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ABSTRACT

Some mechanism-based inhibitors cause irreversible inhibition by forming a metabolic intermediate
complex (MIC) with the cytochrome P450 (CY P). In the present study, 54 molecules (substrates of
CYP3A and amine-containing compounds that are not known substrates of CYP3A) were
spectrophotometrically assessed for their propensity to cause MIC formation with recombinant

CY P3A4 (+bs). Comparisons of common physicochemical properties showed that mean (+ s.d.)
molecular weight (MW) of MIC forming compounds was significantly greater than mean MW of non-
MIC forming compounds, 472 (+ 173) vs. 307 (x 137), respectively. Computational pharmacophores,
logistic regression and recursive partitioning (RP) approaches were applied to predict MIC formation
from molecular structure and to generate a quantitative structure activity relationship (QSAR). A
pharmacophore built with SKF-525A, erythromycin, amprenavir, and norverapamil indicated that four
hydrophobic features and a hydrogen bond acceptor were important for these MIC forming
compounds. Two different RP methods using either simple descriptors or 2D augmented atom
descriptors indicated that hydrophobic and hydrogen bond acceptor features were required for MIC
formation. Both of these RP methods correctly predicted the MIC formation status with CY P3A4 for
10 out of 12 literature molecules in an independent test set. Logistic multiple regression and a third
classification tree model predicted 11 out of 12 molecules correctly. Both models possessed a
hydrogen bond acceptor and represent an approach for predicting CY P3A4 MIC formation that can be
improved using more data and molecular descriptors. The preliminary pharmacophores provide

structural insights that complement those for CY P3A4 inhibitors and substrates.

20z ‘0z |Udy UOSfeUINOr 13dSY e BIo'sfeuIno fipdsepuwip Woly papeojumod


http://dmd.aspetjournals.org/

DMD Fast Forward. Published on May 30, 2007 as DOI: 10.1124/dmd.106.014613
This article has not been copyedited and formatted. The final version may differ from this version.

DMD #14613
The cytochrome P450 (CY P) enzymes (EC 1.14.14.1) are membrane-bound proteins that

catalyze many oxidations of hydrophaobic endobiotics and xenobiotics. The catalytic activity of CY Ps
may be reduced by reversible and irreversible inhibition upon administration of xenobictics. One type
of irreversible inhibition, mechanism-based inhibition, has been the focus of many studies related to
CY Ps recently due toits clinical implications for prediction of drug-drug interactions. A mechanism-
based inhibitor is one that binds to the active site, then becomes catalytically activated by the enzyme
(Silverman, 1988). The activated form of the molecule will irreversibly bind to the enzyme to remove
it from the active enzyme pool. Some mechanism-based inhibitors cause this irreversible inhibition by
forming a metabolic intermediate complex (M1C) with the heme of the CY P (Franklin, 1977).

Primary, secondary or tertiary amines, or methylenedioxy constituents (Supplemental Figure 1), in the
molecule are prerequisites for compounds that chelate the heme of the CY P (Franklin, 1977). More
recent studies with metabolites of molecules such asindinavir and nelfinavir that lack these functional
groups yet still display MIC formation may indicate other chemical moieties are also involved (Ernest
et a., 2005).

The CYP3A family of enzymesis recognized as perhaps the most important for human drug
metabolism as they metabolize the majority of commercially available drugs (Wrighton et al., 2000).
These CY Ps are expressed in numerous tissues but affect xenobiotic metabolism and clearance mainly
in the liver and small intestine. There are four differentially regulated CY P3A genesin humans,
CYP3A4, CYP3AS5, CYP3A7 and CYP3A43, of which, CYP3A4 isthe most abundant form in the
adult liver (Wrighton et al., 2000). The CY P3A forms demonstrate regiosel ectivity differences for
some biotransformations of the same compounds, while CY P3A5 generally has lower or comparable
metabolic capability than CY P3A4 for common probe substrates (Williams et al., 2002).

In early pharmaceutical drug discovery the assessment of inhibitory potency with CYP3A4 for
new chemical entities is often included as afirst tier in vitro screen using fluorescent probes (Crespi

and Stresser, 2000). Thistype of screen is useful for identifying potential inhibition of co-
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administered drugs and is commonly followed by time dependent inhibition studies (Wu et al., 2003).
These studies may be supplemented with additional in vitro assays with more traditional drug substrate
probes using LC/MS analysis (Ekins et al., 2000b). Data from all of thesein vitro screens are
increasingly applied to predictive algorithm development (Ekins et al., 2003a; Ekins et al., 2003b; Gao
et a., 2002; Riley et al., 2001). The interest in computational models based on in vitro data for
predicting potential drug interactions via this protein and others (Ekins and Swaan, 2004) represents a
possible means to improve productivity of the drug discovery process and remove potential bottlenecks
caused by in vitro testing. Due to their highly parallel nature computational methods are also likely the
fastest and most cost-effective method for indication of likely toxic consequences (Ekins et al., 2000a),
and suggesting new hypotheses for testing in vitro. A recent review of computational methods for
CY Ps has documented how these approaches have been used over nearly twenty years alongside
empirical methods (de Graaf et al., 2005). Others have described and compared the many
pharmacophores that have been generated for CY Ps (de Groot and Ekins, 2002; Ekins et a., 2001)
providing insght into the important features for interaction of ligands and the proteins. Computational
pharmacophores for CY P3A4 have therefore been derived for substrates and inhibitors using kinetic
constants K, K apparenty @nd 1Cso data. Several studies have shown differential M1C formation for
compounds between CY P3A4 and CY P3A5. For example CYP3A5 did not form aMIC with
verapamil (Wang et al., 2004) or saquinivir (Ernest et al., 2005). These differences suggest that the
binding sites (and catalytic rate) for both enzymes are subtly different accommodating some molecules
and not others as has been suggested by recent pharmacophores for inhibitors of both enzymes (Ekins
et a., 2003b).

In the present study 54 molecules have been assessed for their propensity to form MIC while 27
molecules possess Kinaq: data with recombinant CY P3A4 in vitro. These data have been analyzed along
with the generation of simple molecular descriptors to understand any possible relationships between

MIC, Kinact and molecule structure. Several computational approaches namely, pharmacophores,
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guantitative structure activity relationships (QSAR) (Ekins and Swaan, 2004), classification tree, and

multiple regression methods were used to generate models to predict these properties separately. These
models were applied to the prediction of the probability of a molecule forming an MIC with CYP3A4
using a series of test molecules, while the kinae: models were internally validated by omitting molecules

at random.
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MATERIALSAND METHODS

Chemicals. All of the following classes of study drugs were purchased from Sigma-Aldrich,
United States Pharmacopeia, kindly donated by companies or by investigators. NADPH was
purchased from Roche Diagnostics (Indianapolis, IN). All other chemicals were at |east analytical
grade.
Antibiotics: triacetyloleandomycin, erythromycin, N-desmethylerythromycin (United States
Pharmacopeia, Rockville MD), clarithromycin (donated by Abbott Laboratories, Chicago, IL), N-
desmethylclarithromycin (donated by Abbott Laboratories, Chicago, IL), 14-hydroxyclarithromycin
(donated by Abbott Laboratories, Chicago, IL).
Calcium channel blockers: amlodipine, diltiazem, N-desmethyldiltiazem (donated by Tanabe Seiyaku
Co, Osaka, Japan), desacetyldiltiazem (donated by Tanabe Selyaku Co, Osaka, Japan), desacetyl-N-
desmethyldiltiazem (donated by Tanabe Selyaku Co, Osaka, Japan), R-verapamil, S-verapamil,
norverapamil, D-617, nicardipine.
CNSdrugs: amitriptyline, d,|-amphetamine, benzphetamine, brompheniramine, chlorpheniramine,
desipramine, diphenhydramine, fenfluramine, fluoxetine, fluvoxamine, imipramine, loperamide,
meperidine, methamphetamine, methylenedi oxymethamphetamine, methylenedi oxyethylamphetamine,
2-methylamino-1-(3,4-methylenedioxyphenyl)butane (MBDB), methylphenidate, mirtazepine,
nefazodone, norfluoxetine, nortriptyline, orphenhydramine, paroxetine, phencyclidine, propoxyphene
(United States Pharmacopeia, Rockville MD), sertraline, tranylcypramine.
HIV protease inhibitors. amprenavir (donated by GlaxoSmithKline, Research Triangle Park, NC),
indinavir (donated by Merck, Whitehouse Station, NJ), nelfinavir (donated by Agouron
Pharmaceuticals, Inc., New York, NY), ritonavir (donated by Abbott Laboratories, Chicago, IL),
saquinavir (donated by F. Hoffmann-La Roche, Nutley, NJ), lopinavir (donated by Abbott

Laboratories, Chicago, IL).
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Anticancer drugs. tamoxifen, N-desmethyltamoxifen (donated by Zeneca Pharmaceuticals,
Wilmington, DE), 4-hydroxytamoxifen, 3-hydroxytamoxifen.
Miscellaneous drugs: mifepristone, SKF-525A.

Enzyme Preparation. Insect cell membranes containing baculovirus cDNA-expressed CY P3A4
(+bs) were purchased from BD Gentest™ (Bedford, MA). The CY P content was provided by the
manufacturer at the time of purchase.

Estimation of Mechanism-based Inactivation Parameters. Testosterone 63-hydroxylation was
determined to quantify time- and concentration-dependent loss of CY P3A4 activity in the presence of
inactivator (Ernest et a., 2005). The concentration of 6B-hydroxytestosterone was determined by
HPLC with UV detection as described earlier (Zhao et a., 2002). The mechanism-based inactivation
parameters, Kinat and K, were obtained from the pseudo first order decline in the percentage of
remaining CY P3A4 activity after preincubation with inactivator by nonlinear regression without
weighting using WinNonlin Professional, v 4.0 (Pharsight, Mountain View, CA). Details of the data
fitting and parameter estimation have been described previously (Ernest et al., 2005).

Metabolic Intermediate Complex Measurements. MIC formation was identified using dual
wavel ength spectroscopy (Uvikon 933 double beam UV/VIS Spectrophotometer; Research
Instruments International, San Diego, CA) by scanning from 380 to 500 nm. The sample cuvette
contained protein (200 pmol of CY P3A4 (+bs)), 100 mM sodium phosphate buffer (pH = 7.4),
inhibitor, and 1 mM NADPH (made with the phosphate buffer), whereas the reference cuvette
contained protein, 100 mM phosphate buffer, vehicle, and 1 mM NADPH. All MIC formation
experiments were initiated by the addition of NADPH and maintained at 37°C. The absorbance
difference spectrafor the identification of MI1C formation were estimated by subtracting the

absorbance at 490 nm of the absorbance scan from the difference of the absorbance scan at 60 min and
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a background absorbance scan. MIC formation was quantified from absorbance difference spectra
using an extinction coefficient of 65 mM™cm™ (Pershing and Franklin, 1982).

Computational modeling. An initial assessment was undertaken to determine whether MIC and
non-MIC forming compounds could be differentiated with simple calculated molecular properties.
Calculated logP (octanol-water partition coefficient) and molecular weight were determined for each
compound with ChemDraw for Excel (CambridgeSoft, MA). Statistical parameters were calculated
with SPSS (v 12.0, SPSS Inc., Chicago, IL). Additionally, several different computational techniques
were evaluated; a pharmacophore method (Catalyst, Accelrys, San Diego, CA), three recursive
partitioning (tree) methods including ChemTree, (Golden Helix Inc., Bozeman, MT), Cerius’,

(Accelrys, San Diego, CA) and tree function in R software v2.2.1 (www.r-project.org), using different

types of descriptors; alinear model (multiple regression and regression tree model) using R software, v
2.2.1and alogistic model using R software, v 2.2.1.

Pharmacophores for MIC prediction. The Catalyst software was used on a Silicon Graphics
Octane workstation. After importing the molecular structures, conformers were generated for each
compound using the BEST functionality for each molecule and limited to a maximum of 255
conformers with an energy range of 20 kcal/mol. Structural relationships between compounds that
form MIC and those that do not form MIC were assessed separately using the common features
function (HIPHOP). The following groups of molecules were selected in order to test the fit of the
hypothesis with unknowns: Compounds that form MIC (SKF-525A, erythromycin, amprenavir,
norverapamil), compounds that do not form MIC (mifepristone, sertraline, 4-hydroxytamoxifen, and
paroxetine), and compounds that do not form MIC but inactivate CY P3A4 (lopinavir, saguinavir,
nefazodone). These alignments were then used to fit molecules to the hypothesis.

Recursive partitioning (ChemTree) for MIC prediction. The ChemTree recursive partitioning
software was run on a Pentium 4 processor. The 54 molecules and experimental data (binary response;

1= compound that forms MIC, 0 = compound that does not form detectable M1C) were imported as a
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.sdf filein ChemTree to generate over 330 path length descriptors (Young et al., 2002). These

descriptors were used to generate either 1 tree or 100 random tree models (with the following options;
p value threshold for splits, 0.99; max segments, 3; parallel threads, 1; and resampling iterations,
10,000).

Recursive partitioning (Cerius’ CSAR) for MIC prediction. The Cerius® 4.8 software was used
to generate the following default descriptors: sum of atomic polarizabilities, dipole magnitude, radius
of gyration, area, molecular weight (MW), molecular volume, density, principal moment of inertia,
rotatable bonds, hydrogen bond acceptors, hydrogen bond donors, and AlogP98 (a second method for
calculating the octanol-water partition coefficient). The CSAR recursive partitioning method (Hawkins
et a., 1997) was used with the 54 molecule training set (with the following settings, using weighted
observations equally, gini scoring, scaled prune (0)). This model was internally validated using cross-
validation: e.g. 10-fold, five-fold, or two-fold. A 10-fold cross-validation leaves out 10% test data.

Recursive partitioning (tree function in R) for MIC prediction. The R v2.2.1 software was used
to predict MIC formation based on the twelve prescribed descriptors. The recursive partitioning
method (Breiman et al., 1984) was used with the 54 molecule training set (with weighted observations
equally and gini scoring). This model was internally validated using five-fold cross-validation, and the
tree is pruned based on misclassification.

Logistic Regression for MIC prediction. Logistic regression model wasimplemented inaR

function, generalized linearized model, gim() (R v 2.2.1; www.r-project.org). The model was

generated with the twelve Cerius? descriptors to predict MIC formation. Fifty four compounds served
asthetraining set. The gim() algorithm is based on the maximizing likelihood approach. A forward
step-wise forward variable selection strategy was used to select descriptors. The optima model was
internally validated based on a five-fold cross-validation.

Pharmacophore, tree models, and the logistic regression model were tested with molecules

outside of the training set using recently published data for twelve compounds (Chatterjee and
10
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Franklin, 2003; Kajita et al., 2002; Kasahara et al., 2000; Kim et al., 2001; Wu et al., 2003; Y amazaki

and Shimada, 1998) with MIC formation for CYP3A4 (Table 3).

Linear Multiple Regression and Regression Tree Models for Kinact, Ki, and kinact/K; prediction.
The kinact and K values were estimated from in vitro studies with 27 compounds as described
previoudly. Linear multiple regression and regression tree models were fit with the twelve descriptors,
listed in the recursive partitioning section above, to predict Kinac, Ki, Kinac/Ki. Stratified randomization
was utilized to divide samples into three strata based on 33 percentile and 67 percentile of Kinaet and/or
K, values. Within each stratum, 2/3 of the samples (n=18) were randomly selected into the training set
and the remaining 1/3 (n=9) were selected into the external validation set. All variables were log-
transformed.

Two R functions, linear model, Im(), and treg() (R v 2.2.1), were implemented for regression
tree model construction. These two predictive models were based on five-fold cross-validation on

training set samples.

11
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RESULTS

Formation of Metabolic Intermediate Complex. MIC formation with each compound and
CY P3A4 (+bs) was determined spectrophotometrically. Figure 1 illustrates absorbance difference
changes by SKF-525A, a compound that inactivates CY P3A4 and forms MIC, by phencyclidine, a
compound that is not metabolized by CY P3A4 and does not form MIC, and lopinavir, a compound that
inactivates CY P3A4 but does not form MIC. The minimum detectabl e absorbance differenceis 0.002,
which correspondsto 31 pmol of complex or 16 % of total CY P3A4. The percentage of maximum
MIC was estimated by comparing the amount of MIC that was formed with the amount of CY P3A4
(+bs) that was used in the experiment. If a compound formed less than 16 % of maximum MIC then it
was considered a compound that does not form MIC. The MIC formation results are shown in Table 2.

Mechanism-based Inactivation Parameters. The Kina: and K values for 27 compounds were
estimated from in vitro preincubations with CY P3A4 (+bs). The estimates for each compound are
listed in Table 1. The kinax values ranged from 0.03-1.12 min™ and K values ranged from 0.1-12.5
uM.

Computational Methods. An initial comparison of the distributions of the molecular weights of
27 molecules that formed MIC to the 27 molecules that do not form MIC (Table 2, Supplemental
Figure 2) indicated mean values of 472 (standard deviation = 174, range 263.4 - 798) and 308
(standard deviation = 137, range 133.2 — 670.9), respectively, which were statistically significant
applying at-test with p<0.05. The mean calculated log P for MIC forming compounds, 3.92 (standard
deviation = 1.44, range 1.44-6.81) was not significantly different when compared with the mean
calculated log P for non-MIC forming compounds, 3.86 (standard deviation = 1.53, range 1.24-7.05),
applying the same statistical tests.

Pharmacophores for MIC prediction. Catalyst was used to generate common feature alignment

(HIPHOP) pharmacophores for compounds that formed MIC and those that did not. These preliminary

12
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pharmacophores represent the disposition of common chemical features such as hydrogen bond
acceptor, hydrogen bond donor and hydrophobe in 3D space. The pharmacophore based on the four
MIC forming compounds (SKF-525A, erythromycin, amprenavir, and norverapamil) indicated that
four hydrophobic features and a hydrogen bond acceptor were common (Figure 2a). The
pharmacophore for non-MIC forming compounds was smaller and possessed two hydrophobes and one
hydrogen bond donor (Figure 2b). The pharmacophore for compounds that were CY P3A4 inactivators
but did not form MIC was considerably larger and more feature rich (5 hydrophobes and 2 hydrogen
bond acceptor features) than the MIC pharmacophore (Figure 2¢). These pharmacophores represent a
gualitative approach and the MIC forming compound pharmacophore was used to evaluate the
mapping of several other literature compoundsincluding (+) beta-hydrastine, dimethyl-4,4'-
dimethoxy-5,6,5',6'-dimethylenedi oxybiphenyl-2,2'dicarboxylate (DDB) and roxithromycin which
show a good agreement with most of the features (Figure 3).

Recursive partitioning (ChemTree) for MIC prediction. Two different recursive partitioning
methods were used to produce models for MIC prediction. The first method was used to produce a
single tree model and the second model produced a 100 random tree model by applying ChemTreeto
all 54 moleculesin thetraining set. The single tree model (Figure 4) was produced that used two path
length descriptors (Young et al., 2002), C(CCC)-C(O) (e.g. this descriptor represents a carbon atom
attached to three other carbon atoms at a distance from a carbon-oxygen bond) and C(CCC)-N(CC),
out of 330 general descriptors that were initially generated. This model misclassified seven molecules
in the training set based on a score less than 0.5 for compounds that do not form MIC and a score
greater than 0.5 for compounds that do form MIC, such that 87 % were correctly predicted (Table 2).
The 100 random tree model generated with the same training set used 21 out of the 330 available
descriptors. The most frequently used descriptors were C(CCC)-N(CC), C(CCC)-C(CCC), C(CCC)-

C(CN), C(N)-C(O) and C(CC)-N(CC) (representing connectivity between the atoms listed). When the

13

20z ‘0z |Udy UOSfeUINOr 13dSY e BIo'sfeuIno fipdsepuwip Woly papeojumod


http://dmd.aspetjournals.org/

DMD Fast Forward. Published on May 30, 2007 as DOI: 10.1124/dmd.106.014613
This article has not been copyedited and formatted. The final version may differ from this version.

DMD #14613

observed versus predicted values for the 100 tree model were analyzed, five of the 54 compounds (91
% accuracy) were misclassified as non-MIC forming compounds (Table 2).

The single tree and 100 tree models both incorrectly assigned two of the twelve compoundsin
the validation test set (Supplemental Figure 3) representative of 83 % accuracy (Table 3). These
compounds were olopatadine M1 and miocamycin.

Recursive partitioning (Cerius” CSAR) for MIC prediction. The second recursive partitioning
tree model was generated with twelve descriptorsin Cerius? (Figure 5 and Supplemental Table 1
available online only). This CSAR mode classified correctly all of the moleculesin the training set
using the same 54 compounds that were utilized in the ChemTree models. This model was internally
validated using 10-fold, 5-fold, and 2-fold cross validation, resulting in 74 %, 80 % and 76 % correct
predictions, respectively. This stability in the predictions for the left out molecules perhaps also
suggests the stable nature of this model for external testing.

This model incorrectly assigned roxithromycin M2 and M3 as non MIC forming and
miocamycin as MIC forming, three of twelve compounds, in the validation test set, which represents
75 % accuracy (Table 3).

The combination of Cerius® molecular descriptors with ChemTree descriptors enabled another
100 tree modéd to be built with ChemTree. This used 37 of 342 available descriptors. The most
frequently used descriptors in addition to those path length descriptors previously mentioned, included
the radius of gyration from the Cerius® descriptors. This 100 tree ChemTree recursive partitioning
model was used to generate predictions for molecules that were not in the training set and the mean
score determined as described above. This model was used to score the validation set of literature
molecules for MIC formation and incorrectly assigned olopatidine M1 and miocamycin asMIC
forming, two of twelve which represents 83 % accuracy (Table 3).

Recursive partitioning (tree function in R) for MIC prediction. Another recursive partitioning

tree model (logistic mode tree function in R) was generated using the twelve descriptors from Cerius?

14
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(Figure 6 and Supplemental Table 1 available online only). This tree model was formed by optimizing
the gini function. It was then pruned by minimizing the misclassification rate in afive-fold cross-
validation. Thefinal tree model for the 54 training set molecules classified correctly 96 % of the
moleculesin the training set and contained hydrogen bond acceptor, radius of gyration, sum of atomic
polarization, and dipole magnitude descriptors. This model was also used to predict the tendency of the
literature test set moleculesto form aMIC. Among twelve compounds in the external validation set,
the model incorrectly assigned miocamycin as MIC forming, which relatesto 92 % accuracy (Table 3).

Logistic Regression Model for MIC prediction. Logistic regression was generated withaR
function generalized linear model (gim) and the twelve Cerius® molecular descriptors (supplemental
Table 1) to predict MIC formation. Logistic regression utilizes alogit transformation of descriptorsin
linear combinations to predict the probability of abinary outcome variable. Usually, maximum
likelihood estimation is utilized for estimating regression parameters. Fifty four drug compounds
served as the training set (Table 2), and twelve compounds represented the external validation set
(Table 3). The step-wise feed forward procedure was chosen to select and optimize prediction modd.
The internal validation was based on a five-fold cross-validation.

The logistic regression training data produced a predictive model in which the hydrogen bond
acceptor descriptor was the most important predictor (p-value = 0.002). The following equation was

used to predict MIC formation applying the hydrogen bond acceptor descriptor.

e—2.47+0.59>< Hbond_Acceptor

+€

Pr(MIC = +) =
( ) 1

—2.47+0.59xHbond_Acceptor

The logistic regression model had 80 % prediction accuracy for the 54 compoundsin the
training set. Among 12 compoundsin the external validation set, it incorrectly assigned miocamycin as
MIC forming, which represents 92 % prediction accuracy (Table 3).

Regression Tree Models for kinact, Ki, and kinac/ K| prediction. Recursive partitioning tree

models (tree function in R) were generated with twelve descriptors in Cerius? (Table 1 and
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supplemental table 1) for Kinact, Ki, and Kinacet/ K| prediction. The tree models were formed by optimizing
the gini function. It was then pruned by minimizing the sum of square of error in afive-fold cross-
validation. The final tree models exhibited coefficients of determination (R?) of 0.41, 0.39, 0.64, for
Kinact, K1, @nd kinaa/ K prediction, respectively, in the eighteen training samples and R? values of 0.12,
0.15, 0.05 in the nine validation samples (Table 4). The kina/ K| model contained sum of atomic
polarizabilities and hydrogen bond donor descriptors; the Kinae: model contained AlogP98 and hydrogen
bond donor, and the K, possessed dipole magnitude and density descriptors.

Linear Regression Models for Kinact, Ki, and kinac/ Ki prediction. Linear regression was
implemented with a R function Im. A step-wise feed forward procedure and a five-fold cross validation
were used to select optimal prediction models. The final regression models provided R? values of 0.16,
0.26, and 0.40 in the eighteen training samples for Kinaet, Ki, and Kinact/ K|, prediction respectively, and
R? values of 0.23, 0.26, and 0.11 in the nine validation samples (Table 4). The Kin/K; model
contained the rotatable bond descriptor; the kino: model contained the radius of gyration descriptor, and

the K; model possessed the sum of atomic polarization descriptor.
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DISCUSSION

Considerable research has focused on computational algorithms that can be used in drug discovery for
predicting molecular properties. These include rule based models for predicting the likelihood of
absorption (Lipinski et al., 1997), methods that have more graphical outputs for predicting binding to
CYPs (Ekins et al., 2001) or abstract QSAR methods applied to many proteins and properties relevant
to ADME/Tox (Ekins and Swaan, 2004) . Such calculations can be performed with very large numbers
of molecules to act as amolecule selection filter. Comparative molecular fields analysis (CoMFA) and
pharmacophore approaches have been used to model CY P enzymes involved in drug metabolism and
which have arole in important drug-drug interactions (de Groot et al., 1999a; de Groot et al., 1999b;
de Groot et al., 1996; Ekins et al., 2001; Jones et al., 1996) . Recursive partitioning methods have been
used extensively with large sets of molecules and either continuous (Chen et al., 1999; Chen et al.,
1998) or binary data, for therapeutic target end points as well as CY P inhibition (Ekins et a., 2003a)
and toxicity properties such as AMES mutagenicity status (Young et al., 2002). Linear regression is
perhaps one of the earliest approaches used for QSAR of P450 (Hansch and Zhang, 1993). The goal of
alogistic regression analysisisto find the best fitting, and most parsimonious probabilistic modd to
describe the relationship between an outcome and a set of predictors. What distinguishes the logistic
regression model from the linear regression model is that the outcome variable in logistic regression is
categorical. In fitting the logistic regression model, a maximum likelihood based approach is used to
estimate the regression parameters (Hosmer and Lemeshow, 1989). Logistic regression analysis has
been used for a QSAR modeling antibacterial study (Cronin et al., 2002) aswell asin other areas. In
the present study we have applied pharmacophore, recursive partitioning and logistic regression
methodsto aid in discriminating between MIC forming compounds and those which do not form an
MIC.

A preliminary comparison between CY P3A4 (+bs) MIC and non-MIC forming compounds based

on the mean molecular weight showed a significant difference between the two groups of compounds
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(p < 0.05) indicating that larger molecules are more likely to form MIC in vitro with CY P3A4 (+bs).
Another comparison was done on compounds that were CY P3A4 substrates compared to non CY P3A4
substrates, which resulted in asimilar outcome, i.e. there was a significant difference in the molecular
weights between the two groups. This difference may be due to the specific set of data used in our
study (the macrolide antibiotics and anti-HIV compounds tend to have higher molecular weights) and
may not be auniversal characteristic of substrates/inhibitors of CY P3A4. However there was no
significant difference between the ClogP between the two groups of compounds. The qualitative
approach of common feature pharmacophore alignments (Catalyst, 2003) for selected compounds
suggests that CY P3A4 (+bs) MIC formation requires at least multiple (four) hydrophobic interactions
and a hydrogen bond acceptor interaction. Conversely, non-MIC forming compounds appear to
possess fewer hydrophobic pharmacophore features with hydrogen bond donor rather than acceptor
interactions (Figure 1). Molecules that are inactivators but apparently do not form an MIC also appear
to be generally larger with more hydrophobic and hydrogen bond acceptor features that M1C and non-
MIC forming compounds.

The recursive partitioning approach confirmed these findings to some extent, as a key descriptor in
the ChemTree lowest rms scoring tree for the first split was C(N)-O(CC). Thishighlightsa
hydrophobic interaction while the second split C(CCC)-C(CN) is likely to represent a hydrogen bond
acceptor interaction some distance from a hydrophobic feature. The key molecular descriptors used in
all models aswell as the summary of the training and test set correlations are described in Table 5.
Similarly, in the single tree ChemTree model (Figure 3) selected for comparison with this multiple tree
model, the descriptor C(CCC)-C(O) represents the hydrogen bond acceptor while the descriptor
C(CCC)-N(CC) represents the hydrophobic interaction. When the different molecular descriptors
generated in Cerius’ CSAR were used with the ChemTree descriptors, different recursive partitioning

models can be produced that suggest the radius of gyration isan important descriptor aswell. Thisis
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interesting as the initial Cerius? CSAR tree model does not include any splits based on this descriptor.

The radius of gyration is calculated using the following equation:

2 2 2
Radiusof gyration = \/(E(X'+'+Z')j

where N is the number of atomsand X, y, z are the atomic coordinates relative to the center of mass
(Cerius®, 2003). When this descriptor is used, all twelve molecules with aradius of gyration less than
3.75 are not MIC forming, while a value between 3.75 and 3.95 suggests MIC formation for five
compounds. This descriptor is however less discriminating for the 23 molecules with radius of
gyration values above 3.95. Compared to the hydrogen bond and hydrophobic descriptors, radius of
gyration islikely lessimportant. While the ChemTree and Cerius® tree models classify the majority (10
of 12) of the literature test set molecules correctly it should also be noted that the addition of larger
numbers of trees did not improve the prediction accuracy in this case. The logistic regression model
only used a hydrogen bond acceptor descriptor and it possessed the highest prediction accuracy, (91.6
%), for the test set.

Thelinear and regression tree models for Kinae, Ki, and Kinaet/ K; prediction produced poor
statistics for training and testing. In addition, there was no consistency on the selected molecular
descriptors among the optimal prediction models. This potentially indicates either limitationsin the
feature set or the complexity of modeling such parameters with these methods alone.

The presence of an amine function does not always imply that a molecule will formaMIC
(Kajitaet al., 2002). For example, 3-hydroxy tamoxifen and 4-hydroxy tamoxifen do not form MIC
while tamoxifen and n-desmethyltamoxifen form MIC in vitro (Zhao et a., 2002). Some macrolide
antibiotics such as clarithromycin form MIC (Mayhew et a., 2000) while others like miocamycin do
not (Kasahara et al., 2000), which suggests the amine may be sterically hindered in the later case such
that it cannot orientate correctly in the CYP3A4 (+bs) binding site. Thistype of interaction may not be

picked up with the 2D-QSAR tree methods and may result in the misclassifications observed.
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It would also appear that requirements for CY P3A4 (+bs) mediated MIC formation requires other
molecular properties besides primary, secondary, tertiary amines or methylenedioxyphenyl features.
From this study, differentiating between MIC forming and non-MIC forming compounds is apparently
complex, likely requiring numerous hydrophobic and hydrogen bond acceptor features for MIC
formation. The pharmacophore for MIC forming compounds (Figure 1a) is similar to previoudy
published pharmacophores for CY P3A4 inhibitors (Ekins et al., 1999a; Ekins et al., 2003b) and
autoactivators (Ekins et al., 1999b) indicating that these binding sites may overlap to some extent.
Compounds that inactivate but do not form MIC with CY P3A4 may possess all of these features but be
too large overall. Thiswould suggest some important size and molecular feature constraints on
binding CYP3A4 (+bs) which lopinavir, saquinavir, and nefazodone appear to exceed as they possess
many more molecular features than MIC and non-MIC forming compounds. The non-MIC forming
compounds indicate that there may be a minimal set of molecular features for MIC formation to occur.
It isinteresting to speculate that these features may impact the orientation of a moleculein the
CYP3A4 binding site and the observation of MIC formation. For example the number of rotatable
bonds correlates with the molecular weight (r? = 0.68, using the data for 54 molecules from
Supplemental Table 1) and the number of hydrogen bond acceptors also correlates with the molecular
weight (r* = 0.75, using the data for 54 molecules from Supplemental Table 1) and these larger
compounds in turn tend to be MIC forming, upto apoint. In contrast the correlation between molecular
weight and the number of hydrogen bond donors is much lower (r* = 0.42 using the data for 54
molecules from Supplemental Table 1). This may indicate that molecules with greater conformational
flexibility and size can position themselves optimally to form an MIC, while smaller morerigid
molecules are less likely to be able to fulfill the key pharmacophore features. However, with increasing
conformational flexibility of molecules could come the increased likelihood that fewer of the MIC
formation events become observable with our current detection method, as many of the population of

conformations do not result in MIC formation. A recent X-ray structure of the MIC forming compound
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Erythromycin in CYP3A4 did not suggest the molecule was in a productive binding mode as the site of
metabolism was too far from the heme (Ekroos and Sogren, 2006), yet the authors did not indicate
whether the orientation could result in the MIC.

It isimportant to note that this present study used molecular descriptors calculated on the
parent molecule to predict MIC formation, when in fact ametabolite is actually binding to the heme.
Our results would indicate that the descriptors selected from the parent molecules are transferable to
capture the important features in the metabolites. Thisin itself may be valuable, as our approach
therefore does not require the a priori knowledge or prediction of the metabolite/s involved. However
once the metabolite/s isknown it may be possible to use combined descriptors for the parent and
metabolites as demonstrated previously for predicting N-dealkylation (Balakin et al., 2004). Future
work may assess the chemical reactivity of the molecules that form MIC and attempt to determine the
binding interactions with heme and elsewhere in the protein using site directed mutagenesis. In
addition the models could be further tested with much larger diverse test sets, as those molecules
selected in this study from the literature, represent six core structures.

An in vitro model was proposed that can predict the clinically observed inhibition of CY P3A4
after administration of clarithromycin, fluoxetine and diltiazem (Mayhew et al., 2000). In summary the
invitro rates for loss of CYP3A4 activity were used to predict thein vivo rates. Overall thein vitro-in
vivo predictions were in accord with the clinical data. The clinical significance of being able to predict
compounds that form MIC in humansis the constant polypharmacy that many humans subject
themselvesto on adaily basis. If one could predict a priori that acompound will formaMIC in
humans and what the kino: Value is, then it is possible to remove these types of structures from
combinatorial libraries and screening collections. In this manuscript, models were devel oped and tested
for prediction of compounds forming MIC with CY P3A4 (+bs). Ultimately, based on the resultsin this
study, the different QSAR models generated compliment the in vitro testing, representing a

preliminary approach to predicting CY P3A4 (+bs) MIC formation that may be improved with the
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addition of further molecules to the training set, different descriptors or other algorithms. These
approaches may be equally applicable to naturally occurring compounds aswell asto drugs. The
modeling methods could also be applied to other CY Ps which are known to form MIC (Chatterjee and
Franklin, 2003) such as CY P3A5 and CY P2D6, enabling a comparison with the CY P3A4 data
presented here, providing insght into the features important for MIC formation and representing a

more complete picture for pharmaceutical research.
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FIGURE LEGENDS

Figure 1. Metabolic intermediate complex formation of SKF-525A (A), phencyclidine (B), and
lopinavir (C) with CYP3A4 (+b5). Lines represent the change in absorbance difference for scans at 5
(—),15¢(...... ), 30 (———) and 60 (—..—..—..) minutes.

Figure 2. Common feature pharmacophores for a. MIC forming compounds (SKF-525A,
erythromycin, amprenavir, nor-verapamil), b Common feature pharmacophore for non-MIC forming
compounds (mifepristone, sertraline, 4-hydroxy tamoxifen and paroxetine) and c. non-MIC forming
compounds which inactivate CYP3A4 (lopinavir, saquinavir and nefazodone). Blue spheres =
hydrophobic, green feature = hydrogen bond acceptor, Purple spheres = hydrogen bond donor.

Figure 3. Test set MIC forming compounds fitted to the MIC common features pharmacophore a.
+beta-hydrastine, b. DDB, c. roxithromycin. Blue spheres = hydrophobic, green feature = hydrogen
bond acceptor.

Figure 4. An example of a single automatically generated recursive partitioning tree for CYP3A4
(+bs) MIC data is shown below. The parent population has 54 binary observations with a mean of 0.5
as half are MIC forming and half are non-MIC forming. The path length descriptor (Young et al.,
2002) C(CCC)-C(O) is an integer distance range within the molecule and can be split significantly (P
value = 7.77 e-7) two ways. From this point the remaining 40 compounds are split into 3 subsets using
C(CCC)-N(CC).

Figure 5. Cerius 2 CSAR tree modd for CYP3A4 (+bs) MIC data. In this decision tree, a branch
downwards indicates that the criteriawere satisfied, that is, TRUE. A branch upwards indicates that the
criteriawere not satisfied at that particular decision point.

Figure 6. The R version 2.2.1 (www.r-project.org) tree model for CYP3A4 (+bs) MIC formation.
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Table 1. Estimated kinat, Ki @and Kinae/ Ki generated with recombinant expressed CY P3A4 (+b5).

Kinact Ki Kinact/K |
Compound (min™) (uM) (min* mM™) References

D-617 0.07 79 9 (Wang et al., 2004)
N-desmethyltamoxifen 0.13 12.0 11

Fluvoxamine 0.05 3.7 13

Fluoxetine 0.04 2.3 17 (Mayhew et al., 2000)
Nortriptyline 0.04 21 19

Nefazodone 0.27 12.5 22

Clarithromycin 0.23 4.1 56 (Mayhew et al., 2000)
Tamoxifen 0.03 0.5 59 (Zhao et al., 2002)
R-verapamil 0.39 6.5 60 (Wang et al., 2004)
N-desmethylerythromycin 0.34 5.7 60

Erythromycin 0.17 2.3 75

14-OH clarithromycin 0.05 0.5 102

Amlodipine 0.35 2.6 135

Nicardipine 0.18 12 149
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Norverapamil
N-desmethyldiltiazem
S-verapamil

Lopinavir
Propoxyphene
Nelfinavir

Diltiazem

SKF-525A
triacetyloleandomycin
Mifepristone
Saquinavir
Amprenavir

Ritonavir

112

0.29

0.64

0.1

041

0.22

0.17

0.25

011

0.67

0.31

0.73

0.32

59

1.5

3.0

0.4

14

0.5

04

04

0.1

04

0.2

0.3

0.1

190

200

215

244

293

458

472

625

1222

1634

1824

2808

3200

(Wang et al., 2004)
(Mayhew et al., 2000)
(Wang et al., 2004)

(Ernest et al., 2005)

(Ernest et al., 2005)

(Jones et al., 1999)

(Ernest et al., 2005)
(Ernest et al., 2005)

(Ernest et al., 2005)

DMD #14613

All data were produced in this study except where explicitly referenced.
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DMD #14613
Table 2. Data on MIC formation with recombinant expressed CY P3A4(+b5) and used for training sets. CLogP and MWT were calcul ated

with ChemDraw for Excel (CambridgeSoft, MA).

Observed 100 tree
Compound MIC ™ 1 tree Predicted Predicted CLogP MWT Reference

14-OH-clarithromycin 1 1 0.99 144 750

3-OH-tamoxifen 0 0.29 0.36 6.15 388 (Zhao et d., 2002)
4-OH-tamoxifen 0 0.29 0.36 6.15 388 (Zhao et ., 2002)
Amitriptyline 0 0.29 0.28 4.85 277

Amphetamine 0 0.29 0.15 1.74 135

Amprenavir 1 1 1 3.6 520 (Ernest et al., 2005)
Benzphetamine 0 0.29 0.15 4.38 239

Brompheiramine 0 0 0.02 291 335

Chlorpheniramine 0 0 0.02 2.76 291

Clarithromycin 1 1 0.99 2.37 748 (Mayhew et al., 2000)
D-617 1 1 0.99 217 290 (Wang et al., 2004)
Desacetyl-diltiazem 1 1 0.99 2.96 372
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Desacetyl N-desmethyldiltiazem

Desipramine

Diltiazem

Diphenhydramine

Erythromycin
Fenfluramine
Fluoxetine
Fluvoxamine
Imipramine
Indinavir
Loperamide
Lopinavir *
MBDB

MDE
MDMA

Meperidine

Methamphetamine

Methylphenidate

0.29

0.29

0.29

0.29

35

0.99

0.8

0.99

0.28

0.99

0.15

0.94

0.76

0.28

0.36

0.28

0.36

0.02

0.02

0.02

0.15

0.02

0.24

2.37

4.47

3.65

3.54

2.37

33

4.57

3.32

5.04

3.68

4.66

7.05

2.38

2.38

1.85

2.23

1.89

2.56
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358

266

415

255

748

231

309

318

280

614

ar7

657

207

207

193

247

149

233
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(Jones et a., 1999)

(Mayhew et al., 2000)

(Ernest et al., 2005)

(Ernest et al., 2005)
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Mifepristone

Mirtazepine

N-desmethylclarithromycin
N-desmethyldiltiazem

N-desmethyltamoxifen

Nefazodone *
Nefinavir
Nicardipine
Norfluoxetine
Nortriptyline
Nor-verapamil
Orphenadrine
Paroxetine
Phencylclidine
Propoxyphene
Ritonavir
R-verapamil

Saquinavir *

0 0.29
0 0.29
1 1
1 1
1 1
0 0.29
1 1
1 1
1 0.29
1 1
1 1
0 0.29
0 0
0 0.29
1 0.29
1 0.29
1 1
0 0.29
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0.28

0.28

0.99

0.99

0.71

0.15

0.8

0.96

0.64

0.8

0.8

0.28

0.15

0.15

0.44

0.62

0.99

0.36

4.46

4.27

1.78

3.06

6.22

5.09

5.84

2.2

4.3

431

3.93

3.99

4.24

5.1

5.21

4.94

4.47

4.73

430

264

734

401

358

470

568

481

295

263

441

269

329

243

339

721

455

671
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(Mayhew et al., 2000)

(Ernest et al., 2005)

(Wang et al., 2004)

(Ernest et al., 2005)
(Wang et al., 2004)

(Ernest et al., 2005)
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Sertraline 0 0
SKF-525A 1 0.29
S-verapamil 1 1
Tamoxifen 1 0.29
TAO 1 0.29
Tranylcypromine 0 0.29

0.15

0.44

0.99

0.36

0.48

0.28

5.35

5.98

4.47

6.82

5.25

1.25

306

354

455

372

798

133

DMD #14613

(Wang et a., 2004)

(Zhao et ., 2002)

All data were produced in this study except where explicitly referenced. For predicted MIC formation, a value of > 0.5 was used for MIC

formation, avalue of < 0.5 for no MIC formation.
* molecules that do not form a MIC but inactivate CY P3A4

" 1 = molecule forms MIC, 0 = molecule does not form MIC
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DMD #14613
Table 3. Observed and predicted data for molecules in the validation test set.

Chemtree Logistic Logistic

Observed Chemtree Chemtree Cerius2 and Cerius?2 model model
Name MIC ltree 100 trees tree descriptors trees regression
Hydrastinine N 0.29 0.28 0 0.2 0 0
+beta-hydrastine Y 1 0.82 1 0.88 1 1
- beta-hydrastine Y 1 0.82 1 0.88 1 1
DDB+ Y 1 0.62 1 0.82 1 1
Olopatadine N 0.29 0.29 0 0.43 0 0
Olopatadine M1 N 1 0.8 0 0.61 0 0
KCNQ2 opener * N 0 0.43 0 0.47 0 0
Roxithromycin Y 1 0.99 1 0.99 1 1
Roxithromycin M1 Y 1 0.99 1 0.94 1 1
Roxithromycin M2 Y 1 0.99 0 0.99 1 1
Roxithromycin M3 Y 1 0.99 0 0.99 1 1
Miocamycin N 1 0.98 1 0.93 1 1

+ dimethyl-4,4'-dimethoxy-5,6,5',6'-dimethylenedi oxybi phenyl-2,2'di carboxylate
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* (S)-N-[1-(4-fluoro-3-morpholin-4-yl phenyl)ethyl]-3-(4-fluorophenyl)acrylamide
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Table 4. Coefficient of determination values for regression tree models and linear multiple regression used in the prediction of Kipac, Ki,

and Kinact/ K.
Kinect Ki Kinact/ K
Mode Set (min™®) (UM) (min“enM™)
Regression tree Training 041 0.39 0.64
Validation 0.12 0.15 0.05
Linear multiple regression Training 0.16 0.26 0.40
Validation 0.23 0.26 0.11

40

¥20¢ ‘0z |1dy uosfeunor 1345V e Bio'sjeuinofisdse-pwp wouy papeojumoq

UOSIOASIU) WO JBJIP AeLU UOSIOA [eul) Y L "PaIEULIO) PUe pa}ipeAdod usaq 10U sey ap e sIy L

€T9YT0'90T PWP/FZTT'OT :10A Se L00z ‘0E AeIN U0 paustiand “pfemiod 1sed4 AING


http://dmd.aspetjournals.org/

Table 5. Summary of molecular descriptors selected and training and test set correlations for MIC predictions.

Prediction Model Selected Descriptors Training (r) Test st ()
Pharmacophores Hydrophobic feature and NA NA
Hydrogen bond acceptor
ChemTree (1 and 100 Hydrogen bond acceptor and 49/54=91% 10/12 = 83.3%
tree models) hydrophobic
ChemTree 100 tree Hydrogen bond acceptor and 49/54=91% 10/12 = 83.3%
models with Cerius® hydrophobic and Radius of
descriptors Gyration,
Cerius’CSAR Tree Hydrogen bond acceptor, 54/54 = 100% 10/12 = 83.3%
Hydrogen bond donor, area, and
Dipole magnitude
TreeinR Hydrogen bond acceptor, radius of 52/54 = 96% 11/12 = 91.6%
gyration, sum of  atomic
polarization, and dipole magnitude
Linear modd in R Hydrogen bond acceptor, 43/54 = 80% 11/12 = 91.6%

NA — not applicable
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Figure 2

DMD Fast Forward. Published on May 30, 2007 as DOI: 10.1124/dmd.106.014613
This article has not been copyedited and formatted. The final version may differ from this version.
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Figure 4
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Figure 5
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Figure 6
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