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ABSTRACT:

The drug development process utilizes the parallel assessment of
activity at a therapeutic target as well as absorption, distribution,
metabolism, excretion, and toxicity properties of molecules. The
development of novel, reliable, and inexpensive computational
methods for the early assessment of metabolism and toxicity is
becoming increasingly an important part of this process. We have
used a computational approach for the assessment of drugs and
drug-like compounds which bind to the cytochromes P450 (P450s)
with experimentally determined K|, values. The physicochemical
properties of these compounds were calculated using molecular
descriptor software and then analyzed using Kohonen self-orga-

nizing maps. This approach was applied to generate a P450-spe-
cific classification of nearly 500 drug compounds. We observed
statistically significant differences in the molecular properties of
low K,,, molecules for various P450s and suggest a relationship
between 33 of these compounds and their CYP3A4-inhibitory ac-
tivity. A test set of additional CYP3A4 inhibitors was used, and 13
of 15 of these molecules were colocated in the regions of low K,
values. This computational approach represents a novel method
for use in the generation of metabolism models, enabling the
scoring of libraries of compounds for their K,,, values to numerous
P450s.

A number of pharmaceutical compounds have been withdrawn
from the market due to toxicity, metabolism (including drug-drug
interactions), and pharmacokinetic issues (Estabrook, 1996; loan-
nides, 1996). It is assumed that a larger number of proprietary mol-
ecules fail at earlier stages in pharmaceutical companies for similar
reasons. Hence companies are trying to improve late stage success by
removing problematic molecular series earlier in the drug discovery
pipeline. The metabolic transformations of pharmaceuticals and other
xenobiotics in the human body profoundly affect bioavailability,
efficacy, chronic toxicity, and excretion rate and route. Both the
parent molecule and the products of its metabolic transformations may
aso interfere with endogenous metabolism or other coadministered
compounds. The inhibition of metabolizing enzymes can be associ-
ated with drug-drug interactions, which can have potentially fatal
consequences for the patient. This behavior is traditionally studied in
vitro, but due to the rapid accumulation of this empirical data, they
can be predicted computationally (Ekins et al., 2001, 2003a). Such
computational models can be based solely on the molecular descrip-
tors derived from the structure of compounds and may alow the
removal of potentially undesirable compounds from the early drug
discovery process.

The majority of xenobiotics undergo phase | metabolism via the
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cytochrome P450 (P450) enzymes, predominantly in the liver (loan-
nides, 1996). P450s are mixed-function monooxygenases capable of
either inactivating or activating xeno- and endobiotic molecules aike.
Of over 50 human P450 genes cloned and classified according to
sequence homology, three P450 families and fewer than a dozen
unigque enzymes have been shown to play a substantial role in human
hepatic metabolism of drugs. P450s display high sequence homology
yet often have highly distinct roles in xenobiotic metabolism with
active sites that enable broad and overlapping substrate specificity.
This ligand binding promiscuity of many P450s complicates the
prediction of therapeutic or toxic effects of xenobiotic metabolism. It
has been shown that substrate selectivity of human P450s is related to
the substrate structure and the key features of the active sites, namely,
the disposition of certain amino acid residues within the heme envi-
ronment (Lewis, 1996). From in vitro kinetic studies it became ap-
parent that many of these PA50s displayed autoactivation or hetero-
activation kinetics that resemble all osteric kinetics (Ekins et al ., 1998;
Korzekwa et al., 1998). The recently published crystal structure of
CYP2C9 aso revealed an additional possible site for substrate binding
(Williams et a., 2003). These factors all complicate building accurate
predictive models for P450 binding.

To date, specific enzyme-substrate/inhibitor recognition interac-
tions have been studied extensively, and several quantitative structure-
activity relationships and pharmacophore models have been built for
alimited number of P450s (Smith et al., 1997a,b; Lewis et al., 1998;
Ekins et al., 2001; de Groot and Ekins, 2002; Szklarz and Paulsen,
2002). These have generally shown the importance of hydrophobic,

ABBREVIATIONS: P450, cytochrome P450; PC, principal component; SOM, self-organizing map; HBA, hydrogen bond acceptor; HBD, hydrogen bond
donor; PNSA-1, partial negative surface area 1; LY213829, tazofelone; LY303870, (R)-N-[2-[acetyl[*H,][(2-methoxyphenyl)-methyllamino]-1-(1H-indol-

3-ylmethyl)ethyl][1,4’-bipiperidine]-1'-acetamide.
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hydrogen-bonding, and ionizable features for substrates based on K,
dataaswell asinhibitorsusing K;, 1Cy,, and percentage inhibition data
(Ekins et a., 1999a,b, 2000, 2001). In the current study, a computa-
tional agorithm is described for the classification of drug-like mole-
cules based on their K., values for human P450s. This approach
complements the assessment of product-substrate specificity for the
same enzymes and provides further novel insight into methods for
predicting P450 involvement in metabolism (Korolev et a., 2003).

Materials and Methods

Databases. A data set of over 500 literature compounds with experimental
apparent K, values for 12 human P450s was obtained from the commercially
available MetaDrug database (GeneGo, Inc., St Joseph, MI). Each compound
was assigned to at least one enzyme-specific group within which the com-
pounds were conditionally divided into three nonoverlapping categories: low
K (K, < 10 M), moderate K., (K,,, = 10—100 M), and high K, (K,,, > 100
uM). Before modeling experiments, the molecules were also filtered to ensure
that they were “drug-like,” based on molecular weight (range 150-700) and
atom type content (only C, N, O, H, S, P, F, Cl, Br, and | were permitted)
(Walters and Murcko, 2002). Some specific compound classes typically not
related to drug-like agents, such as polyaromatic compounds or long-chain
linear molecules (e.g., leukotrienes, fatty acids), were excluded from this
reference set. Ultimately, 491 compounds remained from the initial database.
The main descriptive statistics for these data set are described in Table 1.

Molecular Descriptors. Initialy, 60 molecular descriptors representing
lipophilicity, charge distribution, topological features, steric and surface pa-
rameters, and other physicochemical parameters were calculated for the entire
data set using ChemoSoft (Chemical Diversity Labs, Inc., San Diego, CA) and
Cerius?/Descriptor software (Accelrys, San Diego, CA). This initial descriptor
space was reduced via a principal component (PC) analysis using ChemoSoft.
About 90% of the variance was explained by the first seven PCs, the first six
of which were found to be significant using standard Kaiser-Guttmann and
scree tests (Guttmann, 1954; Catell, 1966; Jolliffe, 1986). Finally, six descrip-
tors (Table 2) maximally contributing to the first six PCs were selected, based
on these results, as the most relevant and were used as input parameters in all
further neural network experiments.

Kohonen Self-Organizing Maps. The generation of the Kohonen self-
organizing maps (SOMs) (Kohonen, 1989) was conducted using the Chemo-
Soft software. The training parameters for the SOM were as follows: the
number of interactions for the training runs was 2000, the starting adjustment
radius for the training runs was 0.1, and the decay factor was 0.001. Only one
SOM was generated for the entire training set (491 compounds). After the
SOM was generated, we studied the distribution of various compound groups
(such as strong or poor binders, strong binders to particular isozymes, etc.) as
separate maps.

Two external test sets were used for assessment of a relationship between
substrates and inhibitors of human P450s. One set comprised 33 compounds
which were classified in the MetaDrug database as reversible competitive
CYP3A4 inhibitors. In addition, another 15 CYP3A4 competitive inhibitors
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were compiled from the literature and selected as an independent test set (He
et a., 1998; Iribarne et a., 1998; Ekins et al., 1999a; Gibbs et al., 1999; Katoh
et al., 2000; Zhang et al., 2002).

Results

Molecular Features Important for P450 K,, Upon binding to
P450s, a molecule can interact either with the heme prosthetic group
or with the other regions of the active site. The heme prosthetic group
is the oxidation center for P450-catalyzed reactions; thus, compounds
with lone electron pairs tend to form stronger complexes (Yan and
Caldwell, 2001). For example, many compounds with nitrogen-con-
taining heterocycles (such asimidazole, quinoline, pyridine, etc.) bind
tightly to the heme iron of P450s. The intermolecular interactions
involving polypeptide chains, such as hydrophobic and electrostatic
interactions, Van der Waals forces, and H-bond formation, are also
important for binding. The specific local microenvironment of the
active site of a particular P450 determines the molecular features that
a molecule should possess to bind to the site (Lewis, 2000; Lewis et
a., 2002). Based on these known experimental observations and on
the results of principal component analysis, we selected six descrip-
tors (Table 2), which adequately describe the PA50 K, values. In
terms of relative importance for P450 K,,,, the properties of molecules
in descending order are as follows: topologic complexity (Zagreb),
H-binding capacity (HBA, HBD), flexibility (B_rot), surface charges
(PNSA-1), and lipophilicity (log P).

Differences between Low and High K., Molecules for P450s
Based on Individual Descriptors. To uncover the differences be-
tween the low K, (<10 uM) and high K,,, (=100 uM) binders, we
analyzed the corresponding distribution histograms based on individ-
ual molecular descriptors. The two-tailed t test was used for evalua-
tion of statistical significance. Few statistically significant differences
were revealed for most of the P450s studied, due to the low number
of compounds in these isozyme-specific data sets shown in Table 1.
However, for the most extensively studied enzyme, CY P3A4, the two
groups of compounds were statistically significantly separated based
on log P, the number of rotatable bonds, Zagreb index, and PNSA-1
(Fig. 1). For the normally distributed CYP3A4 set studied in this
work, t values higher than 5 indicate statistically significant differ-
ences in mean values. As is evident from the histograms, the binding
affinity to the active site of CYP3A4 increases with higher molecular
lipophilicity, more rotatable bonds, larger topological complexity, and
partial negative surface area. The presence of alarge overlapping area
between the groups indicates that effective differentiation between
high and low K,,, CYP3A4 substrates based on individual molecular

TABLE 1
Descriptive statistics for the P450 database derived from the commercially available MetaDrug database (GeneGo, Inc., . Joseph, MI)

Number of Compounds per K.,

Enzyme Number of
Zy Compounds Ky, <10 uM Ky = 10-100 uM Km >100 uM

CYPIAL 12 7 4 1
CYP1A2 43 17 16 10
CYP2A6 15 1 3 11
CYP2B6 51 15 19 17
CYP2C8 13 6 > 2
CYP2C9 41 12 21 8
CYP2C19 48 18 21 9
CYP2D6 75 45 23 7
CYP2EL 19 2 8 9
CYP3A4 126 38 56 32
CYP3A5 12 5 6 !
CYP19 18 18 0 0
Total 491 180 208 103
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TABLE 2
The six most significant PCs for the initially calculated descriptors (ChemoSoft or Cerius?) subsequently used in the SOM
Coefficients larger than 0.30 are shown in boldface.
Descriptor Definition PC1 PC2 PC3 PC4 PC5 PC6
Log P Log of 1-octanol/water partition coefficient 0.386 0.047 0.581 0.019 0.054 0.131
B_rot Number of rotatable bonds 0.786 0.035 0.084 0.141 0.334 0.093
HBA Number of H-bond acceptors 0.800 0.357 0.169 0.376 0.033 0.107
HBD Number of H-bond donors 0.459 0.007 0.481 0.023 0.270 0.327
PNSA-1 Partial negative surface area 0.580 0.743 0.273 0.007 0.009 0.038
Zagreb Sum of the squares of vertex valencies 0.964 0.002 0.049 0.314 0.153 0.123
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Fic. 1. Differences between CYP3A4 low and high K|, molecules based on individual molecular descriptors: log P, B_rot, Zagreb, and PNSA-1. The plots show calcul ated
t-indices, which are standard measures of significance of difference between the mean values. The height of bars on the histogramsis equal to the percentage of compounds

falling into the defined range of the descriptor value.

descriptors may be problematic and not ideal, indicating the need for
more complex approaches.

Nonlinear Classification Modeling. Recently, we developed an
effective SOM classification scheme for substrate/nonsubstrate seg-
regation of human P450s (Korolev et a., 2003). In the current study,
acomprehensive set of 491 drug-like compounds with experimentally
determined apparent K, values versus 12 human P450s were used.
Each P450 was placed in one of three categories depending on its K,
values. Based on this categorization, we generated the computational
models differentiating between the high and low K, compounds for
each P450. After calculating the previously described molecular de-
scriptors, we generated an SOM for the entire reference P450 K, data
set using the unsupervised learning procedure. The high K,,, (=100
uM) and low K, (<10 wM) groups occupied distinctly different sites
on the map, and the moderate affinity binders typically occupied the
intermediate positions. For illustration, we have shown the positions
of low K,,, and high K, molecules for both CYP3A4 and CYP2D6

enzymes, which represent the two largest data sets studied (Fig. 2).
Compounds with low K, for both CYP3A4 and CYP2D6 occupied
somewhat different sites on the map, although there was some sub-
stantial overlap between these enzymes (Fig. 2).

The distance between nodes on the SOM is a dimensionless pa-
rameter; it represents an abstract, discrete distance between the points
in a multidimensional property space. For each isozyme-specific
group, the areas of strong/poor binders can be identified as the nodes
on the map, in which the percentage of strong/poor binders (with
respect to their total number equal to 100%) is higher than the
percentage of compounds belonging to the opposite category. In the
case of CYP3A4, the model correctly classified 91% high K., and
97% low K,,, molecules as defined by their localization in the corre-
sponding areas of the SOM (Table 3). The quality of this discrimina-
tion is statistically significant only in the case of CYP3A4, for which
a relatively large number of low K, and high K., molecules are
available. Although the study suggests the method may be able to
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Fic. 2. Distribution of low K, (K., < 10 uM) and high K, (K,,, > 100 M) molecules for two major P450 enzymes on the SOM map: a, CY P3A4 low K, (38 compounds);
b, CYP3A4 high K ,, (32 compounds); ¢, CY P2D6 low K, (45 compounds; and d, CY P2D6 high K., (7 compounds). The data have been smoothed for presentation purposes.

TABLE 3
Classification quality for the developed classification Kohonen model

Classified as Low K,,* Classified as High K, *

CYP3A4
High K., 3(9.3%) 29 (90.7%)
Low K, 37 (97.4%) 1(2.6%)
CYP2C9
High K., 1 (12.5%) 7 (87.5%)
Low K., 11 (91.7%) 1(8.3%)
CYP2B6
High K., 2 (13.3%) 13 (86.7%)
Low K., 16 (94.1%) 1(5.9%)
CYP2D6
High K, 0 (0%) 7 (100%)
Low K, 45 (100%) 0 (0%)
* Ky < 10 M.
** K> 100 pM.

discriminate between the other P450s, more data are required for a
statistically valid result.

We also applied the SOM to discriminate between low K, and high
K., molecules across the whole panel of P450 enzymes. It should be
taken into account that a molecule may have alow K, with one P450
and ahigh K., for another P450. Accordingly, the same compound can
be considered either alow K, or ahigh K,,, compound, depending on
the specific P450 being considered. Such compounds were assigned to
the low K, category, because thisis likely the most important. In Fig.
3, the distribution of low K,,, molecules with K, < 10 with respect to
at least one P450 isozyme is shown as the green area, and the high K,
molecules with K., > 100 for at least one P450 isozyme (and no low

DoSwW—

NE0| WREO0

o oo —

3 strong binders, K, <10
B poor binders, K, > 100

Fic. 3. An SOM map of low K., (K,, < 10 uM), and high K, (K, > 100 uM)
molecules for the whole panel of 12 P450 isozymes. The data have been smoothed
for presentation purposes.

K., values for any other isozyme) is shown asthe blue area. These two
compound categories occupy distinctly different sites on the map. The
classification quality was 65% for low K, and 82% for high K,
molecules, which suggests some utility of this model for predicting
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Fic. 4. Distribution of 33 competitive CYP3A4 inhibitors on the SOM map. Of
these, 31 compounds (94% of al inhibitors) fall into the area of low K, (K,,, < 10
M) CYP3A4 substrates for this isozyme (also see Fig. 2a and Fig. 5 for compar-
ison). The data have been smoothed for presentation purposes.

global binding to human P450s, but which could clearly be improved
upon.

Colocalization of P450 Inhibitors and Substrates. A significant
issue in drug metabolism is whether there is a relationship between
substrates and inhibitors of human P450s. We have addressed this
problem in experiments with independent groups of CY P3A4 inhib-
itors due to the major role of this enzyme in metabolizing at least 50%
of marketed drugs (Y an and Caldwell, 2001), and the availability of a
large set of K,,, and inhibition data. Overal, 33 compounds were
classified in the MetaDrug database as reversible competitive
CYP3A4 inhibitors and were processed on an SOM (Fig. 4); of these,
94% were located in the area of low K, CYP3A4 molecules.

In addition, another 15 CY P3A4 competitive inhibitors were com-
piled from the literature and selected as an independent test set (Table
4) (Heet a., 1998; Iribarne et al., 1998; Ekins et a., 1999a; Gibbs et
a., 1999; Katoh et al., 2000; Zhang et a., 2002). The molecular
descriptors were calculated for these 15 molecules and then they were
positioned on the same SOM (Fig. 5) as described for the previous set
of inhibitors. In this case, 87% of these molecules were located in the
areas of low K, CYP3A4 molecules. Only two compounds of the 15,
namely 4 and 14 (LY 213829 and LY 303870) were misclassified yet
are still located close to low K, CYP3A4 molecules on the SOM.

Discussion

Previous observations indicate that compounds that bind to human
P450s as substrates may also act as inhibitors in some cases. We have
shown that the molecular properties of low K., molecules are some-
what unique for different PA50s (Fig. 2, aand c) because they occupy
unique sites on the SOM, despite a significant overlapping region.
Therefore, the developed computational models may be used to iden-
tify selective or nonselective P450 inhibitors in early drug discovery.
The number of selective reversible inhibitors of P450s has increased
over the past decade, providing researchers with probes to gain
important insights into the molecular mechanisms of these enzymes
(Branch et al., 2000; Hollenberg, 2002). These inhibitors can be used
as potential therapeutic agents because P450 enzymes are responsible
for the metabolic activation and detoxification of various chemical
carcinogens and other toxins. Molecules capable of selective inhibi-
tion of these enzymes may shift the balance between the various
metabolic pathways, so that metabolic activation is minimized,
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whereas detoxification is enhanced. The coadministration of specific
P450 inhibitors can reduce first-pass drug metabolism, improve drug
dosage, and ultimately enhance drug bioavailability. However, the
concurrent administration of two or more drugs is a common thera-
peutic practice and occurs more frequently in the aging population.
The administered drugs can compete for the same or other sites (Ekins
et al., 1998; Korzekwa et a., 1998) in the P450 enzyme, which may
inhibit the elimination of drugs and result in undesirable toxic effects
(Ito et d., 1998; Thummel and Wilkinson, 1998). Drug interactions
are therefore a leading cause of death of hospitalized patients in the
United States (Yuan et a., 1999; Marroum et al., 2000). The reliable
prediction of drug-drug interactions is a significant issue for absorp-
tion, distribution, metabolism, excretion, and toxicity research in
generdl. In vitro P450 inhibition assays have proven to be valuable in
predicting interactions, athough they are relatively expensive and
time-consuming, and obviously require the synthesis of the molecules.
Although inhibition of a P450 enzyme in vitro is not necessarily
associated with drug-drug interactions in clinical studies, lead com-
pounds with weak P450 inhibition are apparently favored for drug
development (Yan and Caldwell, 2001). Therefore, reliable computa-
tional methods for the assessment of P450-inhibitory activity may be
a viable complementary approach (not requiring molecule synthesis)
with higher throughput and cost effectiveness, enabling use much
earlier in the virtual stages of drug discovery.

In this study, we have demonstrated a relationship between the
predicted K,,, and the reversible competitive CYP3A4 inhibition of
drugs. Based on these results, it would appear that generally low K,
CYP3A4 compounds correspond to competitive CY P3A4 inhibitors.
These results are in agreement with literature data, where reversible
competitive P450 inhibition is associated with a high affinity (low
K., for the PA50 active sites (Yuan et al., 1999; Hollenberg, 2002).
Because this type of P450 inhibition is thought to be the most
common cause of drug-drug interactions (Ito et al., 1998; Thummel
and Wilkinson, 1998), the developed computational models are likely
applicable for predicting P450 interactions.

We have classified a comprehensive set of drug compounds ac-
cording to their K,,, values for the active sites of several magjor P450
enzymes, applying a nonlinear SOM to interpretable molecular dis-
criptors. Two compound categories, low K,,, and high K, ligands for
P450s, were effectively separated based on the preselected set of
physicochemical molecular descriptors. The groups of low K,,, mol-
ecules for different P450s clustered in distinctly unique locations,
forming P450-specific groups. Since low K., values for P450s aso
correlate with the potential for competitive P450 inhibition, these
models may be useful for the development of selective PA50-specific
inhibitors for potential therapeutic and mechanistic applications. The
limited accuracy of the general model can be naturally explained by
different and only partially overlapping substrate/inhibitor specificity
for various members of the cytochrome P450 family. The model can
be used as afilter at the stage of presynthetic library design, which
should reduce the number of potential P450 substrates/inhibitors in a
high-throughput fashion. This work therefore represents the continu-
ation of our research on structure-activity relationships for drug can-
didates and human P450s involved in metabolism (Ekins, 2003; Ekins
et a., 2003a,b; Korolev et a., 2003). Our results combined with the
prior literature data for numerous applications demonstrate how a
small number of simple molecular descriptors can be used with SOMs
to provide an efficient clustering, classification, and visualization tool
for P450s. SOM s al so have the added advantage that the molecules do
not need alignment. Combinations of computational models for P450
metabolism are applicable to aiding the selection of molecules during
early drug discovery and therefore represent an approach to filtering
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TABLE 4
Sructures of competitive CYP3A4 inhibitors used for the independent external validation of the SOM
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Fic. 5. Distribution of 15 competitive CY P3A4 inhibitors from the internal test set
within the SOM map of low K, (K, < 10 uM) CYP3A4 substrates (identica to
those shown in Fig. 2a). Compound structures are shown in Table 4. Of these, 13
inhibitors (87%) fal into the area of low K, molecules. The data have been
smoothed for presentation purposes.

large libraries alongside other predicted absorption, distribution, me-
tabolism, excretion, and toxicity properties (Ekins et al., 2002; Shi-
madaet al., 2002). With the addition of further in vitro data, it islikely
that computational models can be generated for the currently less well
studied P450s as well as other metabolic enzymes.
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