting is manifested as high-
degree polynomials in the explanatory variables or very low
degrees of freedom for the resulting model. Several models were
generated with excellent R2 values but all suffered from severe
over-fitting of the data (d:f : < 3) despite the penalty.

3. Methods

The NMR structures for compounds 8, 15, and 22 were obtained
from minimization of the average conformations obtained from
NOESY spectra using distance constraints. All spectra were ac-
quired at 23 �C and 500 MHz on a Varian Inova-500 spectrometer
using a 5-mm HCN triple resonance probe. Both proton and carbon
chemical shifts were referenced to the residual solvent peak of
DMSO (2.49 ppm for proton and 40 ppm for carbon). For two-
dimensional NOESY measurements, a total of 512 fids were
recorded for the indirect dimension, with a 2 second recycle delay.
The TRIAD NMR package within the Sybyl software package75 was
used for data processing and analysis. Peaks in the NOESY spectra
were assigned and integrated using TRIAD standard functions and
subsequently used to generate distance constraints with MARDIG-
RAS. Results from each of the five mixing times gave very similar
distance constraints, hence each distance constraint was averaged
over the five mixing times to get the final set of distance con-
straints for the molecule. The resulting constraints were then
examined to ensure that the error in distances conformed to estab-
lished errors for NOE constraints wherein; x < 2:5 Å was ±0.1 Å;
x 6 3:0 Å was ±0.2 Å; x 6 3:5 Å was ±0.3 Å; and x P 3:5 Å was
±0.4 Å.

For each of the three compounds, a four-step simulated anneal-
ing using 1 fs time steps and the constraints generated by MAR-
DIGRAS was performed as follows: (1) 1 ns dynamics at 300 K;
(2) 1 ns heating to 500 K; (3) another 1 ns heating phase to
700 K; (4) a 1 ns equilibration to 500 K. Additional parameters
included the Tripos force field with Gasteiger-Hückel charges, an
8 Å nonbonding cutoff, and distance dependent dielectric constant
function. The experimentally obtained NOE distance constraints
were applied during all steps of the dynamics runs, and the aro-
matic carbons were defined as aggregates to maintain the ring
geometry. The molecular geometry was sampled at 1000 fs inter-
vals during phase (1) of the dynamics runs and once during the
heating and cooling periods. A total of 1007 conformations were
collected over the course of the dynamics for further analysis and
these were subjected to 20 dynamics simulations each to obtain
average conformations. These average conformations were then
minimized with a gradient tolerance of 0:005 kcal=ðmol ÅÞwithout
defined aggregates or experimental NOE distance constraints to
obtain the final average conformations.

Systematic conformer searches were performed using SPAR-

TAN’0276 at the PM3 level of theory with an energy window of
5000 kcal/mol and a gradient tolerance of 10�4 kcal=mol. Methyl
group rotations were allowed and considered distinct conformers.
The resultant structures were then re-optimized with a gradient
tolerance of 10�6 kcal=mol. Numerical Hessians of the local minima
were calculated and only those conformers confirmed as local min-
ima were retained. The statistical analyses for the development of
the QSAR model were performed using the open-source R
software.77

The complete set of quantum-chemical properties used in the
present study is given in Table 5 with all results coming from the
Spartan’02 software. The solvation energy (Esolv) was calculated
with the SM5.4 method of Cramer and Truhlar78 and the octa-
nol–water partition coefficients (logðPÞ) are from the method of
Ghose and Crippen.79 Natural population analysis80 was used to
determine the so-called TLSER parameters57 describing the maxi-
mum positive and negative charges on the hydrogen atoms (qþ,
q�). Components of the dipole moment were transformed into a
right-handed molecular reference frame defined by the plane of
Ring A, with the x-direction being from C1 to C4a and the y-direc-
tion being from C11a to C3. Using this fixed portion of the scaffold
structure to define the dipole coordinate system allows for direct
comparison of the individual dipole components between
compounds.

Several derived quantities were also included, namely the
ovality

O ¼ A

4p 3V
4p

� �2
3

ð4Þ

the electronegativity,

v ¼ eHOMO � eLUMO

2
ð5Þ

the hardness,

g ¼ eLUMO � eHOMO

2
ð6Þ

the electrophilicity

x ¼ v2

2g
ð7Þ

and the polarizability (hai). The polarizability is estimated from an
empirical fit81 using the van der Waals volume (V) and the hardness
(g) according to

hai ¼ 0:979920g2 � 13:0352gþ 0:08V þ 41:3791: ð8Þ

Procedures for the experimental Ki determinations are reported
elsewhere.85 Briefly, the binding affinities were determined using
membrane preparations of the human receptors transfected into
HEK293 EBNA cells. Binding assays were performed with
CP55,940 as the competing radioactive ligand and 10 lM WIN
55212-2 was used for determining nonspecific binding.

4. Conclusions

We have demonstrated that the semi-empirical modeling yields
excellent agreement with the structures determined using NMR
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spectroscopy, lending credence to the calculated electronic proper-
ties and therefore the subsequent analyses. Our statistical analysis
gives excellent results based on four quantum-chemical descrip-
tors for these ligands in the case of CB2 binding. The strong influ-
ence of the dipole moment terms in the statistical model
combined with the structural analysis from Figure 2 suggests that
the ligand binding pocket in the CB2 receptor likely possesses a lo-
cal electrostatic field. Such a field could be generated by several
charged residues and would exert a significant effect only on mol-
ecules with a significant dipole moment or a high polarizability.
Furthermore, it appears that the component of the dipole moment
parallel to the plane of Ring A and directed along the vector from
C1 to C4a (away from the OH group) is the most significant. When
combined with the structural information, this may provide some
insight into which residues are likely involved, but such an analysis
is beyond the scope of the present manuscript and must wait until
more reliable receptor structures are made available.

In the case of the adamantyl cannabinoids, we believe we have
made a strong argument for the differences in binding for AM757
and AM755 based on the electronic structure of these molecules
as opposed to the original suggestion of Lu et al. that sterics are
the predominating factor. Indeed, the ovality difference between
these two ligands is only 1:528516� 1:530760 � �0:002 (see Sup-
plementary data), which in the context of the QSAR equation ac-
counts for only 11% of the difference in logðKiÞ values for these
compounds. Combined with the structural similarities discussed
previously (Table 3) this provides a strong argument against pre-
dominance by sterics. In comparison, the polarizability difference
of 73:36867� 73:08220 � 0:286 accounts for 30% of the total var-
iation. We conclude that influence of the C10 double-bond on the
electronic structure is likely more important than the small confor-
mational differences between these two ligands. We believe that
the role of the electronic structure in determining binding at the
CB2 receptor has been clearly demonstrated and such consider-
ations should be employed in the development of novel CB2-selec-
tive compounds. In particular, structures should be optimized with
respect to the polarizability and the dipole moment. The important
component of the molecular dipole will be that which is in the
plane of Ring A and directed away from the hydroxyl group at
the C1 position.

However, prediction of CB1 binding is not possible with the cur-
rent combination of data and descriptors. The difficulties encoun-
tered in the attempt to develop a model for CB1 binding
highlight the need for rigorous characterization of all QSAR models
(a point which has been raised previously82,83). As was seen with
the multiple linear regression model, it is possible for automated
procedures to generate models that appear valid unless careful
attention is paid to the appropriate diagnostic statistics. Variance
inflation factors are not usually reported in the literature and we
would advocate their disclosure as a standard measure of model
performance in future work as a means to avoid such pitfalls.

The insensitivity seen for logðKiðCB1ÞÞ with respect to the elec-
tronic structure descriptors is interesting in itself. If this is truly the
case, it would offer a particularly attractive route to designing no-
vel cannabinoids as substitutions affecting the electronic structure
can be made to optimize CB2 characteristics without significantly
impacting CB1 binding. Furthermore, one would expect that more
traditional QSAR analysis, such as CoMFA and CoMSIA, would be
successful in predicting CB1 binding. Indeed, preliminary work84

suggests that CoMFA modeling works reasonably well in the CB1

case, but fails for CB2.
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