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Abstract

The site of biotransformation, the extent and rate of metabolism and the number of active metabolic pathways are among the most important
characteristics of the pharmacokinetics of a drug. The catalytic activity of drug metabolizing enzymes is likely the most influential determinant of
the pharmacokinetic variability. Metabolic stability is the prerequisite for sustaining the therapeutically relevant concentrations. Metabolic inhibi-
tion and induction can give rise to clinically important drug—drug interactions. A variety of computational approaches are currently available for
predicting different cytochrome P450 (CYP)-related metabolism endpoints. The present review will describe these approaches and their impact
on drug development process. Indications on the available software for the implementation will also be given.

© 2006 Elsevier SAS. All rights reserved.
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1. Introduction

In the last few years the importance of favorable pharmaco-
kinetic characteristics for the development of a successful drug
has been widely recognized, so that absorption, distribution,
metabolism and elimination (ADME) evaluations are inte-
grated earlier into drug discovery strategies. Following this
paradigm, after the introduction of high- or medium-through-
put in vitro activity tests, computational tools are becoming
more and more popular for screening compounds with regard
to the relevant ADME properties [1-5].

Metabolism is one of the most complicated pharmacokinetic
properties to be understood and predicted. The metabolic beha-
vior of drugs depends not only on the physicochemical proper-
ties of compounds, but also on the characteristics of the in-
volved metabolizing system, whose expression depends in
turn on a number of genetic and environmental factors. The
site(s) of biotransformation (i.e. regioselectivity), substrate se-
lectivity, extent and rate of metabolism, inhibition and induc-
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tion properties are the most important aspects of the metabolic
behavior of new compounds. Their relevance is easily under-
stood in the process of drug discovery and development. It may
be difficult to sustain the therapeutically relevant concentra-
tions of rapidly metabolized compounds. Metabolic inhibition,
induction and/or competition for the same metabolic pathways
can give rise to clinically important drug—drug interactions. In
principle, metabolism is important for the elimination of drugs
from the body and the subsequent inactivation, but it also can
lead to the formation of pharmacologically active or toxic me-
tabolites. All these aspects should be evaluated as early as pos-
sible during the drug discovery process. In this respect, com-
putational tools can be used either for avoiding potential
metabolic issues or as alerts for including in the development
program appropriate evaluations of their relevance. Since cyto-
chromes P450 (CYPs) are the most important phase I enzyme
systems involved in drug metabolism [6], pharmaceutical com-
panies mainly focus their attention on evaluating CYP-related
endpoints for potential drug candidates [7]. Huge amounts of in
vitro metabolic stability as well as inhibition data obtained with
recombinant CYP preparations or liver preparations (micro-
somes, hepatocytes, slices, etc.), have been generated. During
the past several years a substantial progress in understanding
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CYP structure and mechanism has also been gained based on
the three-dimensional (3D) structures of bacterial enzymes [8].
Although these share only low sequences homology with
mammalian enzymes, certain regions of primary interest, such
as the heme and oxygen binding sites, are quite conserved
among different species. A substantial increase in this knowl-
edge will derive from the solution of the mammalian CYP
structures using X-ray crystallography. Until recently, this ap-
proach was thought to be impossible due to considerable diffi-
culties in obtaining crystals; however, the first papers on a rab-
bit (CYP2C5) and two human CYP isoforms (CYP2C9 and
CYP3A4), both unliganded and in complex with few substrates
and inhibitors, appeared recently in the literature (Fig. 1) [9—
13]. The increasing knowledge of CYP structure, activity and
regulation, together with the generation of new data, is giving
momentum to the development of computational models in-
tended to predict the metabolic endpoints of new compounds.
In a recent comprehensive review on the modeling approaches
on CYPs activity and substrate selectivity the methodologies

Fig. 1. X-ray crystallographic structures of human CYPs a) CYP3A4 in
complex with metyrapone inhibitor (IWOG Protein Data Bank code), b)
CYP2C9 in complex with flurbiprofen substrate (IR9O Protein Data Bank
code).

were classified as ligand, protein or ligand—protein interac-
tion-based approaches [14]. Ligand-based approaches are mod-
eling methods that use the structural information of the mole-
cules interacting with the target (i.e. CYP(s)) of interest. These
approaches include quantum mechanics (QM) methods, quan-
titative  structure—activity/property relationships (QSAR or
QSPR), three-dimensional QSAR (3D-QSAR) and pharmaco-
phore generation. QM methods are based on ab initio or semi-
empirical calculations for providing a description of the elec-
tronic structure of ligands and for calculating the activation
energies of a given reaction. QSAR are mathematical relation-
ships linking chemical structure (encoded by calculated de-
scriptors) and metabolic properties in a quantitative manner.
Various linear and non-linear statistical techniques in combina-
tion with different molecular descriptors can be used for such
purpose. 3D-QSAR involves the analysis of the quantitative
relationship between the biological activity of a set of aligned
compounds and their 3D electronic, steric and hydrophobic
properties. Pharmacophore generation is a procedure to identi-
fy, from a series of molecules characterized by a similar meta-
bolic property, the common structural features and their 3D
spatial arrangements assumed to be responsible for that activ-
ity. Protein-based methods rely upon the structural information
extracted from the X-ray crystallographic and/or homology
protein structures. These also include docking techniques for
the exploration of possible binding modes of a ligand to a gi-
ven enzyme or receptor. In the ligand—protein interaction-based
(mixed) approaches, a synthesis of the information on both li-
gands and proteins is attempted, in relationship to the relevant
metabolic property.

In this review, the classification mentioned above will be
used; however, since the attempt is to describe approaches re-
lated to more general CYP-mediated properties of drug candi-
dates, the text will be mainly structured by metabolism end-
point. Depending on the data and structural information used,
these models can have local or more general applicability in
metabolism predictions.

2. Prediction of regioselectivity

The prediction of the most likely metabolic labile site(s) of a
drug candidate can be relevant for several reasons. For exam-
ple, once the labile sites have been identified, lead compounds
can be optimized adopting the appropriate structural modifica-
tions aiming to reduce the rate of metabolism and/or avoid the
formation of potential toxic metabolites. For example, the ma-
jor metabolic pathway of tolbutamide is the oxidation by
CYP2C9 of the benzylic methyl group. This pathway is inac-
tive in chlorpropamide, which incorporates a chlorine atom in
this position. This modification reduces the plasma clearance
and increases the half-life (approximately from 5 to 35 h)
and, in turn, the duration of action [15]. In silico prediction
of the potential labile sites could also provide assistance for
the identification of the chemical structures of metabolites ex-
perimentally determined by mass spectroscopy techniques [16].
A summary of the reviewed approaches is reported in Table 1.
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Table 1

Computational approaches for modeling CYP regioselectivity

Endpoint Training set ~ Experimental data Methodology References

Ligand-based approaches

CYP-mediated aliphatic oxidation Organics Sites of biotransformation Semi-empirical QM calculation [17,18]

CYP-mediated aromatic oxidation Organics Sites of biotransformation Semi-empirical QM calculations [19]

CYP3A4-mediated hot spots Drugs Sites of biotransformation Trend vector model [20]

Protein-based approaches

CYP regioselectivity Drugs Sites of biotransformation Docking of substrates into CYP homology models [21-30]

Mixed approaches

CYP2D6 mediated hydroxylation and  Drugs Sites of biotransformation Docking into CYP2D6 homology model, [31]

O-dealkylation pharmacophore and MO calculations

CYP2D6 mediated N-dealkylation Drugs Sites of biotransformation Docking into CYP2D6 homology model, [32]
pharmacophore and MO calculations

CYP2C9 mediated oxidation Drugs Sites of biotransformation Docking into CYP2C9 homology model, [33]
pharmacophore and MO calculations

CYP2C9 mediated hydrogen Drugs Sites of biotransfomation GRID-based characterization of homology enzyme [34]

abstraction

binding site and substrates followed by similarity
analysis

2.1. Ligand-based approach

Based on the assumption that the ability of a compound to
be metabolized by a particular CYP isoenzyme mainly depends
on its physicochemical characteristics, some authors developed
models for predicting the site(s) of biotransformation based on
the structural features of the molecules, without taking into ac-
count the enzyme active site. These methods mainly rely upon
QM approaches for calculating the energies involved in the
process.

Korzekwa et al. [17,18] applied semi-empirical QM meth-
ods for predicting the regioselectivity of CYP-mediated hydro-
gen atom abstraction reactions. This approach was based on the
assumption that the relative tendency of hydrogen atom ab-
straction by the CYP enzymes was due to the stability of the
formed radical. The developed electronic model was able to
predict aliphatic hydroxylation, amine dealkylation, and O-
dealkylation of relatively small and hydrophobic molecules
for which the substrate—protein interactions would have only
a marginal effect on regioselectivity. More recently, the predic-
tive capacity of such model was extended to CYP-mediated
aromatic hydroxylation [19]. This computational model com-
bined experimental data and semi-empirical QM calculations
to predict the activation energies for aromatic and aliphatic hy-
droxylation of relatively small molecules. The model was ex-
pected to work better with substrates and enzymes that showed
little preference in their active site orientation upon binding,
such as CYP1A2, CYP2B1, CYP2B4, CYP2EI and CYP3A4.
For larger compounds with an increased number of functional
groups, electronic models should be combined with approaches
that also accounts for the binding effects.

Singh et al. [20] developed a rapid semi-quantitative model
for identifying CYP3A4-mediated “hot spots”. The model was
based on the assumption that the CYP3A4 substrate liability
was mainly dependent on the electronic environment surround-
ing the hydrogen atoms. In addition, it was assumed that the
extraction of a hydrogen atom was the rate-determining step.
Therefore, the model was based on the energy needed to re-
move a hydrogen radical from each molecular site and the sur-

face area exposure of the hydrogen atom. Since AM1 semi-
empirical QM calculations were too time consuming for rou-
tine work, the authors developed a statistical trend vector mod-
el to estimate the AM1 abstraction energy of a hydrogen atom
from its local atomic topological environment. With this model
the hydrogen abstraction energies of 50 CYP3A4 substrates,
not included in the original model, were predicted. It was
found that 78% of the hydrogen atoms with abstraction energy
lower than 27 kcal/mol and solvent accessible surface area ex-
posure greater than or equal to 8.0 A% were the most suscepti-
ble ones for CYP3A4-mediated hydroxylation. The approach
was rapid and accurate, even if in few cases it was unable to
predict the likely site(s) of metabolism.

2.2. Protein-based approaches

Since the metabolically labile positions within a substrate
should be in close proximity to the reactive center of the
CYP metabolizing enzyme (i.e. the heme), many authors were
able to correctly identify the sites of metabolism by studying
the substrate—enzyme complexes. Historically, several protein-
based approaches relied on crystal structure information ob-
tained from bacterial homologues. These models were mainly
used to analyze specific substrate—enzyme interactions in an
attempt to rationalize observed metabolic transformation.
Therefore, several authors [21-30] docked a set of known sub-
strates into the active sites of corresponding CYP enzymes. In
general, the docking results obtained were consistent with ex-
perimental site-direct mutagenesis data and metabolite forma-
tions, i.e. the oxidative site(s) within a molecule were relatively
close and oriented toward the ferric atom of the heme.

2.3. Mixed approaches

In some cases, the information related to the structure of
proteins and ligands were combined to provide better predic-
tions of the site of metabolism. In one of these interesting ap-
proaches, a homology model, constructed using the bacterial
CYP101, CYP102 and CYP108 crystal structures, was used
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in combination with a 3D pharmacophore model and QM cal-
culations performed on substrates, metabolic intermediates and
products, for predicting CYP2D6-mediated hydroxylation and
O-dealkylation of 40 substrates [31]. The combined protein
and pharmacophore model was further extended to another
pharmacophore to take into account the CYP2D6-mediated
N-dealkylation reactions [32]. The resulting model, based on
51 substrates and 72 related metabolic pathways, correctly pre-
dicted six of the seven observed CYP2D6-formed metabolites
not included in the model and identified two possible metabo-
lites not detected experimentally. The same approach was ap-
plied for predicting CYP2C9-mediated metabolism sites of 27
substrates [33]. In this case, the protein homology model was
built using the crystal structures of rabbit CYP2C5 and bacter-
ial CYP102. The combined approach correctly predicted the
metabolism of four substrates not included in the model. The
authors highlighted that this combined methodology increases
the understanding of the CYP active sites and their interactions
with the substrates, since it takes into account the substrate
reactive sites as well as the steric and electronic properties of
the surrounding enzyme.

Another combined approach described by Zamora et al. [34]
was based on a comparison between alignment-independent
descriptors derived from GRID molecular interaction fields
(MIF) for the CYP2C9 active site, based on a CYP2C9 homol-
ogy model developed from rabbit CYP2CS, and a fingerprint-
distance representation of all hydrogen atoms present in a po-
tential substrate. The Carb6 similarity index was used to com-
pare the CYP2C9 active site with all the hydrogen atoms pre-
sent in the substrates. The different hydrogen atoms present in
any substrates were ranked according to the total similarity in-
dex. Hydrogen atoms with the highest similarity represented
the most likely sites to undergo oxidative metabolic reactions.
The method was validated with 87 CYP2C9-catalyzed oxida-
tive reactions reported in the literature for 43 different sub-

strates. In more than 90% of these cases, the hydrogen atom
ranked at the first, second or third position was the experimen-
tally reported site of oxidation.

In general, in the approaches to the prediction of the site of
metabolism it is difficult to define consistent endpoints for
comparison of different methodologies. In certain cases it
may be important to identify the individual, most important
biotransformation pathway. In case of metabolism-mediated
toxicity, on the contrary, it may be more important to predict
minor pathways. In any case, the mixed approaches, making
use of the information gained from both ligand and protein
structure, are likely the most efficient approach to the problem.

3. Prediction of CYP substrate specificity

Although all approaches reported above are useful to iden-
tify the most likely sites of CYP-mediated metabolism for
compounds, none of them are able to predict whether a mole-
cule will be a substrate, non-substrate or inhibitor of a particu-
lar CYP isoform. In this respect, QSARs, alone or in combina-
tion with protein structure-based homology models, have been
applied for predicting CYP substrate specificity. A summary of
the models described below are reported in Table 2. In general,
lead candidates that are a substrate of a specific CYP isoform
(for example, CYP2D6) tend to be deprioritized in drug dis-
covery, due to the difficulties (e.g. polymorphism, drug—drug
interactions) that will be encountered in the subsequent devel-
opment [35].

3.1. Ligand-based approaches

Many approaches have been proposed for identifying sub-
strates of the different CYPs based on the common structural
features of series of compounds known to be metabolized by a
specific isoenzyme.

Table 2
Computational tools for modeling CYP substrate specificity
Endpoint Training set Experimental data Approach References
Ligand-based approaches
CYP3A4 substrates 38 drugs K Catalyst pharmacophore and PLS-QSAR [36]
CYP2B6 substrates 16 drugs K Catalyst pharmacophore and PLS-QSAR [37]
CYP1A2, 2A6, 2B6, 2C9, 2C19, 2D6, 11,6, 10,8, 8, 10, 10, K4 and K, MLR-QSAR using logP, logD; 4, H-bond donors, [38]
2E1 and 3A4 substrates 10 drugs, respectively acceptors, LUMO and HOMO energies, ionization
potential and dipole moments.
CYP2D6 substrates 24 drugs K CoMFA model [39]
CYP substrates and non-substrates 485 substrates and Substrates and Kohonen learning approach applied to calculated [40]
523 products products for 38 CYPs descriptors (size, H-bonding potential, charge,
lipophilicity, reactivity)
CYP3A4 substrates and inhibitors 491 drug-like K Kohonen learning approach applied to calculated [41]
descriptors (lipophilicity, H-bonding potential,
flexibility)
Ligand and protein mixed approaches
CYP2B6 substrates 16 drugs K Catalyst pharmacophores and CYP2B6 homology [42]
modeling
CYP1A2, 2D6 and 3A4 substrates 50 drugs CYP1A2, 2D6 and Semi-quantitative models based on calculated [43]
3A4 substrates and characteristics of substrates (LUMO, volume and
non-substrates surfaces) and substrate-CYP homology model
complexes
CYP2D6 substrates 24 drugs Kn CoMFA model and CYP2D6 homology model [44]
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The Kinapparenty data of 38 known CYP3A4 substrates taken
from different literature sources were used to build a pharma-
cophore model using the Catalyst software [36]. The pharma-
cophore consisted of four features: two hydrogen bond accep-
tors, one hydrogen bond donor and one hydrophobic region.
The distance of the two inter-hydrogen bond acceptor was
7.7 A, whereas the hydrophobic region and hydrogen bond do-
nor were 6.6 and 6.4 A away from one of the hydrogen bond
acceptors, respectively (Fig. 2). The model was able to predict
all K apparenty Values of 12 substrates in the test set with resi-
duals smaller than 1 log unit. A similar approach was used for
CYP2B6 [37]. Two different QSAR analyses were developed
on a small training set of 16 substrates using Ko apparent) Values
generated with B-lymphoblastoid expressed CYP2B6. A phar-
macophore model generating from Catalyst was compared with
a partial least squares (PLS) model developed using surface-
weighted holistic invariant molecular (MS-WHIM) descriptors.
This pharmacophore hypothesis produced four important fea-
tures for ligand binding to the active site, namely three hydro-
phobes and one hydrogen bond acceptor. The three hydropho-
bic regions present in the pharmacophore were located at
distances of 5.3, 3.1, and 4.6 A from the hydrogen bond accep-
tor, and had intermediate angles of 72.8 and 67.6°. The leave-
one-out cross-validation of PLS gave a good ¢ value of 0.607.
The pharmacophore and PLS MS-WHIM models were then
validated with an external set of five compounds covering a
narrow range of Kyapparent- Both models failed to predict
one compound in the test set, while for the remaining four
the predictions showed error less than 1 log unit.

A set of quantitative structures metabolism relationships for
identifying CYP1A2, CYP2A6, CYP2B6, CYP2C9,
CYP2C19, CYP2D6, CYP2El and CYP3A4 substrates has
been published by Lewis et al. [38]. The K4 and K, values,

Fig. 2. Pharmacophore features and spatial arrangements of CYP3A4
substrates. Color code: hydrophobic areas: cyano, hydrogen bond donor
features: purple, hydrogen bond acceptor features: green. Vectors show the
direction of the putative hydrogen bond donors (from Ref. [36]).

expressed as RT/ogKy or RTlogK,,,, were correlated by multi-
ple linear regression (MLR) analysis with descriptors related to
lipophilicity, polarity and electronic molecular properties. Such
descriptors included logP, logD7 4 number of H-bond donors
and acceptors, the lowest unoccupied molecular orbital
(LUMO) and the highest occupied molecular orbital (HOMO)
energies, ionization potential and dipole moments. Although
the models are easily interpretable, they have limited value
since they were based on a few data and were not evaluated
with external data sets.

Haji-Momenian et al. [39] applied a comparative molecular
field analysis (CoMFA) to predict the substrate specificity to-
wards CYP2D6 enzyme. The model was based on a training
set of 24 substrates with experimental K, values from liver
microsomal CYP2D6 spanning more than 3 log units. The
CoMFA model obtained was tested predicting the K, values
of 15 substrates which are not present in the training set. A
correlation coefficient 7> for the predicted versus observed K,
values of 0.62, demonstrated the predictive ability of the model
described.

Using an unsupervised machine learning approach, structure
metabolism relationships were developed to discriminate be-
tween human CYP substrates and non-substrates [40]. The
study involved several steps including a collection of 2200
substrates-products for 38 human CYPs. After determination
of the most typical CYP-mediated metabolic reactions for each
group, a set of 485 CYP substrates and 523 products were
analyzed using unsupervised Kohonen learning approach and
a set of seven selected descriptors related to molecular size, H-
bonding potential, surface charge properties, lipophilicity and
reactivity. Substrates and products occupied distinct areas on
the generated Kohonen self-organizing maps (SOMs). The
model was able to correctly classify 76.7% of substrates and
62.7% of products, as defined by their localization in the cor-
responding area of the Kohonen maps. SOMs were also devel-
oped for each group of CYP1AL, 1A2, 2C19, 2C9, 2D6, 2El,
and 3A4 specific substrate selected. The substrates for
CYP2C9 and CYP2E1 were widely distributed within the
map, while substrates for the remaining isoenzymes were
mapped in different distinct areas. The model was not validated
with any external set of data, but, in theory, it could be used to
predict the CYP specificity of potential substrates.

SOMs were also developed to discriminate compounds with
low (<10 uM) or high K, (> 100 uM) values [41]. In this
study a set of 491 drug-like compounds with experimentally
apparent K, values versus 12 human CYPs, was used. After
calculating six molecular descriptors related to molecular lipo-
philicity, H-bonding potential and molecular flexibility, unsu-
pervised learning classification models were developed for
each CYP and the entire K,, data set. Only the SOM for
CYP3A4 was statistically significant, able to correctly classify
91% high K, and 97% low K, molecules. Since compounds
that bind human CYP may also act as inhibitors, two sets of 33
and 15 CYP3A4 competitive inhibitors, respectively, were pro-
cessed on the CYP3A4 SOM. Ninety-four percent and 87% of
the two data sets were located in the areas of low K, CYP3A4
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molecules. The non-linear SOM developed was proposed as a
high-throughput filter for early identification of potential
CYP3A4 substrates/inhibitors.

3.2. Mixed approaches

In some of the approaches, the characteristics of the ligands
were combined with the information on the protein structure to
obtain predictive models for evaluating substrate specificity.
Wang and Halpert [42] published a combined pharmacophore
and homology model for CYP2B6 substrates. The training and
test sets used in this study were similar to those used in one of
the above reported papers [37]. A 3D model of CYP2B6 was
built based on the crystal structure of CYP2CS5. The reaction
metabolic sites present in all 16 CYP2B6 substrates used as the
training set were aligned and two Catalyst pharmacophores
models generated. Both pharmacophores, which include two
hydrophobic regions and one hydrogen bond acceptor, were
found to be complementary but located in two different regions
of CYP2B6 homology model. Combining the CYP2B6 struc-
tural information with the two pharmacophores, the Ky, apparent)
values of four out of five compounds not included in the train-
ing set, were predicted with an error less than 0.7 log unit.

Semi-quantitative models for predicting the substrate speci-
ficity towards CYP1A2, CYP2D6 and CYP3A4 enzymes were
obtained by analyzing the CYP active sites and a set of specific
and non-specific substrates unbound and bound with the three
CYP enzymes [43]. The 3D models of CYP1A2, CYP2D6 and
CYP3A4 were built using the X-ray crystallography structures
of four bacterial cytochromes as templates. It was highlighted
that some of the structural differences among 1A2, 2D6 and
3A4 resided in the shape and dimensions of the binding sites.
For example, the cavities of CYP1A2 (almost flat according to
the structural features of its substrates) and 2D6 were smaller
than that of 3A4. Fifty compounds, including specific and non-
specific CYP substrates, were docked in the cytochromes using
the program DOCK. The total interaction energies (/E,) and
the van der Waals contribution to the total interaction energies
(IEy4w) of the substrate—enzyme minimized complexes, were
found important descriptors for predicting CYP substrate spe-
cificity. For example, the binding of substrate into the 2D6
active site should be mainly favored by hydrogen bonding
and electrostatic interactions. In contrast, van der Waals attrac-
tive interactions mainly stabilized the complexes involving the
enzymes 1A2 and 3A4. In addition, descriptors calculated from
the unbound substrates such as the energy of LUMO (ELymo),
molecular volume (V,,,1) and the ratio between the hydrophilic
component and the total solvent accessible surface (Spni/Sior)s
were found relevant for substrate specificity. Based on these
analyses, an interesting protocol summarized below was pro-
posed for predicting the specificity of a substrate towards
1A2, 2D6 and 3A4 enzymes:

e A substrate, to be specific for 2D6, should carry a proto-
nated nitrogen atom and have van der Waals contribution
to the total interaction energies for its complex with 2D6,

expressed as a ratio between [Eqy and [E. (IEyqw/IEior),
significantly lower than 0.8. For the same compounds,
IE 4w/IE for the substrate-1A2 and 3A4 complexes should
have values close or lower than 0.83.

e Specific substrates for 1A2 and 3A4 may be neutral or pro-
tonated. 2A) Protonated substrates specifically for either
1A2 or 3A4 should display /E,4/IE values for their com-
plexes with each of the three cytochromes close to or higher
than 0.83. Since /E 4./IE;; 1S not able to discriminate 1A2
from 3A4 specific substrates, other parameters such as /E,,
Vot should be taken into account. The following rules
should work also for neutral substrates. 2B) A neutral or
protonated substrate may be predicted specific for 1A2
when Vo is lower than 200 A® and IE,, of its complexes
with 1A2 and 3A4 is higher than —40 kcal/mol. On the other
hand, a specific substrate for 3A4 should have a V},,,; greater
than 275 A® and an IE,, of its complexes with 1A2 and 3A4
significantly lower than —50 kcal/mol. 2C) In addition, size
and shape descriptors like Vo1 and Sppi/Sior may be used to
improve the predictive power of 1A2/3A4 specificity mod-
els.

e Compounds that fail to fulfill the above conditions are pre-
dicted to be non-specific substrates.

Using literature K, values for 24 compounds, a Catalyst
pharmacophore model was built to understand the CYP2D6
substrates requirements [44]. This pharmacophore contained
one hydrogen bond acceptor, two hydrophobic regions and
one positive ionizable feature. It was tested with 28 K, data
not included in the model. An /* correlation coefficient of ac-
tual versus predicted K, log transformed values of 0.36 indi-
cated that the model was useful only for ranking external com-
pounds. A 3D model of human CYP2D6 was built based on
the crystal structure of mammalian CYP2CS. Docking studies
on fluoxetine attempted to rationalize its metabolite formations.
The pharmacophore was superimposed onto the docked fluox-
etine and it represented the active site of CYP2D6 reasonably
well with the exception of the hydrogen acceptor feature.

4. Prediction of rate and extent of metabolism

The drug discovery programs in many pharma industries
include assays for screening out the compounds characterized
by low metabolic stability. However, only few examples of
models for predicting the rate and, in turn, extent of metabo-
lism can be found in the literature (Table 3). In most cases only
ligand-based approaches are available, despite the complexity
of this multifactorial property. The absence of comprehensive
approaches that take into consideration for instance both pro-
tein and ligand structures, the activation energies and the exit
rate of the biotransformation products is the likely reason why
the development of predictive models for estimating the meta-
bolization rate is probably lagging behind in comparison to
some of the other CYP-related properties.
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Table 3

Computational tools for modeling rate and extent of metabolism

Endpoint Training set Experimental data Approach References
Human intrinsic clearance 26 and 18 drugs CLint Catalyst pharmacophore and QSAR [45]
Human metabolic stability 631 Categories based on % K-nearest neighbor QSAR (topological descriptors) [46]

stability in human S9

Rat metabolic stability 87 calcitriol analogs

Percent stability in rat S9

PLS-QSAR (BCUT, Qikprop, topological descriptors) [47]

Human CYP3A4 metabolic 1800 Categories based on % PLSD-QSAR (Volsurf, GRIND descriptors) [48]
stability stability in human

CYP3A4
In vitro CYP3A4 and CYP2D6 83 Vinax NN-QSAR (geometry, electronic and H-bond [49]

N-dealkylation rate

potentials descriptors)

An attempt to predict in vitro human intrinsic clearance
(CLint) was done by using Catalyst-based pharmacophore
and descriptor-based QSAR analyses [45]. Two training sets,
consisting of 26 and 18 molecules, were modeled separately.
The 26 ligand-based pharmacophore consisted of two hydro-
phobes, a hydrogen bond acceptor and an aromatic ring fea-
ture, while the 18 compound-based model contained two hy-
drogen bond acceptors, a hydrophobe, and a positive ionizable
feature. Although the two sets generated markedly different
phamarcophores, each of these models was used to predict
the CLint in the other data set. As expected, poor predictive
power characterized both models. An alternative technique
was applied for modeling the previous data sets. Two different
descriptor-based QSAR equations were generated but none of
them showed an improved predictive performance compared to
the pharmacophore models.

Descriptor-based QSPR models were applied for modeling
the metabolic turnover rate measured in human S9 homoge-
nates of 631 compounds [46]. The analyzed molecules were
divided in four classes (i.e. stable, moderately stable, moder-
ately unstable, unstable) according to their experimental per-
cent turnover. The models were developed with topological
molecular descriptors such as molecular connectivity indices
or atom pairs using the k-nearest neighbor variable selection
optimization method. About 90% of the whole data set was
used to develop the models while the remaining 10% being
used to test. The models were additionally validated with a
set of ~100 compounds including ~65% of stable molecules.
The average accuracy of all models in assigning external com-
pounds to the stable class was 85%. Although the models ap-
peared reasonably good in predicting stable compounds, they
cannot be easily reproduced since structural information and
model parameterizations were not disclosed.

QSAR models were developed to predict the metabolic sta-
bility of calcitriol analogs [47]. A set of 130 analogs with
known values of in vitro metabolic stability determined in rat
post-mitochondrial liver fraction (S9), was used to develop the
models. A total of 201 descriptors, including 161 standard 3D
BCUT, 31 physicochemical properties computed using Qik-
Prop software and nine topological indices were calculated
for each of the 130 compounds. The metabolic stability data
of 87 analogs were correlated to a subset of descriptors se-
lected using five different variable selection methods using
PLS. A further PLS model was developed using three of the
most commonly selected descriptors in the five different selec-

tion methods; i.e. number of double and ether bonds in the side
chain attached to carbon 17 and the stereochemistry at carbon
20. The models obtained were tested with an external set of 43
compounds. The QSMR were also applied for predicting the
metabolic stability of 244 virtual calcitriol analogs. Twenty of
them were then selected and tested for in vitro metabolic sta-
bility. The PLS models showed good performance by predict-
ing correctly the metabolic stability of 17 out of 20 selected
compounds.

A PLS discriminant (PLSD) model was developed and ex-
tensively validated for predicting human CYP3A4 enzyme sta-
bility of potential drug candidates [48]. The model was trained
using a set of 1800 compounds and validated with two test
sets: the first one including 825 compounds from ex-Pharmacia
collection and the second one consisting of 20 known drugs.
The descriptors, calculated from the 3D MIF (i.e. Volsurf and
GRIND descriptors), were correlated to the experimental meta-
bolic stability classes by a PLSD procedure. The model cor-
rectly predicted 75% of the first and 85% of the second test
set and showed a precision above 86% to correctly select me-
tabolically stable compounds. The PLS coefficients that mostly
contribute to explain the PLSD model were also reported, pro-
viding indications on how a candidate compound can be mod-
ified to improve its stability.

Balakin et al. [49] proposed a neural network (NN) QSPR
analysis for modeling N-dealkylation reaction rates mediated
by human CYP3A4 and CYP2D6. A total of 83 metabolic N-
dealkylation reactions with experimental logV,.. values for
both enzymes were analyzed in this work. The novelty in this
approach resided in using descriptors generated from the whole
molecule, the reaction centroid and the leaving group. The final
descriptors selected based on different approaches, were then
correlated with logV,,.x values using NN algorithm. The most
important whole molecule related descriptors identified en-
coded geometric, electronic and H-bonding potential proper-
ties, whereas the descriptors related to the molecular fragments
(i.e. reaction centroid and the leaving group) described mainly
the steric hindrance of the reactive centers. The CYP3A4 and
CYP2D6 models, characterized by high cross-validated leave-
one-out correlation coefficients were validated with external
sets of data. A correlation coefficient +* of 0.90 and 0.94 be-
tween the experimental and predicted V., values for CYP3A4
and CYP2D6 external sets confirmed a good predictive perfor-
mance of both models.
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5. Prediction of inhibitors

Compounds characterized by a strong inhibitory activity of
the drug metabolizing enzymes can give rise to even fatal
drug—drug interactions. An example of the severity of these
events is the rhabdomyolysis caused by the coadministration
of statins with CYP inhibitors [50]. The inhibition of CYPs is
therefore a liability that discovery programs try to avoid. A
variety of approaches (in some cases classified as descriptor-
based, protein-based and pharmacophore-based [51]) were
used for developing predictive models capable of anticipating
the behavior of chemicals toward the inhibition of the most
important drug metabolizing enzymes (Table 4).

5.1. Inhibitor-based approaches

Descriptor-based statistical methods are typically proposed
as fast filters to be implemented in the first phases of discovery
to model inhibition data expressed categorically or quantita-
tively, in terms of ICs, or inhibition constants (K;). Recursive
partitioning (RP) was proposed for identifying inhibitors of hu-
man CYP2D6 [52] on the basis of the published K; of a set of
100 compounds with diverse structures. Different descriptor

families were calculated for all compounds (Cerius2 topologi-
cal, electrotopological, and physicochemical parameters, frag-
ment keys and 1D similarity scores) and a filtered pool of them
was obtained using a Monte Carlo annealing algorithm de-
signed to produce a 25-variable linear least-squares fit of a ca-
tegorical inhibition variable. Approximately half of the descrip-
tors were 1D similarity indices to specific members of the
training set. The approach was able to capture 48/59 (81%)
of the inhibitors and 27/41 (66%) of the non-inhibitors, with
an overall accuracy of 75%.

RP was also used for the generation of virtual filters for
inhibition of CYP2D6 and CYP3A4 [53] by means of Chem-
tree software. The % inhibition data for the two enzymes (1759
and 1756 compounds, respectively) were used for generating
20 random tree models. These models were applied to an ex-
ternal data set of 98 molecules and they were able to generate a
statistically significant rank ordering of the inhibition data
(Spearman’s p = 0.46, P <0.0001).

Another virtual screening filter for identifying CYP3A4 in-
hibition liability [54] was developed using PLS. Different mo-
lecular descriptors were used to describe the compounds
(among the others those calculated with the CATS software
and those proposed by Ghose and Crippen). Inhibition data,

Table 4
Computational approaches for modeling CYP inhibition
Endpoint Training set Experimental data Approach References
Inhibitor-based approaches
CYP2D6 100 K; RP ensemble approach, 2D descriptors (Cerius2 [52]
topological, electrotopological, and physicochemical
parameters, fragment keys and 1D similarity scores)
CYP2D6 CYP3A4 1756 Percent inhibition RP (Chemtree) [53]
CYP3A4 311 1Csg PLS or ANN, 1D-2D descriptors (CATS, Ghore and [54]
Crippen)
CYP3A4 (Gentest DB) 290 Categorical ANN, 2D Unity fingerprints [55]
CYP1A2 19 Flavonoid derivatives ICsg MLR/ANN, Hammett constant, HOMO, non-overlap [56]
steric volume, partial charge of C3 carbon atom, HOMO
7 coefficients of C3, C3 and C4 carbon atoms of
flavonoids
CYP2D6 106 inhib/494 non-inhib Categorical ANN and Bayesian, Cerius2, E-state keys, Barnard 4096- [57]
bit fingerprints, functional class fingerprints, AlogP,
molecular weight hydrogen bond donors and acceptors.
CYP2AS 28 1Cso CoMFA and GOLPE/GRID [60]
CYP2AS 26 naphthalene, ICsg CoMFA [61]
16 non-naphthalene
CYP2A6 28 ICsy CoMFA and GOLPE/GRID [60]
CYP2A6 26 naphthalene, 1Csg CoMFA [61]
16 non-naphthalene
CYP3A4 14, 32, 22 K, 1Csq Catalyst, PLS-WHIM [63]
CYP2C9 9,29, 13 K;, ICs¢ Catalyst, PLS-WHIM [64]
CYP2C9 14 K; CoMFA [65,66]
CYP2C9 21 positives, 21 negatives  Categorical GRIND, PLS-DA [67]
CYP2C9 21 K; GRIND, PLS [67]
CYP2C9 22 K; GRID, PLS [68]
CYP2D6 6 K; CoMFA [69]
CYP2D6 20, 31 K; Catalyst, PLS-WHIM [70]
CYP2D6 47 K; GRIND [71]
CYP3A4 Approximately 780 1Cso In-house 2D, 2D MOE, Volsurf, VAMP; SVM, PLS-DA [72]
Protein -based approaches
CYP2D6 33 K; Homology modeling and molecular docking (GOLD) [73]
Mixed approaches
CYP2C9 21 K; Combined 3D-QSAR (GRID)-homology [74]
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expressed as ICs,, were categorized in classes. The PLS model
was able to correctly attribute 95% of the molecules of a care-
fully selected training data set (N=311) and 90% of a semi-
independent validation data set of 50 molecules. This approach
was reported as better of an artificial neural network (ANN)
approach based on the same data.

An ANN model [55] based on the two-dimensional (2D)
unity fingerprint descriptors allowed the discrimination be-
tween inhibitors and non-inhibitors of CYP3A4. The approach
allowed to classify correctly 97% of the inhibitors and 95% of
non-inhibitors. The predictions of an external data set of
known CYP3A4 inhibitors were correct in eight out of nine
cases.

MLR analysis and NN were used for studying the inhibition
properties of flavonoid derivatives towards CYP1A2 [56]. A
number of descriptors (Hammett constant, the HOMO energy,
the non-overlap steric volume, the partial charge of C3 carbon
atom, and the HOMO = coefficients of C3, C3 and C4 carbon
atoms of flavonoids) were found to play an important role in
inhibitory activity.

O’Brien and de Groot [57] used NN and Bayesian ap-
proaches to model CYP2D6 inhibition data of 600 compounds
(106 positive, 494 negative). NN approaches were applied
using Cerius®, on E-state keys and Barnard 4096-bit finger-
prints. The Bayesian-based model was developed in Pipeline
pilot using functional class fingerprints, AlogP, molecular
weight and count of hydrogen bond donors and acceptors as
descriptors. The individual models had an overall accuracy of
80% or above. The adoption of combinations of these models
allowed optimizing the identification of the inhibitors (95%
correct in one of these combinations, reported as ’recover
+ve’ model) or providing extremely accurate predictions in a
more limited number of cases (99% accuracy in case of the
consensus model, which was however applicable to 87% of
positives and 75% of negatives). As for a previously described
model [52] the conclusion was that the educated use of combi-
nation of predictions can provide useful answers. In this re-
spect, the consensus among different approaches is becoming
more and more popular for providing more accurate predic-
tions of a variety of ADME and toxicity endpoints [58].

Pharmacophoric methods have also been found useful for
identifying the relevant structural features of molecules with
respect to metabolism inhibition. To some extent, these ap-
proaches are similar to those based on the affinity toward the
enzyme proposed for the distinction between substrates and
non-substrates, even if, the optimal inhibitor in addition to the
tight binding should be a poor substrate [59].

In a series of papers, 3D-QSAR such as CoMFA and
GOLPE/GRID methods, were used for investigating the struc-
tural properties related to the inhibition of CYP2AS5 and 2A6.
The approaches were applied to a series of 28 compounds [60]
and were further extended to naphthalene derivatives [61]. All
models had correlation coefficients after cross-validation (g°)
greater than 0.7. It was recognized that the size of the ring
substituent was the major discriminating factor between the
2A5 and 2A6 models. In fact, 2AS inhibitors were allowed to

include larger substituents on the coumarin ring system, while
for 2A6 compounds only small substituents lead to more potent
inhibitors. In addition, the interpretation of the maps revealed
that the most potent 2A6 inhibitors should not include lactone
moiety, or maybe any heteroatoms, near the corresponding po-
sition. The CoMFA approach was further refined in a more
recent publication of the same group, based on the ICs of 26
naphthalene and 16 non-naphthalene derivatives. The ultimate
aim of this research was to develop potent and specific
CYP2A6 inhibitors that upon coadministration with nicotine
will increase its bioavailability in smoking cessation therapy
[62]. Presence of negative charge near positions 2, 4, 5 and 7
of the naphthalene ring increased the inhibition potency. On
the contrary, negative charge disfavored areas were found near
position 8. Also in this case the model was able to predict the
inhibition properties of an external set (N = 6) of compounds.

Ekins et al. [63] developed different pharmacophore models
using Catalyst to evaluate the structural features of competitive
inhibitors of CYP3A4. Two different Catalyst pharmacophore
models were generated based on the K; of midazolam 19-hy-
droxylation (N = 14) and cyclosporine A metabolism (N = 32).
Another Catalyst model was developed based on the ICsq of
quinine 3-hydroxylation (N =22). The three models included
three hydrophobic regions at defined distances and geometries
from one or two hydrogen bond acceptor features. The correla-
tion between observed and predicted data for these models ran-
ged from 0.72 to 0.92, with K; of eight out of nine compounds
from an external data set predicted within 1 log unit of ob-
served. On the same data sets, MS-WHIM descriptors were
used for developing PLS QSAR models. The models showed
predictive ability after leave-one-out cross-validation. Analo-
gous approaches were used for predicting the inhibition of
CYP2C9 [64], with data sets (K; or ICs) ranging in size from
9 to 29. In general, the different Catalyst models included one
hydrophobic region and two hydrogen bond acceptor/donor re-
gions. Correlation coefficient between observed and predicted
data ranged from 0.71 to 0.91 and allowed to predict the K;
values for 10 to 12/14 compounds of an external set of 14 in-
hibitors within 1-log unit of observed.

A CoMFA model was developed [65] and refined models
were further obtained [66] (¢° between 0.6 and 0.8) that were
able to predict the K; of an external set of 14 diverse com-
pounds with a mean error of the predictions of 6 uM. A quali-
tative model, based on alignment-independent GRIND descrip-
tors was developed for discriminating CYP2C9 inhibitors
versus non-inhibitors [67]. The PLSD model was based on a
data set including 21 inhibitors and 21 non-inhibitors. The
model (7 =0.74, ¢> = 0.64) was externally validated with 14
inhibitors and 25 non-inhibitors: 74% of the entire set was cor-
rectly predicted and 13% assigned to a borderline cluster. A
quantitative GRIND-based model was also developed using the
K; values of 21 inhibitors. The model (#* = 0.77, ¢* = 0.60) was
able to correctly predict 11 out of 12 K; values within 0.5 log
units of observed.

Another approach for modeling CYP2C9 inhibitors applied
GRIND descriptors but calculated them from the GRID flex-
ible MIF [68]. In this case, the structures and the K; of 22
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CYP2C9 inhibitors from different chemical classes were used.
A model with 7* of 0.81 and ¢ of 0.62 was obtained, which
was able to predict the 11 out of 12 K of an external data set
within 0.5 log unit. Also in this case, the model developed was
in agreement with the information gained from a homology
model. Strobl et al. [69] used a CoMFA approach to evaluate
the molecular characteristics that are associated with CYP2D6
inhibitory activity. The pharmacophore includes a positive
charge on a nitrogen in the middle of a flat hydrophobic region
stretching up to 7.5 A from the nitrogen atom. Other heteroa-
toms with negative charge and hydrogen bond acceptor proper-
ties at the opposite sides of the nitrogen atom show higher in-
hibitory potency. Ekins et al. [70] developed Catalyst
pharmacophores for modeling CYP2D6 competitive inhibitors.
These models suggested that the inhibitors are characterized by
a hydrogen bond donor and a hydrogen bond acceptor and two
to three hydrophobic regions. These models predicted within 1-
log unit the K; of 10 out of 15 compounds considered as ex-
ternal test set. Similar predictability was obtained with a PLS
MS-WHIM based QSAR model. For modeling CYP2D6 com-
petitive inhibition, a quantitative GRIND-based model was de-
veloped using the K; values of 47 compounds reported in the
literature [71]. The inhibition constants of 17 known drugs and
33 proprietary compounds, representing two independent test
sets, were used to validate the model: approximately 74% of
the external set was predicted with a K; error < 1 log unit. Con-
sidering a threshold of 5 uM for classifying compounds as
strong and weak inhibitors, 78% of the entire external set was
correctly predicted, with only 16% false negatives. The model
was able to underline the most important features driving
CYP2D6 inhibition. In a methodological paper the perfor-
mance of support vector machine (SVM) in identifying inhibi-
tors of CYP3A4 was evaluated in comparison with PLS-DA
[72]. The analysis was performed on ICso data obtained by a
radiometric assay using 14C—N-methyl-erythromycin as sub-
strate and recombinant CYP3A4. Compounds were classified
as strong (ICso <2 pM), medium or weak (>20 pM) inhibi-
tors. The overall data set (1345 compounds) was divided into
training and a test sets (approximately 60% and 40% of the
overall set, respectively). Four different classes of descriptors
were used: 2D descriptors calculated with a program developed
in house (size, shape, lipophilicity, molar refractivity, atom and
ring counts, surface areas, etc.), 2D MOE, Volsurf and a set of
3D descriptors based on semi-empirical AM1 QM calculations.
The evaluation indicated that, independently of the descriptors,
the models developed using SVM approach were significantly
better than those generated using PLS-DA. In particular, using
only the simple 2D descriptors a three-class model with 70%
accuracy was obtained, suggesting that these techniques are
valuable for developing filters for screening virtual libraries.

5.2. Protein-based approaches

As part of work done in the Drug Metabolism Consortium,
the combined use of homology modeling and molecular dock-
ing was used to define the correct positioning of substrates in
CYP2D6 active site. A correlation (*=0.61, ¢* = 0.59) was

also found between the docking scores calculated with GOLD
and the inhibitory characteristics of a series of 33 compounds
from the National Cancer Institute database [73]. The method
was able to discriminate between tight and weak binding com-
pounds and correctly identified several novel inhibitors.

5.3. Mixed approaches

Also in case of modeling of inhibitors, approaches were
proposed in which the structural characteristics of both the in-
hibitors and proteins were considered. For the identification of
CYP2C9 inhibitors, Afzelius et al. [74] used a combined 3D-
QSAR and homology approach. The compounds were docked
inside the CYP2C9 homology model in order to select the ap-
propriate conformers and alignment to be used in the 3D-
QSAR. The data set was divided into a test (n =21) and an
external validation set (n = 8). The GRID/GOLPE model was
able to predict the K; of the external data set within 0.5 log
units of observed. In addition, the interaction energies found
relevant in the 3D-QSAR model were in good agreement with
the characteristics of the amino acids, which were identified
from mutagenesis studies, mainly involved in the recognition
of inhibitors.

6. Prediction of inducers

Induction is typically due to activation of ligand-activated
transcription factors, which, after further binding with other
coactivators, can be transported into the nucleus, where the
complex transcriptionally activates the gene. Limited work
has been published in this field, as the investigation of the de-
tailed mechanisms of these events and the experimental data
started only recently. A couple of comprehensive reviews ap-
peared recently in the literature [75,76].

A number of receptors, which have been shown to regulate
CYP transcription, and their associated effects are summarized
in Table 5. In many cases, the modeling of ligand—receptor
complexes is made difficult by the possibility of a variety of
binding modes and orientations and by the simultaneous bind-
ing of many small molecules to a single receptor.

Known aryl hydrocarbon receptor (AHR) ligand structures
indicate the necessity of planar lipophilic molecules with di-
mension of 6.8 x 13.7 A, as concluded by a number of differ-
ent approaches converged on these conclusions [75,77-79]. A
Catalyst pharmacophore model was developed to identify the
main structural features of the human Pregnane X receptor
(hPXR) ligands. Four hydrophobic and one hydrogen bond ac-
ceptor features were required for a good ligand affinity [80].

Table 5
Some receptors and their effects on drug metabolizing enzymes

Receptor Enzymes regulated

AHR CYP1A1, CYP1A2, CYPIBI
GST, UDPGT

PXR CYP3A, CYP2C8/9, CYP2B6

CAR CYP2B6, CYP3A4

GR CYP3A

VDR CYP3A
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Another approach used PLS and Volsurf descriptors for mod-
eling either hPXR or AHR ligands [81]. Pharmacophoric mod-
els for constitutive androstane receptors (CAR) pointed out that
CAR ligands were characterized by a relatively planar structure
with one hydrogen bond acceptor and two or three hydropho-
bic features in mouse and human, respectively [76]. Another
paper dealt with the structural differences between CAR and
PXR, based on the available crystallographic data of PXR
and vitamin D receptor (VDR). The result of this analysis
showed that the size of the ligand cavities in human PXR and
CAR are similar but larger than that of VDR. The ability of
PXR to accommodate larger ligands was attributed to the flex-
ibility of a surface loop, a feature not present in CAR [82]. An
additional QSAR (GOLPE/GRID) model for mouse CAR inhi-
bitors appeared recently in the literature [83]. Catalyst models
for glucocorticoid receptor (GR) were also obtained, suggest-
ing that one hydrogen bond donor, a hydrophobic feature and
an aromatic hydrophobic region were key for the binding [75].

7. Commercial metabolic reaction databases and expert
systems for metabolism prediction

In the previous sections, reference was made to a variety of
tools (chemoinformatics, calculation of descriptors, statistical
programs, etc.) used for the development of computational
models. Some of these are reported in Table 6.

Databases of enzymatic biotransformation reactions and
commercially available software for predicting the metabolic
fate of xenobiotics [84,85] are summarized in Table 7. In gen-
eral, these programs cover both phases I and II metabolic path-
ways of drugs, agrochemicals and industrial chemicals in var-
ious species. With the exception of Metasite, these programs
are knowledge-based systems, in which the site of metabolism

of new chemicals is based on their similarities to known sub-
strates. Knowledge-based systems can be used for discovery
and for educational purposes and, in combination with bioana-
lytical softwares, for proposing hypothesis regarding the struc-
tures of potential metabolites, the structure of which may be
ambiguously defined by the available bioanalytical methodol-
ogy.

META is a program developed by Klopman et al. [86,87]. It
is an expert system capable, when coupled with appropriate
dictionaries of biotransformation pathways, to predict meta-
bolic transformations when molecules are ingested or dumped
in the environment.

METEOR is software that predicts the metabolic pathways
of xenobiotics from their chemical structure and physicochem-
ical properties [85]. The program contains a knowledge base of
structure—metabolism relationships. Each biotransformation de-
scribes a metabolic reaction, characteristic of xenobiotics con-
taining a common structural feature. The program also contains
generalized rules that take into account the absorption, distribu-
tion, and excretion of xenobiotics and their metabolites.

MetabolExpert estimates the structure of metabolites, which
might be formed by a substance in humans, animals or in
plants. MetabolExpert is a rule-based system with open archi-
tecture; in other words, researchers can understand, expand,
modify or optimize the data on which the metabolic structural
estimation relies.

The MetaSite methodology [34] has been developed to pre-
dict the site of metabolism for substrates of 2C9, 2D6, 3A4,
1A2 and 2C19 cytochromes. The site of metabolism can be
described by a probability function that is correlated to the free
energy of the CYP substrate recognition and reactivity process.
MetaSite uses GRID-based representations of the CYP en-
zymes, which are pre-computed and stored in the software.

Table 6
Some general commercial software for predicting the metabolism endpoints mentioned in this review
Company Product URL
Accelrys Cerius2, Catalyst, QUANTA Discovery Studio, www.accelrys.com
Pipeline Pilot
Biorad KnowlItAll http://www.bio-rad.com/
Cambridge Crystallographic Data Center GOLD http://www.ccdc.cam.ac.uk/
Frankfurt University CATS light http://gecco.org.chemie.uni-frankfurt.de/gecco.html
Golden Helix Chemtree http://www.goldenhelix.com/index.jsp
Inpharmatica ADMENSA http://www.inpharmatica.co.uk/

MIA GOLPE, Almond
Milano Chemometrics and QSAR Research Group
Molecular Discovery

Dragon (includes WHIM)
GRID, Volsurf, Almond (GRIND)

http://www.miasrl.com/
http://www.talete.mi.it/dragon.htm
www.moldiscovery.com

Schrodinger Qikprop http://www.schrodinger.com
Tripos Sybyl, Volsurf, Almond, BCUT http://www.tripos.com/
UCSF DOCK http://dock.compbio.ucsf.edu/
Table 7

Some tools and rule-based systems for the prediction of metabolites

Company Product URL

Accelrys Biotransformation database www.accelrys.com
Compudrug MetabolExpert, MEXAlert www.compudrug.com

Lhasa METEOR http://www.chem.leeds.ac.uk/LUK/
MDL information system Metabolite database www.mdl.com

Molecular Discovery Metasite www.moldiscovery.com
Multicase METAPC www.multicase.com
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Fig. 3. Snapshot of a typical output of MetaSite software. Imipramine has been shown as example. The heteroatoms and the corresponding hydrogen atoms in the
molecule that are predicted as the most probable metabolic sites are highlighted in brown and dark-gray colors. The same results are provided graphically (i.e. the
highest-brown bars represent the most probable site/s of metabolism) on the left hand part of the window.

Conversely, semi-empirical QM calculations for charges and
reactivity are automatically performed only on substrate mole-
cules. An example of the output provided by MetaSite software
is reported in Fig. 3.

8. Conclusions and future perspectives

In the last few years, pharmaceutical companies made big
investments for setting up early experimental screens to evalu-
ate metabolic endpoints, due to the recognition that metabolism
properties leading to important drug—drug interactions are one
of the most important reasons for failure of new drugs. The
subsequent availability of large databases of metabolic proper-
ties of compounds prompted the efforts in developing struc-
ture-based computational tools that may be used at lower cost
and even before the actual drug candidate is synthesized. Func-
tional to this was also the increased number of the alternative
computational approaches and the availability of critical biolo-
gical and mechanistic information on drug metabolizing en-
zymes activity and regulation. Of particular relevance in this
field was the resolution of the crystal structure of some drug
metabolizing enzymes [9—13].

Although we are facing an unprecedented blossoming of
new computational models for predicting metabolic endpoints,
there is still much to do, to increase the confidence in the in
silico models [88]. In some cases the computational models
reported in the literature are sub optimal as they are derived
from small data sets. Also, the experimental measurements
are affected by high variability or their relevance with respect
to the in vivo situation is not fully exploited. Naturally, this
should be put into the context of the drug discovery process.

The questions that must be answered are different depending
on the phases of the drug development continuum. In general,
the answers must be more and more refined as long as new
information is obtained. In the very early phases, “global”
and fast approaches should be used as rough filters on large
libraries of compounds. In this respect, tools showing even a
small gain compared to a random choice may suffice to enrich
libraries with “druggable” compounds. Later on, when experi-
mental data are of better quality, models developed on more
focused series of compounds should give more precise and ac-
curate predictions.

Other issues in the scientific literature covering this field are
related to the relative paucity of information. In many cases
due to intellectual property or practical issues the data sets on
which these models are developed remain undisclosed. In the
same way, and possibly for the same reasons, the description of
the parameterization of the models is sometime inadequate to
verify the applicability of the models to new data sets. In this
respect, more transparency is needed to make these approaches
publicly available. In some cases, the validation of the model is
not always of adequate quality. In other cases, the strategy of
implementation and the utility of the model in the drug discov-
ery process is not fully disclosed. This is an issue of particular
importance, because to create confidence in these tools, it must
be absolutely avoided the impression of performing sophisti-
cated but sterile computational exercises, with minimal impact
on the drug development business. Analogous problems are
present in commercial models. In many cases, the use of these
models as black boxes prevents the achievement of satisfactory
predictions. In our group we tested some global models related
to metabolic stability and CYP inhibition. The absence of
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knowledge of the training set on which the models were devel-
oped biased the evaluation of compounds from the literature
and, in many cases, when tested with proprietary compounds
the accuracy of the models was substantially poor. On the con-
trary, the tools aiming to the prediction of the site of metabo-
lism, gave predictions of good quality (typically in 80% of
cases, the observed major pathway was predicted within the
first two or three most probable ones).

A specific item that possibly deserves more attention is the
prediction of rates of metabolism. It may be that the scarcity of
data, the complexity of this phenomenon and its dependence
on numerous factors are limiting the availability of approaches
aiming to the prediction of this property. The adoption of
mixed or consensus approaches in this field, as well as for
the prediction of other properties, may improve the situation.
The consensus approaches to improve either the sensitivity or
the selectivity of models is becoming more popular. The inte-
gration of information derived from different sources should be
pursued, possibly adopting meta-models to make the most effi-
cient use of the information derived from in silico, in vitro and
in vivo approaches.

In conclusion, the application of in silico tools in the pre-
diction of metabolic endpoints is in its first phase and many
questions regarding these applications will likely be answered
in the next few years.
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