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Prediction of Cytochrome P450 2B6-Substrate Interactions

Using

Pharmacophore Ensemble/Support Vector Machine (PhE/SVM) Approach

Max K. Leong” and Tzu-Hsien Chen

Department of Chemistry, National Dong Hwa University, Shoufeng, Hualien 97401, Taiwan

Abstract: An in silico model for predicting human cytochrome P450 2B6-substrate interactions was generated based on a
novel scheme, which was initially devised to predict the hERG liability (reported in Leong, M. K., Chem. Res. Toxicol.,
2007, 20, 217.) using pharmacophore ensemble/support vector machine to take into account the protein conformational
flexibility while interacting with structurally diverse substrates. This is of critical importance yet never being addressed by
any analogue-based molecular modeling studies before. Thirty-seven molecules were chosen from the literature and scru-
tinized for structural integrity and data consistency, of which 26 were treated as the training set to generate models, which
were subject to validation by the other 11 molecules as the test set. The predicted pK,, values by the final PhE/SVM
model were in good agreement with observed values. In addition, this in silico model produced an * of 0.84 and a 10-fold
cross-validation ¢” of 0.66 for the training set and an # of 0.87 for the test set, asserting the fact that this PhE/SVM model
is an accurate model to predict the human P450 2B6-substrates interactions and can be used as a robust prediction tool to

facilitate drug discovery.
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INTRODUCTION

The polymorphic cytochrome P450s (CYPs) constitute a
superfamily of hemoproteins that are the principal enzymes
involved in the biotransformation of many endogenous and
xenobiotic compounds, including anticancer drugs and a
variety of promutagens and procarcinogens [1-9]. These en-
zymes are expressed in many mammalian tissues [10] with
the highest levels in liver [11, 12]. Individual P450s exhibit
unique substrate specificity, region- and stereoselectivity pro-
files that reflect a different tertiary structure [13-16]. Of all
CYP450 isozymes, CPY1A2, CYP1A6, CYP2B6, CYP2C9,
CYP2C19, CYP2D6, CYP2E1 and CYP3A4 are involved in
xenobiotic metabolism [17]. Additionally, the human CYP2B6
can metabolize about 3% of the clinical drugs [18] despite
the fact that it only constitutes a small portion of total hepatic
P450 complement (< 1%) [19]. Not until recently have its
structure-function analyses begun as new clinically relevant
substrates that have been identified [10, 20] and has het-
erologous expression been accomplished [21], indicating that
CYP2B6 and CYP2B6-dependent substrates play increas-
ingly important roles for drug metabolism [22-29]. Accord-
ingly, it is of importance to develop an in silico model to
predict the CYP2B6-substrate interaction in the process of
drug discovery in the hope of reducing the attrition rates due
to the adverse effects of the drug with cytochrome 2B6 since
numerous studies have demonstrated that drug design can be
substantially facilitated using computational approaches [30-
33].

Since there is no CYP2B6 crystal structure available to
date, it seems to be a plausible approach to build a CYP2B6
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homology model based on recently published crystal struc-
tures of other mammalian CYP450s [34-41] similar to a re-
cent 2C19 study [42]. In fact, Lewis ef al. built a CYP2B6
homology model based on the CYP102 crystal structure,
which, nevertheless, does not serve as a good homology
modeling template since, most unreliably, it is a bacterial
CYP, viz. a soluble cytosolic protein. Domanski ef al. created
a model derived from the CYP2B1 homology model [29].
Wang and Halpert took a more relatively realistic scheme to
construct a CYP2B6 model by homology modeling based on
the crystal structure of CYP2C5 [43]. However, all of
CYP450 homology models published to date failed to take
into account one critical fact that all CYP450 isozymes con-
tain a metal iron, which are transitional-metal-containing
systems and can only be modeled by quantum mechanics or
QM/MM methods instead of traditional molecular mechanics
[44] that has been further explained in detail elsewhere in the
case of CYP450s [45].

In addition, it is believed that P450s have various degrees
of flexibility [46], which can be manifested by the fact that
CYP2CS, for example, can adapt different conformations in
order to bind with various structurally diverse substrates [47,
48]. Furthermore, the helix I of CYP2B4 significantly moves
about 15° to enlarge the binding pocket for larger substrates
[49] and a recent study done by Ekroos and Sjogren also
demonstrated that the binding pocket of CYP3A4 can sub-
stantially increases more than 80% by volume upon binding
with small molecules [50]. In some cases, not only does the
protein undergo conformation changes, but the substrate will
take different orientations to bind to the same target protein
[47], suggesting that the interaction between the substrate
and protein is dynamic per se [51]. As a result, it will be an
impractical approach, if not entirely flawless, to use a single
protein conformation to model the protein-substrate interac-
tions in the case of P450s [49] and the quality of homology
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models for membrane-bound proteins constructed from a
single substrate will become relatively unreliable [52] and is
far from perfect [53].

Alternatively, multiple protein conformations excerpted
from multiple copies of the protein-ligand co-complex struc-
tures should be employed and lengthy molecular dynamics
calculations should be carried out, if necessary, in order to
cover broader “conformational space” or “conformational
domain.” In other words, the protein conformation ensemble,
which is consisted of various protein conformations, should
be employed so that more accurate protein-ligand interac-
tions can be modeled that, nevertheless, will inevitably sig-
nificantly increase amount of computing time and make the
whole modeling calculation extremely difficult in some
cases, if not absolutely infeasible.

In addition to structure-based calculations, numerous
efforts have been devoted to ligand-based molecular model-
ing. Ekins et al., for example, developed a pharmacophore
hypothesis and a QSAR model [54], Lewis et al. built a
QSAR model [20], Wang and Halpert conducted a 3D-
QSAR study [43], and a brief summary can be found else-
where [55]. However, all of these proposed ligand-based
models share one common characteristic, namely they all fail
to address the issue of protein plasticity, which, as mentioned
above, is pronounced in the case of CYP450s. As a result,
these proposed models can accurately predict some com-
pounds with a very specific chemotype, which corresponds
to a specific protein conformation when interacting with
those molecules within the model generation scope, and yet
generates dramatic prediction deviations for any other com-
pounds outside of the training scope, rendering a model’s
limited applicability.

On the other hand, every pharmacophore hypothesis,
composed of a variety of chemical features, corresponds to a
protein conformation or a set of protein conformations that
are topologically close to one another. It can be expected that
a group of pharmacophore hypotheses or pharmacophore
ensemble should be constructed in case multiple protein con-
formations have to be taken into consideration and each
pharmacophore represents at least one of the protein confor-
mations under consideration. By doing so, the protein plas-
ticity can be taken into account by using pharmacophore
ensemble in the case of ligand-based modeling compared to
protein ensemble in the case of structure-based modeling. In
fact, the ensemble approach has been utilized for predicting
protein subcellular localization [56-60], membrane protein
types [61], enzyme functional classes [62] and signal pep-
tides [63, 64]; and has been systematically introduced by two
recent review articles [65, 66]. Recently, a novel scheme has
be devised, in which a pharmacophore ensemble was con-
structed from a number of plausible pharmacophore candi-
dates, corresponding to various protein conformations, and
subject to regression by a support vector machine [67]. This
novel PhE/SVM scheme performed well to predict the ZERG
liability for a variety of structurally highly diverse mole-
cules. Consequently, it is a plausible approach to employ this
novel PhE/SVM to build a predictive CYP2B6-substrate
interaction model based on a variety of ligand structures be-
cause of the flexible nature of CYP450s.
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THEORETICAL CALCULATIONS

The K, values of cytochrome P450 2B6-substrate inter-
action were searched from the literature and gathered as
many as possible to maximize the structural diversity. Ex-
perimental conditions were carefully inspected to assure as-
say consistency. The experimental variations between groups
were minimized by trying to include biological data from the
same research group. If there were two or more available
biological data for a given compound and in a very close
range, the average values were then taken in order to warrant
better consistency. Furthermore, chemical structures were
examined with caution and compounds without defined
stereochemistry were excluded. Thirty-seven molecules were
selected in this study, and their corresponding biological acti-
vities, and references to the literature are listed in Table 1.

Table 1. Selected Compounds for This Study, Their Km (nM)
Values or Average Values if Applicable and Refer-
ences

Molecules K,,(nM) Refs.
Pentoxyresorufin 840 [5]
Benzyloxyresorufin 1,280 [54]
_ TEthoxy-4- 2,300 [25, 54]
trifluoromethylcoumarin
Desmethylrabeprazole- 3.800 [126]
thioether
| Methoxy-d- 6,790 [127]
trifluoromethylcoumarin
Efavirenz 12,400 [128]
Cinnarizine 17,200 [54]
8-Hydroxyefavirenz 20,200 [128]
RP73401 22,500 [129]
p-Arteether 28,000 [130]
S-Methadone 30,000 [15]
R-Deprenyl 33,000 [131]
Clotiazepam 33,100 [7]
4-Chl thyl-7-
Chloromethyl-7 33,700 [27]
ethoxycoumarin
N N-dicthyl-m- 40,200 [132]
toluamide
S-Ketamine 44,400 [133]
Midazolam 46,100 [27]
Testosterone 50,500 [27]
Loperamide 65,600 [134]
3-Cyano-7- 71,300 [27]
ethoxycoumarin
R-Methadone 73,000 [15]
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(Table 1. Contd....)

Molecules K,,(nM) Refs.
R-Ketamine 74,400 [133]
Diazepam 113,000 [28]
7-Ethoxycoumarin 115,000 [54]
Amintriptyline 144,400 [54]
Styrene 180,000 [28]
S-Mephobarbital 264,000 [135]
Dextromethorphan 350,000 [54]
Meperidine 356,000 [136]
Imipramine 383,000 [54]
Lidocaine 537,600 [54]
S-Mephenytoin 564,000 [54]
Carbamazepine 700,000 [137]
Ifosfamide 1,730,000 [7]
SM-12502 1,767,000 [28]
Cyclophosphamide 1,890,000 [138]
1,2-Dibromoethane 9,700,000 [54]

Conformational analysis was done by MacroModel
(Schrodinger, Portland, OR) using mixed Monte Carlo mul-
tiple minimum [68] (MCMM)/low mode [69] and the hydra-
tion effect was taken into account using the GB/SA algo-
rithm [70]. Energy minimization was carried out by trun-
cated-Newton conjugated gradient method (TNCG) with the
MMFFs force field [71]. Water was chosen as solvent with a
constant dielectric constant. The energy window was set to
83.7 KJ/mol (or 20 Kcal/mol) and the number of unique
structures was limited to 255, which is the maximal confor-
mation number that can be accommodated by Catalyst.

Twenty-six molecules were selected as samples in the
training set to generate pharmacophore hypotheses based on
compounds’ activities and chemical structures in order to
achieve statistic significance as suggested by Sprague [72]
and Giiner [73]; and the remaining eleven compounds were
treated as the test set to validate those generated hypotheses
from the training set. Tables 2 and 3 list compounds selected
for the training set and the test set, respectively, and their
corresponding negative logarithm K, values, namely pK
determined.

Automatic pharmacophore generation was carried out
using the Catalyst package (Accelrys, San Diego, CA) and
lipid hydrogen-bond acceptor, hydrophobe and aromatic
hydrophobe chemical features were selected based on all of
compounds in the training set. Assorted combinations of
variable weight and variable tolerance options were em-
ployed to establish the hypothesis diversity. The generated
pharmacophore hypotheses were, in turn, used to predict the
pK., values of those compounds in the test set.
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The statistic parameters, namely root-mean-square devia-
tion (rmsd), the correlation coefficient (+°), maximum resid-
ual, average residual and standard deviation of residuals be-
tween the observed and predicted values, were calculated. In
addition, the cost difference between the generated hypothe-
sis and the null hypothesis, which gauges the statistic signifi-
cance of a hypothesis, was also evaluated. Only those phar-
macophore hypotheses with excellent statistic performance
were pooled to construct the pharmacophore ensemble.

The predicted pK,, values of those compounds in the
training set by those hypotheses in the pharmacophore en-
semble were treated as input for the support vector machine
calculations, which were carried out using LIBSVM [74], to
generate regressed models. The resultant SVM models in
turn were verified by those compounds in the test set. A Perl
script was coded to systemically scan through those associ-
ated parameters, namely cost C, the width of the RBF kernel
Y, € in case of &-SVR and v in case of v-SVR.

In addition, the generated prediction models are usually
subject to independent dataset test in order to validate those
models. Among the independent dataset test, sub-sampling
(e.g., 5 or 10-fold cross-validation) test, and jackknife test,
which are often used for examining the accuracy of a statisti-
cal prediction method, the jackknife test was deemed the
most rigorous and objective [75] as demonstrated by an inci-
sive analysis in a recent comprehensive review [75] and has
been increasingly and widely adopted by investigators to test
the power of various prediction methods [76-125]. Neverthe-
less, a 10-fold cross-validation scheme was employed in this
study due to its relative speed and accuracy.

RESULTS AND DISCUSSION

Three pharmacophore hypotheses, denoted by Hypo A,
Hypo B, and Hypo C, were selected from all generated
pharmacophore hypotheses to constitute the PhE based on
their prediction performances on every single compound and
statistic evaluations in the training set (Table 2) as well as
the test set (Table 3), and cost differences (Table 4). All of
these three candidate models in the ensemble possess the
same chemical features, namely two lipid hydrogen-bond
acceptors, one aromatic hydrophobe and one hydrophobe as
shown in Table 5 along with their corresponding three-
dimensional coordinates, interfeature distances, weights, and
tolerances.

Fig. (1) illustrates the spatial arrangement of these three
models in the PhE and it can be observed that there are some
discrepancies among them. The distances between aromatic
hydrophobe and one of lipid hydrogen-bond acceptor fea-
tures, for instance, are 7.401 A, 7.425 A, and 7.517 A in
Hypo A, Hypo B, and Hypo C, respectively, showing only
0.1 A variations among them. The other aromatic hydro-
phobe-lipid hydrogen-bond acceptor distances, nevertheless,
vary from 4.142 A (Hypo A) to 3.780 A (Hypo B) and 3.849
A (Hypo C), resulting in 0.4 A change in length. Similar
observation can also be found for the angles centered at aro-
matic hydrophobe and connecting to hydrophobe and lipid
hydrogen-bond acceptor that undergo changes from 127.1°
and 155.1° in Hypo A to 116.8° and 154.1° in Hypo B, and
116.3° and 150.5° in Hypo C. The observation of differences
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Table2. Experimentally Observed me Values, Predicted me Values by Hypo A, Hypo B and Hypo C and SVM Model for Those
Compounds in the Training Set, the Corresponding Residual Values (A) and Their Associated Statistic Numbers (Correla-
tion Coefficient) rz, Root-Mean-Square Deviation (rmsd), Maximum Residual, Average Residual, Standard Deviation of

Residual, and Cross-Validation Coefficient q2

Medicinal Chemistry, 2008, Vol. 4 No. 4 399

Obs. Hypo A Hypo B Hypo C SVM Model
Molecules
PKn pKn A pKn A pKn A pKn A
Pentoxyresorufin 6.07 6.34 027 631 0.24 633 0.26 5.93 0.14
Benzyloxyresorufin 5.89 5.50 -0.40 5.36 -0.54 5.46 -0.44 5.74 -0.16
i ﬂqu(;it:t(‘r):;}II(;:;lmarin 5.64 4.92 0.72 5.04 -0.60 4.96 0.68 5.14 0.49
triﬂuzr'ol\:fe‘;"y’g;i'maﬂn 5.17 4.89 -0.28 5.01 -0.16 492 0.25 5.12 -0.05
Efavirenz 491 4.64 027 470 021 4.60 031 477 -0.14
Cinnarizine 476 427 -0.50 411 -0.66 424 -0.53 411 -0.65
RP73401 4.65 4.89 0.24 5.00 036 5.14 0.49 481 0.16
B-Arteether 455 4.09 0.46 4.17 0.39 4.19 036 4.14 041
Clotiazepam 448 447 -0.01 4.48 0.00 428 0.20 457 0.09
4;122;2?5;1;1; 447 4.89 0.41 496 0.49 4.89 0.41 5.09 0.62
N,N-diethyl-m-toluamide 4.40 3.64 0.76 3.59 -0.81 3.64 -0.76 3.71 0.69
Loperamide 4.18 434 0.15 425 0.07 434 0.15 423 0.05
R-Methadone 4.14 3.82 031 3.92 022 3.92 022 3.99 -0.15
R-Ketamine 413 3.64 -0.49 3.59 -0.54 3.64 0.49 3.71 0.42
Diazepam 3.95 4.13 0.18 4.12 0.17 4.19 0.24 4.11 0.16
7-Ethoxycoumarin 3.94 427 033 4.04 0.10 4.10 0.16 4.07 0.13
Amintriptyline 3.84 421 037 424 0.40 429 0.45 4.19 035
Styrene 3.75 3.54 2021 3.46 0.29 3.47 -0.28 3.55 -0.19
Dextromethorphan 3.46 4.02 0.56 4.07 0.62 4.08 0.63 4.08 0.62
Meperidine 3.45 3.62 0.17 3.59 0.14 3.62 0.17 3.70 025
Lidocaine 327 3.16 20.11 325 0.02 3.17 -0.10 312 -0.15
S-Mephenytoin 3.25 3.64 039 3.59 034 3.62 037 3.70 0.45
Carbamazepine 3.16 338 0.22 3.36 0.20 3.8 0.12 331 0.15
Ifosfamide 276 3.05 0.29 3.16 039 3.08 031 2.92 0.16
SM-12502 275 3.62 0.87 3.59 0.83 3.60 0.85 3.69 0.94
1,2-Dibromoethane 2.01 2.07 0.06 2.05 0.03 2.00 0.01 2.13 0.11
I 0.82 0.82 0.82 0.84
RMSD 0.40 0.41 0.41 0.38
Max 0.87 0.83 0.85 0.94
Average 0.35 0.34 0.35 0.30
Std. Dev. 021 0.24 021 0.24
q 0.66
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Table 3.
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Experimentally Observed me Values, Predicted me Values by Hypo A, Hypo B and Hypo C and SVM Model for Those

Compounds in the Test Set, the Corresponding Residual Values (A) and Their Associated Statistic Numbers (Correlation
Coefficient) rz, Root-Mean-Square Deviation (rmsd), Maximum Residual, Average Residual, and Standard Deviation of

Residual
Obs. Hypo A Hypo B Hypo C SVM Model
Molecules
PKn pKn A pKn A pPKn A PKn A
Desmethylrabeprazole-thioether 5.42 5.35 -0.07 4.85 -0.57 4.89 -0.53 5.56 0.14
8-Hydroxyefavirenz 4.70 4.29 -0.40 4.28 -0.41 4.29 -0.40 4.26 -0.43
S-Methadone 4.52 3.82 -0.70 3.89 -0.64 3.89 -0.64 3.96 -0.57
R-Deprenyl 4.48 3.64 -0.84 3.60 -0.88 3.64 -0.84 3.72 -0.76
S-Ketamine 435 3.64 -0.72 3.60 -0.75 3.64 -0.72 3.72 -0.63
Midazolam 4.34 3.72 -0.62 3.77 -0.57 3.77 -0.57 3.87 -0.47
Testosterone 4.30 4.14 -0.15 3.92 -0.38 4.06 -0.24 3.97 -0.33
3-Cyano-7-ethoxycoumarin 4.15 4.20 0.05 4.04 -0.11 4.04 -0.11 4.06 -0.09
S-Mephobarbital 3.58 3.14 -0.44 3.11 -0.46 3.48 -0.10 3.38 -0.20
Imipramine 3.42 3.13 -0.29 3.13 -0.29 3.13 -0.29 3.04 -0.38
Cyclophosphamide 2.72 2.92 0.20 2.82 0.10 3.03 0.31 2.61 -0.11
s 0.78 0.86 0.81 0.87

RMSD 0.49 0.52 0.49 0.43
Max 0.84 0.88 0.84 0.76
Average 0.41 0.47 0.43 0.37
Std. Dev. 0.28 0.25 0.25 0.22

Table4. Costs of Returned Hypotheses and Null Hypotheses and the Cost Differences (A) between the Former and the Later for
the Pharmacophore Models Hypo A, Hypo B, and Hypo C
Cost Hypo A Hypo B Hypo C
Null hypothesis 207.60 207.60 207.60
Returned hypothesis 137.26 136.07 136.10
A 70.34 71.53 71.50

among these three models can be facilitated by superimpos-
ing these three models as demonstrated in Fig. (2), in which
Hypo A takes the seemingly opposite orientation as com-
pared with Hypo B and Hypo C and the later two are topo-
logically closer to each other. Such differences can be even
more pronounced when fitting these three models into the
most active compound pentoxyresorufin in the training set as
shown in Fig. (3), in which pentoxyresorufin adopts various
conformations to generate the best fit with these models,
manifesting the fact that a PhE is needed to accommodate
the conformational plasticity.

The maximal errors of Hypo A, Hypo B, and Hypo C in
the training set, were unanimously resulted from the predic-

tions of SM-12502 with residuals of 0.87, 0.83, and 0.85,
respectively (Table 2). Similarly, Hypo B perfectly predicted
clotiazepam without any error, and Hypo A and Hypo C
merely yielded small errors of 0.01 and 0.20, respectively.
Generally, these three models gave rise to very close predic-
tion trend as demonstrated in Fig. (4), resulting in the same
correlation coefficient 7 value of 0.82, and can be further
exhibited by the scatter plot of observed vs. the predicted
pK., values as illustrated in Fig. (4).

Additionally, it can be observed from Table 2 that other
statistical numbers, namely root-mean-square deviation,
maximal residual, average residual, and standard deviation of
residuals show little discrepancies among these three models,
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Table 5. Chemical Features, Weights, Tolerances, Three-Dimensional Coordinates and Interfeature Distances of Pharmacophore
Models Hypo A, Hypo B and Hypo C

HBA Lipid HBA Lipid HY:,]:z::cOB HYDROPHOBIC
Weights 224 2.24 1.57 3.58
Tolerances 1.60 2.20 1.30 1.90 1.30 1.30
Coords: X -4.01 -4.27 -3.36 -1.31 0.02 4.00
Coords: Y 1.36 3.28 5.40 4.95 0.64 -1.46
Coords: Z -0.64 1.67 -4.55 -6.69 0.00 -0.69
g [ SS—— > [ —— > 0 0
5
jasi HBA lipid
3.0
HBA lipid 5.7 6.6
7.5 9.0 3.0
HYDROPHOB aromatic 4.1 53 7.4 8.1
HYDROPHOBIC 8.5 9.8 10.8 10.3 4.5
Weights 1.55 221 1.55 3.54
Tolerances 1.30 1.90 1.30 2.05 1.45 1.30
Coords: X -6.41 -6.81 -2.02 -1.35 0.97 3.43
Coords: Y 1.25 0.38 0.90 3.03 1.26 0.31
Coords: Z 091 3.75 -2.15 -4.16 0.13 3.86
2 o > (o S— > 0 0
=%
E HBA lipid
3.0
HBA lipid 54 7.6
7.4 10.0 3.0
HYDROPHOB aromatic 7.4 8.6 3.8 5.2
HYDROPHOBIC 10.3 10.2 8.1 9.7 4.6
Weights 1.63 233 1.63 3.03
Tolerances 1.45 1.90 1.30 2.05 1.30 1.30
Coords: X -6.47 -6.75 -2.03 -1.34 0.97 3.43
Coords: Y 1.36 0.27 0.82 3.10 1.26 -0.09
Coords: Z 0.94 3.72 -2.24 -4.07 0.13 3.86
% @ JEEEE—.—— > (O ESE———— > 0] 0
;& HBA lipid
3.0
HBA lipid 5.5 7.6
7.4 9.9 3.0
HYDROPHOB aromatic 7.5 8.6 3.8 5.1
HYDROPHOBIC 104 10.2 8.2 9.8 4.7
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lipid hydrogen-
bond ¢

dhydrogen-
bond acceptor

lipid hyd
bond acceptor

aromatic
! aromatic hydrophob
hydrophobe

hydrophobe Hypo A

hydrophobe & Hypo C

lipid hydroge

lipid hydrogen-
bond acceptor

aromatic
hydrophobe

hydraphobe Hypo B

Fig. (1). Three pharmacophore candidate models Hypo A, Hypo B, and Hypo C in the PhE, possessing hydrogen-bond acceptor lipid, aro-
matic hydrophobe, and hydrophobe chemical features. The interfeature distances and angles among features are measured in Angstroms and
degrees, respectively.

suggesting that these three models functioned equally well in »
the training set. More importantly, the cost differences be- N
tween the null hypothesis and returned hypotheses are 70.34, 7
71.53, and 71.50 for Hypo A, Hypo B, and Hypo C, respec-

tively (Table 4), all of which are larger than 60 that is the

cost difference required to reach the level of a more than 3 )
90% chance to show the statistical correlation between the :L

hypothesis and the input data as described in the Catalyst’s

St o Hypo Afitted to
manual. ‘

Pentoxyresorufin pentoxyresorufin

. Hypo A fitted to
\\ pentoxyresorufin

b - W o
e s “ Hypo A fitted to
§ ¥ pentoxyresorufin

Fig. (2). Superimposition of three pharmacophore models Hypo A,

| B
HypO B, and HypO C. M= Overlayof
c three models

When applied these three models in the PhE to predict Fig. (3). Chemical structure of pentoxyresorufin, pharmacophore
those molecules in the test set, they showed slightly de- models Hypo A, Hypo B, and Hypo C fitted to pentoxyresorufin
graded performances in terms of statistical parameters, and overlay of these three models. The chemical features are de-
namely rmsd, average residual, and residual standard devia scribed in Fig. (1).
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= Hypo A
® HypoB
* HypoC
4 SVM model

Observed pK ,,
i

- - Hypo A
— =Hypo B
— = Hypo C

——SVM model

Predicted pK ,,

Fig. (4). The observed pK,, vs. the pK,, predicted by Hypo A, Hypo
B, Hypo C, and SVM model for those molecules in the training set
and their corresponding linear regression lines.

tion as shown in Table 3, except Hypo B, whose #* values
showed moderate improvement from 0.82 in the training set
to 0.86 in the test set. Like maximal prediction errors in the
training set, the predictions of R-deprenyl by these three
models unanimously resulted in the maximal deviations from
the observed value with residuals of 0.84, 0.88, and 0.84 by
Hypo A, Hypo B, and Hypo C, respectively. Hypo A merely
gave rise to a deviation error of 0.07 for the calculation of
desmethylrabeprazole-thioether, whose residuals, neverthe-
less, were markedly 0.57 and 0.53 by Hypo B and Hypo C,
respectively. Similar observation can be found for the predic-
tion of S-mephobarbital, whose residuals were 0.44 and 0.46
by Hypo A and Hypo B, respectively, while substantially
reduced to 0.10 by Hypo C. These variations in the predic-
tion errors by these three models resulted in discrepancies in
the prediction trends in the test set, which can be further
demonstrated by Fig. (5) as compared with Fig. (4).

7

9 = Hypo A

* HypoB
+ HypoC
4 SVM model

Observed pK

= = Hypo A

— —Hypo B
— - Hypo C
= SVM model

1 2 3 4 3 6 7

Predicted pK ,,,

Fig. (5). The observed pK,, vs. the pK,, predicted by Hypo A, Hypo
B, Hypo C, and SVM model for those molecules in the test set and
their corresponding linear regression lines.

In general, the predictions of all molecules in both the
training set and the test set are in good agreement with ob-
served values as shown in Tables 2 and 3. In addition, the
insignificant #* differences between the training set and the
test set by these three models suggest that they were statisti-
cally well-trained models in contrast to an over-trained
model, which otherwise will result in a substantial 7 differ-
ence between the training set and the test set. Based on the
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performances in the training set and the test set, it can be
asserted that Hypo A, Hypo B, and Hypo C are eligible to be
enlisted to compose the PhE.

The optimal SVM, generated from those hypotheses in
the ensemble, was chosen from various runtime conditions
based on the prediction calculations of those molecules in the
training set, as shown in Table 2, as well as its 10-fold cross-
validation. Table 6 lists the input parameters for the final
optimal SVM model. It can be found that the SVM model
yielded smaller residuals than any members in the PhE for
most of molecules in the training set. The prediction of ifos-
famide by SVM, for example, showed an error of 0.16, while
that generated relatively substantial residuals of 0.29, 0.39,
and 0.31 by Hypo A, Hypo B, and Hypo C, respectively. The
maximal prediction deviation in the training set by the SVM
model was resulted from the estimation of SM-12502, which
also gave rise to the maximal errors by Hypo A, Hypo B, and
Hypo C except the fact that the former is slightly larger than
the latter ones (0.94 vs. 0.87, 0.83, and 0.85, respectively).
On the other hand, of 26 molecules in the training set, there
were only 5 molecules in which the SVM model showed
slightly worse performances than those three models in the
PhE.

Table 6. The Optimal Runtime Parameters for the Final
SVM Model
Parameter Value
SVM type e-SVR
kernel type radial basis function
Y 0.25
Cost 66
€ 0.15

In general, SVM marginally functioned better than those
three models in PhE in the training set as indicated by the
correlation coefficients r2, root-mean-square deviations, and
average residuals (Table 2) that can be further confirmed by
Fig. (4). Furthermore, the insignificant difference between
the correlation coefficients ¢ of 0.66, calculated by the 10-
fold cross-validation, and the correlation coefficient #* of
0.84 for SVM (Table 2) signifies that SVM model shows
highly statistical significance between the generated model
and the input data and warrants its authenticity consequently.

The maximal prediction variation of SVM in the test set
was generated from the estimation of R-deprenyl with a
value of 0.76, which also gave rise to the largest calculation
errors by Hypo A, Hypo B, and Hypo C. The similar obser-
vation can also be found for the training set except the fact
that the SVM model has the lowest maximal residual in the
test set yet the highest one in the training set and the SVM
model, in general, gave rise to the lowest residuals for most
of molecules in the test set compared with Hypo A, Hypo B,
and Hypo C except that there are a few molecules in the test
set, whose residuals by the SVM model are between the
largest one and the smallest one. The prediction of desmeth-
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ylrabeprazole-thioether by the SVM model, for example,
deviates from the experimental value by 0.14, which is only
slightly worse than Hypo A (0.07) but much better than both
Hypo B (0.57) and Hypo C (0.53). Of these 4 models, it can
be concluded that the SVM generated the lowest residuals or
the second lowest residuals for all the molecules in the test
set except imipramine, whose prediction residual is 0.29 by
Hypo A, Hypo B, and Hypo C yet 0.38 by the SVM model.

It can be observed that Hypo A, Hypo B, Hypo C, and
the SVM model showed little performance discrepancies
between the training set and the test set as demonstrated by
Tables 2 and 3. The correlation coefficient * values of Hypo
B and SVM, for example, only marginally increase (0.04 and
0.03) from the training set to the test set, respectively, and
those of Hypo A and Hypo C insignificantly decrease (0.04
and 0.01, respectively), manifesting the fact that these 4
models were well-trained or no over-training was observed
as mentioned above. Nevertheless, it can be clearly seen that
the maximum residual of SVM was substantially reduced
from the training set (0.94) to the test set (0.76), which was
approximately maintained the same level in both the training
set and the test set by Hypo A, Hypo B, and Hypo C. Simi-
larly, of these 4 models, the SVM model also has the lowest
rmsd, average residual, and residual standard deviation in the
test set, suggesting that the SVM model is the best prediction
model compared with the other models in the test set based
on those parameters mentioned above.

It is very important and practical to evaluate the perform-
ance of an in silico model not only in the training set but in
the test set. As a result, it can be concluded that the SVM
model is superior to Hypo A, Hypo B, and Hypo C based on
the prediction and statistical performances in both sets men-
tioned above presumably because of the fact that the
PhE/SVM approach cannot only take into account the pro-
tein conformational flexibility and but also gives rise to the
more realistic final model and that usually can not be
achieved by traditional ligand-based modeling schemes. Fur-
thermore, in case some structurally distinct substrates which
interact with different protein conformations not taken into
account in the model generation, i.e. different pharma-
cophore models, are to be studied, the PhAE/SVM scheme can
provide additional capacity for robust and fast adaptation to
accommodate such extension of structure domain by simply
implementing the corresponding pharmacophore models
generated from those novel molecules into the ensemble and
generating a new SVM model. As a result, the PhE/SVM
scheme only requires small fraction of computational time
compared with the initial model construction. In contrast,
traditional ligand-based modeling methods will demand new
model generations and require at least the same amount of
computational time compared with the initial model building
to accommodate such adaptation. More importantly, it can be
expected that the predictability of a new model consequently
will be deteriorated since they have to compromise accuracy
in favor of extension of the conformational domain resulted
from augmentation of structurally distinct molecules.

In addition to accurate prediction capacity, the generated
PhE/SVM model can be utilized as an effective filter to re-
move any compounds, which may potentially interact with
CYP2B6 and cause adverse interactions, from a large com-
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pound library since the PhE/SVM scheme is primarily based
on PhE and the pharmacophore is believed to be an efficient
and fast screening tool [73].

In addition to understanding the binding affinity varia-
tions among those substrates using this novel analogue-based
scheme, the enzyme-substrate interaction details are ex-
pected. Consequently, this investigation will be further ex-
tended in the future using the Cell-PLoc package [65], for
example, to predict its subcellular location based on its
amino acid sequence in the hope that the interactions be-
tween the substrates and 2B6 enzyme can be elucidated.

CONCLUSIONS

This PhE/SVM scheme, which was generated using the
support vector machine based on pharmacophore ensemble
to take into consideration protein plasticity while interacting
with structurally diverse molecules, was successfully applied
to predict CYP2B6-substrate interactions for those 26 and 11
molecules in the training set and the test set, respectively,
and showed excellent statistical significance. Other than pre-
diction, the PhE/SVM also can be employed as a primary
filter to conduct virtual screening for compound libraries in
order to eliminate those compounds with a potential to cause
adverse effects with the cytochrome 2B6 enzyme because of
the speed nature of this PhE/SVM scheme. In contrast to the
traditional ligand-based modeling approaches, this PhnE/SVM
scheme also provides excellent adaptability without signifi-
cantly losing accuracy to accommodate more diverse protein
conformations once more structurally novel molecules are to
be taken into account. It can be further expected that this
PhE/SVM scheme can work well to model protein-substrate
interactions of other CPY450s, which are conformationally
highly flexible per se while interacting with structurally di-
verse substrates.
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