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ABSTRACT

This paper presents four new QSAR models for CYP2C9 and CYP2D6 substrate recognition and inhibitor
identification based on human clinical data. The models were used to screen a large data set of environ-
mental chemicals for CYP activity, and to analyze the frequency of CYP activity among these compounds.
A large fraction of these chemicals were found to be CYP active, and thus potentially capable of affecting
human physiology. 20% of the compounds within applicability domain of the models were predicted to
be CYP2C9 substrates, and 17% to be inhibitors. The corresponding numbers for CYP2D6 were 9% and 21%.
Where the majority of CYP2C9 active compounds were predicted to be both a substrate and an inhibitor
at the same time, the CYP2D6 active compounds were primarily predicted to be only inhibitors. It was
demonstrated that the models could identify compound classes with a high occurrence of specific CYP
activity. An overrepresentation was seen for poly-aromatic hydrocarbons (group of procarcinogens)
among CYP2C9 active and mutagenic compounds compared to CYP2C9 inactive and mutagenic com-

Procarcinogens

pounds. The mutagenicity was predicted with a QSAR model based on Ames in vitro test data.

© 2012 Elsevier Ltd. All rights reserved.

1. Introduction

The cytochrome P450 (CYP) super family of heme containing
enzymes plays part in the phase I metabolism of a wide range of
endogenous compounds and xenobiotics,!? including about 75%
of marketed drugs.>* The human genome encodes 57 different
CYP genes, with five of these enzymes being responsible for the
metabolism of 95% of drugs, namely CYP1A2, CYP2C9, CYP2C19,
CYP2D6 and CYP3A4.4 It is therefore an important factor in drug
development and drug therapy to determine if a drug is metabo-
lised by CYP enzymes.? In fact, improved understanding of CYP
activity (metabolism, inhibition and induction) and the interplay
between these processes is a key factor in identifying undesirable
drug-drug interactions. The modulation of CYP activity by inhibi-
tion or induction of drugs or other chemicals can cause problems
ranging from insufficient therapeutic effect to fatal toxic conse-
quences.” Several drugs have been removed from the market due
to inhibition of these enzymes by co-administrated drugs.=%

Abbreviations: CYP, cytochrome P450; CYP2C9, cytochrome P450 subtype 2C9;
CYP2D6, cytochrome P450 subtype 2D6; CYP1A2, cytochrome P450 subtype 1A2;
CYP2C19, cytochrome P450 subtype 2C19; CYP3A4, cytochrome P450 subtype 3A4;
PLR, partial logistic regression; PLS, partial least-squares; EINECS, European
Inventory of Existing Commercial Chemical Substances.

* Corresponding author. Tel.: +45 3588 6192; fax: +45 3588 7699.

E-mail address: sojo@food.dtu.dk (S.0. Jénsdéttir).
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Besides drugs, CYP enzymes detoxify environmental com-
pounds and chemicals in consumer products. They also have the
ability to form reactive intermediates which can damage DNA, lip-
ids and proteins, and potentially lead to tumour initiation and can-
cer after long term exposure.®

The CYP2C9 and CYP2D6 isozymes are generally considered to be
involved in the metabolism of 16-17% and 12-15% of prescribed
drugs, respectively.>®9 Both of these isozymes are primarily ex-
pressed in the liver and the small intestinal mucosa, with CYP2C9
being the CYP expressed in the largest abundance, after CYP3A4.'%1!
CYP2(9 is estimated to account for 15-20% of the total amount of
CYPs expressed in the human liver on average, with the correspond-
ing number for CYP2D6 being less than 2%.31%13 Similarly, CYP2C9
and CYP2D6 are estimated to be 14% and 0.7% of the total amount
of CYPs expressed in the human small intestinal mucosa on aver-
age,'®!! and in smaller quantities in several other tissues.'* CYP2D6
is also reported to be expressed in the brain.!®

As discussed in detail in the recent literature, CYP2C9 and espe-
cially CYP2D6 are associated with substantial polymorphism caus-
ing large inter-individual differences in enzyme activity.!®> Of the
Caucasians that have been genotyped for CYP2D6 activity, approx-
imately 7% were identified as poor metabolizers, 10-15% as inter-
mediate metabolizers and 5.5% as ultra-rapid metabolizers.>1517
The poor metabolizer phenotype in the Asian population was
found to be at about 1% and the ultra-rapid metabolizer phenotype
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is reported to be present in over 20% in certain populations in
North East Africa, Arabia and Oceania.

It is clear that there exist rich possibilities of toxic consequences
as a result of CYP2D6 metabolism or inhibition, due to the impor-
tance of CYP2D6 in drug metabolism, associated with relatively
low expression in the liver, and the large inter-individual differ-
ences. This problem is also affected by the absence of known
inducers of CYP2D6.° Thus pharmaceutical companies have devel-
oped strategies to reduce CYP2D6 inhibitory activity among lead
candidates.!® In addition to serious implications due to reduced, in-
creased or alternative activity of prescribed drugs, the impact of
other chemicals interacting with CYP2D6 is not fully understood.

Although CYP2C9 is expressed in greater abundance than
CYP2D6, and its allelic variations have less profound influence on
the enzyme activity, problems due to inter-individual differences
of CYP2C9 occur as well. This can have fatal consequences for drugs
like (S)-warfarin, that have a narrow therapeutic window and for
which CYP2C9 constitutes a major metabolic pathway.”” In recent
years, genotyping with respect to CYP expression is increasingly
used for providing personalized medicine for a variety of drugs,
including (S)-warfarin.'®

Polymorphic differences are estimated to cause moderately re-
duced CYP2C9 activity in ca. 14% of Caucasians and around 4% in
Asians and Africans, and very low activity in 0.4% of Caucasians.”” In
addition to allelic variation, inter-individual differences can also be
caused by specific nuclear receptors, like the constitutive androstane
receptor (CAR) and the pregnane X receptor (PXR), which upon ligand
binding up-regulate the expression of genes, including CYP2C9.

CYP2D6 is rather specific and mainly metabolizes basic mole-
cules containing a protonatable nitrogen atom in 4-7 A distance
from the site of oxidation and coplanar aromatic rings. CYP2C9 on
the other hand has a larger binding cavity and primarily metabolizes
aromatic, lipophilic and either neutral or weakly acidic compounds
that contain a hydrogen bond acceptor atom. CYP2C9 substrates
are also characterized by a hydrogen bond donor site and/or an anio-
nic moiety in 7-8 A distance from the site of metabolism.%!1:14.2021
Some of the differences between substrates and inhibitors to these
two CYPs have been illustrated by key pharmacophore fea-
tures.'#2122 Freitas et al.? have identified key reference structures
that discriminate CYP2C9 substrates from CYP2D6 substrates by
the use of similarity searches, and provide 2D illustrations of typical
substrates for these CYPs.

CYP2C9 metabolizes several endogenous compounds, such as
arachidonic acid, linoleic acid, melatonin, retinoids and steroids,?*
as well as xenobiotics. This isozyme is also known to play a role in
the metabolism of procarcinogens like for example, benzo[a]|pyr-
ene?® which is found in coal tar, automobile exhaust fumes, tobac-
co smoke, wood smoke and in charcoal broiled food.?* Another
example is the procarcinogen dibenzo[a,h]antracene which has
been shown to induce cancer in mice and rats.2®
Dibenzo[a,h]antracene is found in coal tar, automobile exhaust
fumes, tobacco smoke, coke oven emissions, charcoal broiled food,
vegetation near heavily travelled roads, surface water and soils
near hazardous waste sites.?’

Several QSAR studies for CYP-mediated metabolism have been
published in the literature in recent years, particularly with focus
on drug metabolism. These cover global QSAR models for both
CYP inhibitor identification and substrate recognition, for example,
models that discriminate CYP substrates from non-substrates and
inhibitors from non-inhibitor, as well local QSAR models for pre-
dicting the biological activity for smaller and structurally similar
data sets. A number of global and local models are discussed in re-
cent reviews,!1:1428-31

Yap and Chen®? assembled data sets based on clinical data and
developed global consensus models for 3A4, 2D6 and 2C9 inhibi-
tors and substrates using support vector machine (SVM). A new

decision tree method was used to develop models on the same
inhibitor data sets.>® A partial least square (PLS)—regression tree
(RT) consensus models for inhibition of the five most important
CYPs for drug metabolism were based on 1500 compounds from
Astra Zeneca's in-house database.>* Hammann et al.>> developed
a set of models for 1A2, 2D6 and 3A4 substrates and inhibitors with
several classification methods. Models for classifying substrates to
five major CYPs based on considerable smaller data sets were pub-
lished recently.>® The above QSAR models were in general based on
different types of physico-chemical, constitutional, topological,
electrotopological, geometric and atomic charge based descriptors,
among others.

Several global models for CYP2D6 substrate®” and inhibi-
tor?®3138-40 activity are available. A set of SVM and PLS models
based on general molecular descriptors and structural fragments
were developed for CYP2C9 inhibition.#! QSAR models that dis-
criminate between substrates selective to key CYPs,*? as well as a
model which aimed at identifying compounds that worked as
inhibitors to several different CYP subtypes,*> have also been
proposed.

Several authors have used a combination of 3D modelling of
protein-ligand interactions, 3D-QSAR and QSAR for predicting
binding energies and to investigate the mechanism of inhibition
for both CYP2C9**%5 and CYP2D6.*® Combined use of docking
and QSAR analysis have shown to yield improved predictions of
substrate binding energies for these two isozymes.*”#8

Computational and knowledge based methods for identifying
sites of metabolism (SOMs) and for predicting binding energies in
CYP enzymes are discussed in recent reviews.*°~>3 Docking methods
have shown to provide useful information on SOMs, as well as on the
mechanism of inhibition for both CYP2C9°4->¢ and CYP2D6.%7>°

QSAR models have been made for identifying the oxidation sites
in 3A4, 2D6 and 2C9 substrates (regioselectivity). These models
used the random forest method and descriptors that describe the
local substructure and physico-chemical environment for each
non-hydrogen atom in the molecule.® An interesting method,
MetaSite, determines chemical fingerprints for the binding pockets
of the CYP enzymes and corresponding fingerprints for potential
substrates, and uses similarity analysis to identify substrate-CYP
complimentarily. The MetaSite method, which is entirely based
on the enzymes and the potential substrates 3D structures, has
shown to be successful for correctly predicting SOMs and isoform
selectivity.®!

The aim of this study was to predict and analyse substrate rec-
ognition and inhibitor identification of the CYP2C9 and CYP2D6
isozymes among chemicals in our environment. For this purpose
we developed a set of QSAR models, and screened a large inventory
of chemicals with no available experimental data for CYP activity.

2. Material and methods
2.1. Data sets

The training sets for CYP substrates consisted of human clinical
data for CYP2C9, and CYP2D6, primarily drugs, gathered from the lit-
erature,>269%62 and corresponding data for new drugs (http://daily-
med.nlm.nih.gov/dailymed/about.cfm). The training sets for the
corresponding CYP inhibitors consisted of human clinical data from
the literature.>? The data were either obtained from in vivo clinical
experiments or various in vitro models like tissues slices, micro-
somes, cell cultures and purified and recombinant enzymes that
have formed the basis for a clinical decision.?? Epidemiological
observations and case studies may also have served as input for such
decisions. The negative data sets were composed of well-studied and
extensively used drugs, which are known to be inhibitors/sub-
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Table 1
The number of compounds in the respective full training sets and sub-sets for
substrates/non-substrates and inhibitors/non-inhibitors

CYP Balance Positives Negatives Total

All data

Substrates 209 1:2.9 190 547 737
2D6 1:2.0 246 500 746

Inhibitors 209 1:32 166 525 691
2D6 1:2.8 180 511 691

Sub-sets

Substrates 2C9 (set a) 1:14 190 273 463
2C9 (set b) 1:1.4 190 274 464
2D6 (set a) 1:14 246 355 601
2D6 (set b) 1:14 246 355 601

Inhibitors 2C9 (set a) 1:1.6 166 262 428
2C9 (set b) 1:1.6 166 263 429
2D6 (set a) 1:14 180 255 435
2D6 (set b) 1:14 180 256 436

The compounds were divided into sub-sets by random selection, and the sub-sets
were used for training each of the sub-models.

strates/agonists to other CYPs, but with no reports given on the activ-
ity (substrate or inhibitor) for the relevant CYP.3? This approach was
used, because very few clinical reports that directly identify chemi-
cal substances as non-substrates or non-inhibitors exist.

The data were checked for structural replicates. In case of dupli-
cate structures, one of the replicates was kept if the chemicals had
the same activity and both were removed if they had different
activity. The data were also searched for salts, and the structures
were used in their non-ionized form in the training set. In addition,
the structure of Bortezomib, which contains a boron atom, could
not be imported into the Leadscope software and was therefore re-
moved from the data set.

To obtain more equal balance with respect to the number of po-
sitive and negative compounds, all the training sets were divided
into two sub-sets by random selection, see Table 1 for information
on the overall data sets and sub-sets. In each case the two sub-sets
were used separately to train the sub-models (models a and b) that
were combined in an overall so-called ensemble model. Each sub-set
was slightly imbalanced with 40% positives and 60% negatives. This
was done to ensure a larger number of data points used for each sub-
model and to obtain sufficiently high specificity to avoid unneces-
sary false positive predictions and at the same time to avoid low sen-
sitivity. Thus our strategy was to develop models slightly higher in
specificity than in sensitivity, and in such a way strengthen the qual-
ity of our positive predictions.

We experimented with dividing the data set into two sub-sets
both by random selection and by hierarchical clustering based on
structural features. However, it was seen that the overall perfor-
mance of the models based on the randomly selected sub-sets
was equally good.

2.2. Development of prediction models

The predictive QSAR models were developed with Leadscope
Predictive Data Miner (Version 3.04-10, Leadscope, Inc., http://
leadscope.com). All the molecular structures in the respective
training sets were imported into Leadscope, and mined for the pre-
defined structural features from Leadscopes template library by
substructure analysis.®® In each case, 10% or 13% of the structural
features that best correlated with the response variable were se-
lected with the manual feature selection option in Leadscope.
The selection was done according to Yates’ y2-test.5* In addition,
eight molecular descriptors, the octanol-water partition coefficient
(AlogP), hydrogen bond acceptors, hydrogen bond donors, Lipinski
score, atom count, parent compound molecular weight, polar sur-
face area and rotatable bonds, were calculated for each structure.

Redundant features were removed using the least redundant fea-
ture option in Leadscope. Predictive models were developed for
each training set based on the identified set of the structural fea-
tures and the molecular descriptors, using partial logistic regres-
sion (PLR). The number of optimal PLS (partial least-square)
factors for each model was optimized using 10-fold (10 times
10% leave-out) cross-validation.

Each data set was re-modeled several times, where the percent-
age of the best features according to a y>-test was varied until the
predictive performance measured by 10-fold cross-validation was
not significantly improved. Different options for removing redun-
dant features were also investigated.

For each overall training set, two separate sub-models were
developed based on each of the sub-sets (see Table 1). The two
sub-models were then combined into an overall ensemble model
with the ‘assemble average model’ option in Leadscope, with both
models assigned equal weights of 1.0.

The predictive performances of each sub-model, was evaluated
by 10-fold cross-validation, and the specificity was also evaluated
by external validation, using the portion of the negative data set
not used for training the model.

To further evaluate the predictive performance and robustness
of the models, 20% of the positive and negative data points were re-
moved from the respective sub-sets by random selection. A new
set of models was developed, with similar number of descriptors
as the corresponding models developed for the full sub-sets. The
structural features were selected based on the 80% of the data used
for the model, the same eight molecular descriptors were added
and redundant features were removed with the least redundant
option. A new model was built in Leadscope in each case, and
the model was used to predict the activity of the remaining 20%
of the data set. It was verified in each case that the key features
identified for the model based on 80% of the data were similar to
the key features identified for the model built from the full sub-
set. This was done in order to evaluate if a model with 80% of
the data could be considered representative with respect to the
corresponding model developed for the full sub-set.

2.3. Predictions within applicability domain

In order to make the predictions as reliable as possible, only
predictions within the defined applicability domain were accepted.
Class probabilities for positive predictions (p) were used for defin-
ing the domain, requiring p > 0.7 for positives and p < 0.3 for neg-
atives, referred to as activity domain. In addition, it was required
that a compound had at least 30% Tanimoto structural similarity
with a training set compound to be considered in domain, referred
to as structural domain. The Tanimoto similarity was calculated
based on fingerprints of the Leadscope features used for each of
the models. Compounds screened with the ensemble models were
required to have 30% similarity with at least one training set com-
pound in either sub-model a or b.

2.4. Screening a large inventory of chemicals for CYP activity

The resulting CYP models were used to screen a list of 51,067
chemicals from the EINECS list (European INventory of Existing
Commercial Chemical Substances) in order to predict a percentage
of potential CYP2C9 and CYP2D6 substrates and inhibitors present
in environmental chemicals. The EINECS list contains discrete or-
ganic chemicals, inorganic compounds and other substances that
were registered for use on the European market between January
1st, 1971 and September 18th, 1981.5>5¢ Some of these chemicals
are found in consumer products or used for other applications, and
some of the compounds are not currently used in any products. As
our modelling methods can only handle discrete organic
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compounds, a sub-set of 51,067 molecules with a defined 2D struc-
ture, containing at least two carbon atoms and only certain atoms
(H,Li,B,C, N, O, F,Na, Mg, Si, P, S, Cl, K, Ca, Br, I) was selected as our
prediction set. The full EINECS list contains 100,204 compounds.

2.5. Substructure searches and correlations between CYP
activity and a genotoxicity endpoint

The screening results were imported into our in-house database
tool, built on Oasis DatabaseManager,®” which contains model pre-
dictions for more than 150 adverse effects for up to 185,000 com-
pounds, including the EINECS list of 51,067 compounds. The
database contains search options to explore correlations between
model predictions, as well as the possibility for substructure and
structural similarity searches. Correlations among the different
model predictions were explored, and the fractions of specific
chemical groups within the data were investigated. Only predic-
tions within domain of each of the predictive models were consid-
ered in this analysis.

Specifically, we have used our in-house database to search for
correlations between predicted CYP actives and predicted Ames
positives for specific classes of known procarcinogens. The data-
base includes model predictions based on Ames in vitro mutage-
nicity data. The Ames model was developed with the MultiCASE
software based on a training set of 4102 chemicals, 2299 positive
and 1803 negative. 5 times twofold 50% cross-validation gave sen-
sitivity of 84%, specificity of 83% and concordance of 84% within
domain of the model, which is close to the observed experimental
variability for the Ames in vitro test.%®

The substructure search facility incorporated into the system, was
used to investigate the importance of CYP2C9 and CYP2D6 interactions
with respect to chemical classes known to contain chemical procarcin-
ogens, including poly-aromatic (polycyclic aromatic) hydrocarbons,
aromatic amines, heterocyclic amines and nitrosamines.%°

3. Results and discussions
3.1. Model training and validation
The training and validation performances of the developed

QSAR models are shown in Table 2. The four QSAR models pre-
sented discriminate CYP2C9 and CYP2D6 substrates from non-sub-

Table 2

strates and CYP2C9 and CYP2D6 inhibitors from non-inhibitors,
respectively. Each of these models was comprised of two different
sub-models that were combined to an overall ensemble model.

The cross-validation and external validation results indicate that
the models generally have good predictive performances with over-
all concordances between 79% and 83%, specificities from 80% to 88%
and sensitivities between 66% and 73%. As the sub-sets used for
training the models were slightly imbalanced towards a larger por-
tion of negatives in each set, all the models have somewhat higher
specificities compared to sensitivities. This ensures a lower probabil-
ity of making false positive predictions compared to false negative
predictions, an approach used to avoid overestimating CYP activity.

As the data sets are fairly small and relatively structurally di-
verse, we have evaluated the predictive performance of the QSAR
models with a combination of 10-fold cross-validation of the full
data set models, and external validations for the part of the nega-
tive compounds not used for developing the given sub-model. This
was done in order to develop models that covered as large a struc-
tural domain as possible. The variability in the cross-validated con-
cordances of the individual sub-models in Table 2 were estimated
by repeating the 10-fold cross-validation 5 times by Leadscope,
with different random division into subsets by Leadscope. The
same set of descriptors was used in each case, but the number of
PLS factors could vary. The variability in concordance was found
generally to be in the range 0.5-1.5%.

Another set of models was used to better investigate the predic-
tivity and the robustness of the data. These models had 20% of both
the positives and the negatives of each sub-set removed for exter-
nal validation (Table 3). The mean external validation perfor-
mances for the two sub-models with structural and activity
domain applied were similar to the corresponding mean 10-fold
cross-validation performances. Taking into account the statistical
uncertainties imposed by selecting sub-sets of compounds from a
relative small and structurally diverse data set at random, both
the external validation results within domain and the cross-valida-
tion performances showed that robust prediction models were
developed. It was also seen from the external validation results
that the predictive performances were significantly improved
when structural and activity domain definitions were used. These
results show that it is important to apply a domain in order to se-
cure appropriate predictive performance. Thus only predictions
with at least 30% structurally similarity to at least one training

Model performances of each of the Leadscope models developed for CYP2C9 and CYP2D6 substrates and inhibitors

Best features No. Descr./PLS

Training performance

10-fold cross-validation External validation

(%) factors Sensitivity Specificity Concordance Sensitivity Specificity Concordance Specificity no Specificity in
(%) (%) (%) (%) (%) (%) domain (%) domain (%)

Substrates
CYP2C9 ensemble 779 86.4 84.2 70.0 822 79.1

- model a 10 167/3 711 90.1 823 66.3 83.8 76.6 75.5 75.8

- model b 10 163/2 66.3 82.8 76.1 62.1 80.7 73.1 73.6 78.7
CYP2D6 ensemble 78.0 87.0 84.0 73.2 84.4 80.7

- model a 13 222[2 77.2 84.5 81.5 72.8 83.3 79.0 72.4 81.5

- model b 13 238/2 74.8 87.6 823 69.9 84.7 78.7 84.1 88.5
Inhibitors
CYP2C9 ensemble 72.3 90.7 86.3 66.3 88.4 83.1

- model a 10 152/2 70.5 90.5 82.7 67.5 88.2 80.1 81.4 83.1

- model b 10 165/2 70.5 90.9 83.0 66.9 88.6 80.2 81.7 86.0
CYP2D6 ensemble 76.1 88.3 85.1 68.9 84.5 80.5

- model a 10 153/2 739 88.6 82.5 65.6 85.9 77.5 82.4 81.2

- model b 10 169/2 739 87.9 82.1 67.8 83.2 76.8 74.5 81.1

In each case two different sub-models were developed, with the two sub-models based on all the positive compounds in the data set, and two different portions of the
negative compounds. Percent best structural features extracted from the Leadscope library, the number of descriptors (structural features and molecular descriptors) and PLS
factors of each model are listed. The predictive performances were evaluated by 10-fold cross-validation and external validation of the portion of the negative set not used to

develop a given sub-model.
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Cross-validation performances of the Leadscope models developed for 80% of the training sets for CYP2C9 and CYP2D6 substrates and inhibitors, and external validation results

for the remaining 20% of the data set in each case

10-fold cross-validation

External validation no domain

External validation in domain

Sensitivity (%) Specificity (%) Concordance (%) Sensitivity (%)

Specificity (%) Concordance (%) Sensitivity (%) Specificity (%) Concordance (%)

Substrates
CYP2C9: mean 65.1 80.3 74.1 60.5
CYP2D6: mean 71.9 83.6 78.8 571
Inhibitors
CYP2C9: mean 67.0 89.3 80.6 50.0
CYP2D6: mean 71.2 854 78.7 56.9

75.5 69.4 67.8 86.1 79.0
78.9 70.0 67.4 83.4 77.2
79.2 68.0 71.8 88.3 83.1
76.5 68.4 63.7 79.2 723

. External validation performances are shown with and without the use of model domain. The mean values for the two different sub-models are listed

Table 4

The best correlated positive and negative features for the CYP2C9 substrate sub-sets, evaluated by y statistics. The number of positive (Np) and negative (Nn) compounds that

contain each feature are listed

Key features for 2C9 substrates, set a %2 Nn Np Key features for 2C9 substrates, set b x2 Nn Np
Carboxylic acid, alkyl, acyc- 11.2 8 21 Methane, 1-aryl-,1-carbonyl- 115 2 13
Benzopyran 8.7 2 11 Pyridine, 2-amino- 9.4 0 8
Carboxylic acid, alkyl- 7.4 12 22 Methane, 1-carbonyl-,1-phenyl- 8.8 2 11

Ether, phenyl- 6.9 42 49 Sulfonyl group 8.4 16 27
Alcohol, alkenyl- 6.8 3 11 Alcohol, alkenyl- 6.9 3 11

Sulfonamide, N-alkyl- 6.8 1 8 Benzopyran 6.9 3 11

Indole 6.8 8 17 1-Benzene-sulfonamide, 4-alkyl- 6.5 0 6
Sulfonamide 6.4 14 23 Sulfonamide 5.7 15 23
Methane, 1-alkenyl-,1-phenyl- 6.4 0 6 Benzene, 1-sulfonyl- 5.7 11 19
Benzene, 1-methyl- 5.6 10 18 Benzene, 1-alkenyl-,4-alkoxy- 5.5 1 7
Benzene, 1-sulfonyl- 5.6 11 19 Pyridine, 2-alkylamino- 5.0 0 5
Ether, ethyl- 54 1 7 Carboxylic acid, alkyl, acyc- 49 14 21

Benzopyran, 4-oxo- 5.4 1 7 1-Benzene-sulfonamide 4.0 10 16
1-Methane-carboxylic acid, 1-phenyl- 5.4 1 7 Benzopyran, 4-oxo- 3.7 2 7
Methane, 1-carbonyl-,1-phenyl- 5.3 4 11 1-Methane-carboxylic acid, 1-phenyl- 3.7 2 7
Benzene, 1-oxy- 49 61 61 Benzopyran, 4-oxo, 2-hydroxy- 3.6 0 4
Piperazine, 1-(alkyl, acyc)- 49 7 14 Indole, 1-(alkyl, acyc)- 3.6 0 4
Pyrrole 4.7 10 17 Indole, 3-carbonyl- 3.6 0 4
Sulfonyl group 4.4 21 27 Pyrazolidine, 1-phenyl- 3.6 0 4
Pyridine(H) 204 65 14 Pyridine(H) 293 77 14
Pyridine(H), 3-carbonyl- 144 22 0 Piperidine 15.7 50 1

Pyridine(H), 2-(alkyl, acyc)- 121 19 0 Pyridine(H), 3-carbonyl- 113 18 0
Oxycarbonyl, O-alkyl- 11.7 50 13 Carboxylate, alkyl, cyc- 10.5 17 0
Carboxylate, alkyl, cyc- 114 18 0 Pyridine(H), 1-(alkyl, acyc)- 9.9 39 9
Pyridine, 1,4-dihydro, 3-carbonyl- 114 18 0 tert-Amine 9.4 108 48
Carboxylate 10.5 44 11 Amine, alkenyl, cyc- 9.1 21 2
Oxycarbonyl, O-(alkyl, acyc)- 10.4 28 4 Carbonyl, hydroxymethyl- 9.0 18 1

Amine, alkenyl, cyc- 9.2 21 2 Carboxylate, alkyl- 8.7 28 5
Nitro 8.7 23 3 Alkene, trisubst 8.6 39 1

Carboxylate, alkyl- 8.1 27 5 Carboxylate 8.6 41 11

Piperidine 7.6 37 1 Carbonyl, oxymethyl- 8.3 32 7
Pyridine, 1,4-dihydro, 4-phenyl- 7.0 12 0 Oxycarbonyl, O-alkyl- 8.0 44 13
Oxycarbonyl, O-methyl- 6.9 15 1 Steroid, 3-oxo- 7.7 19 2
tert-Amine 6.3 100 48 Diene, 1,3- 7.5 16 1

Pyran(H), 4-oxy- 6.2 11 0 sec-Amine(NH) 7.1 50 17
sec-Amine(NH) 5.8 47 17 Oxycarbonyl, O-(alkyl, acyc)- 7.0 23 4
Alcohol, cyclohexyl- 5.7 16 2 Pyridine(H), 2-(alkyl, acyc)- 6.2 11 0

set compound, as well as predictions with 70% or higher probabil-
ity of being correct in these Leadscope models were accepted. The
overlap was high between the structural features selected in the
models based on 80% of the data and in the corresponding models
for the full data sets.

The variability’s in the mean concordances given in Table 3
were evaluated by calculating the standard deviations of the con-
cordances of each of the two underlying sub-models. Although
standard deviations for two numbers are associated with some
uncertainty, this analysis gives an indication of the variability be-
tween two sub-models, developed for two different sub-sets of
the data. The standard deviations of the 10-fold cross-validated
concordances from Leadscope were between 1.2% and 2.6% for
the four models. The standard deviations in the concordances

obtained from external validation of two 20% leave-out sets were
around 5% for three of the models, and 14% for the CYP2D6 inhib-
itor model. The variability is both influenced by the random selec-
tion of the leave-out sets and the diversity of the two sub-sets.
The developed QSAR models have generally performances sim-
ilar to the previously published global models based on data sets of
similar size. Yap and Chen>? have obtained considerably better per-
formances in their models using a combination of up to 80 SVM
models. We have, however chosen to use a simpler and more easily
interpretable modeling scheme with respect to relating CYP activ-
ity to certain structural features, using two sub-models and a linear
PLR method. Thus a battery of models of good accuracy was ob-
tained, based on structural features relevant to specific character-
istic of CYP2D6 and CYP2C9 (discussed in the following section).
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Table 5
The best correlated positive and negative features for the CYP2C9 inhibitor sub-sets, evaluated by % statistics

Key features for 2C9 inhibitors, set a x? Nn Np Key features for 2C9 inhibitors, set b x? Nn Np
Sulfonamide, N-aryl- 20.3 0 14 1-Benzene-sulfonamide, 4-amino- 18.7 0 13
1-Benzene-sulfonamide 16.4 7 22 1-Benzene-sulfonamide 183 6 22
1-Benzene-sulfonamide, 4-amino- 15.6 1 13 Benzene, 1-amino(NH,)- 131 2 13
Benzene, 1-sulfonyl- 13.0 10 23 Sulfonamide 9.5 16 26
thiophene 123 1 11 Benzene, 1-alkyl-,2-halo- 9.4 3 12
Benzene, 1-allyl- 10.0 5 15 Sulfoxide, alkyl- 8.8 0 7
benzopyran 7.7 1 8 Sulfonamide, N-aryl- 7.3 6 14
Pyridine, 3-(alkyl, acyc)- 7.7 1 8 Imidazole 7.3 13 21
Benzene, 1-alkyl-,2-halo- 6.2 5 12 Benzopyran, 4-oxo- 7.2 0 6
Methane, 1-carbonyl-,1-carbonylamino- 5.7 2 8 Sulfonyl group 7.0 20 27
Isoxazole, 5-(alkyl, acyc)- 5.6 0 5 Benzene, 1-alkyl-,4-aryl- 6.2 1 7
carboxylate, alkenyl- 5.0 6 12 Benzopyran 5.7 2 8
Benzene, 1-amino(NH,)- 5.0 7 13 Methane, 1-carbonyl-,1-carbonylamino- 5.7 2 8
Alkene, tetrasubst 4.7 1 6 Benzene, 1-alkoxy-,4-(3-oxopropyl)- 5.6 0 5
Benzopyran, 4-oxo- 4.7 1 6 sulfoxide, aryl- 5.6 0 5
Ethane, 1-carbonylamino-,2-phenyl- 4.7 1 6 Benzene, 1-alkyl-,4-fluoro- 4.8 1 6

1-Methane-carboxylic acid, 1-phenyl- 4.8 1 6
tert-Amine 19.1 114 37 Carboxylic acid, alkyl, acyc- 13.7 7 2
Pyridine(H), 2-(alkyl, cyc)- 10.7 22 1 sec-Amine(NH), alkyl- 134 43 7
Carbonyl, alkyl, cyc- 10.1 70 22 tert-Amine 11.9 102 37
Benzene, 1-alkylamino- 9.8 32 5 Ketone, alkyl, cyc- 10.1 30 4
Carboxylic acid, alkyl, acyc— 9.3 10 2 Benzene, 1-alkylamino- 9.7 32 5
Ether, alkyl, cyc- 9.3 41 9 Carbonyl, alkyl, cyc- 9.5 69 22
Ketone, alkyl, cyc- 8.9 28 4 Steroid 9.2 23 2
tert-Amine, aryl- 8.6 35 7 Steroid, 17-hydroxy- 8.2 15 0
Carbonyl, oxymethyl- 8.3 27 4 Piperidine 7.4 42 11
Pyrrolidine 8.1 24 3 Carboxylic acid, alkyl- 7.2 12 2
Piperidine 7.4 42 11 Benzene, 1-alkyl-,2-chloro- 6.7 3 1
Pyridine(H) 7.3 66 23 Alcohol, cyclohexyl- 6.7 16 1
Pyridine(H), 1-(alkyl, acyc)- 6.7 34 8 Carbonyl, oxymethyl- 6.5 24 4
Carbonyl, hydroxymethyl- 6.7 16 1 Benzene, 1-(alkyl, acyc)- 6.4 74 67
Alcohol, alkenyl- 6.6 3 1 Steroid, 3-oxo- 6.1 18 2
Pyridine(H), 4-oxo- 6.2 12 0 Pyridine(H), 2-(alkyl, cyc)- 6.0 15 1
Carboxylic acid, alkyl- 6.2 13 2 Pyridine(H) 5.9 63 23
Steroid 6.1 18 2 Pyridine(H), 1-(alkyl, acyc)- 5.7 32 8
Amine, allyl- 6.1 15 1 Glycine 5.6 11 0
sec-Amine(NH), alkyl- 5.8 30 7 Carboxamide (NR2) 5.5 36 1

The number of positive (Np) and negative (Nn) compounds that contain each feature are listed.

3.2. Analysis of structural features and molecular descriptors

Tables 4-7 show the best correlating positive and negative fea-
tures evaluated by y? statistics. It is seen by looking at the occur-
rences of each feature in the positive and negative data sets, that
the models were based on a combination of many important fea-
tures, and not dominated by a few particularly descriptive struc-
tural features. This is not surprising as the CYP enzymes bind a
variety of different molecular structures. A number of sulfonamide
and sulfonyl containing features (Tables 4 and 5) were prominent
among the positive features for both the CYP2C9 substrates and
inhibitors, reflecting the CYP2C9 receptors selectivity towards such
compounds. Features containing carboxylic acid and carbonyl
groups were also primarily seen among the positive features for
CYP2(9 substrates, and mostly in the list of negative features for
CYP2C9 inhibitors. Likewise various pyridine and piperdine con-
taining features were found among the corresponding negative
features for both substrates and inhibitors, with pyridine(H) and
piperidine being particularly good discriminators for the non-sub-
strates. Several carboxylate and oxycarbonyl structures were
prominent for the non-substrates, but not for the non-inhibitors.

The CYP2D6 substrates and inhibitors (Tables 6 and 7) were
characterized by positive features for the tertiary and secondary
amine groups, and pyridine, piperidine and benzene rings, with
especially many positive features for inhibitors containing a ben-
zene ring. Several non-aromatic positive features were also found
for the inhibitors. The morphinan feature appeared on the positive
list for substrates, which could be explained by the many opiods
metabolized by CYP2D6. The identified features illustrate the

importance of aromatic amines and other nitrogen containing
compounds among the CYP2D6 substrates. However, the number
of benzene rings within the positive features for CYP2D6 inhibitors
is somewhat surprising, as the inhibitor data was seen to contain a
significantly smaller portion of aromatic hydrocarbons than the
substrate data. Various functional groups containing carbonyl
dominated the negative features for both CYP2D6 substrates and
inhibitors, as well as carboxamide, steroid and sulfonamide fea-
tures. Carboxylic acid and oxycarbonyl groups were also seen with-
in the key negative feature list for the substrates, but not for the
inhibitors.

Thus it can be seen that the key features used in the QSAR mod-
els indeed reflect the selectivity of CYP2C9 towards slightly acidic
compounds and the selectivity of CYP2D6 towards basic molecules
that contain protonatable nitrogen atoms.>?° The best reference
structures that discriminate between CYP2C9 and CYP2D6 sub-
strates, identified by Freitas et al.2* also illustrate the same tenden-
cies by 2D representations. Thus it can be concluded that the
developed QSAR models are based on structural features that are
relevant with respect to the respective CYP activity.

The differences between the substrate and inhibitor data sets
were also examined by calculating the mean and standard devia-
tion for six of the molecular descriptors, included in the descriptor
set (Fig. 1). For both CYP2C9 and CYP2D6 the inhibitors were seen
to have larger mean molecular weight, larger number of hydrogen
bond acceptor atoms, larger number of rotatable bond and larger
polar surface area than the substrates. The mean number of hydro-
gen bond donor atoms and octanol-water partition coefficients
were also slightly larger for the inhibitors. The molecular
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Table 6
The best correlated positive and negative features for the CYP2D6 substrate sub-sets, evaluated by y? statistics

Key features for 2D6 substrates, set a %2 Nn Np Key features for 2D6 substrates, set b Va Nn Np

tert-Amine 28.5 100 123 tert-Amine, alkyl- 31.8 96 123
Piperidine, 4-aryl- 27.2 1 22 Piperidine, 4-aryl- 27.2 1 22
Piperidine, 1-(alkyl, acyc)- 215 14 37 sec-Amine(NH), alkyl- 19.7 29 52
Piperidine, 4-(alkyl, cyc)- 20.0 2 19 Piperidine, 4-phenyl- 19.7 1 17
Piperidine 19.7 30 53 Piperidine, 1-(alkyl, acyc)- 18.7 16 37
Piperidine, 4-phenyl- 19.7 1 17 Benzene, 1-alkoxy-,4-alkyl- 16.7 14 33
Benzene, 1-alkyl-,2-(2-aminoethyl)- 185 2 18 Benzene, 1-alkyl-,2-(2-aminoethyl)- 16.1 3 18
Azepine 18.2 0 14 Ethane, 1-alkylamino-,2-hydroxy- 16.0 8 25
sec-Amine(NH), alkyl- 16.7 32 52 Piperidine, 4-(alkyl, cyc)- 154 4 19
Ethane, 1-alkylamino-,2-hydroxy- 16.0 8 25 Benzene, 1-oxy- 141 80 91
Benzene, 1-alkoxy-,4-alkyl- 15.4 15 33 Morphinan 13.7 0 11
Benzene, 1,2-dialkyl- 15.0 11 28 Amine(NH), methyl, alkyl- 12.8 2 14
Piperidine, 2-(alkyl, cyc)- 14.0 4 18 Sulfide, phenyl- 12.8 2 14
Morphinan 13.7 0 11 Azepine 12.8 2 14
Benzene, 1-(2-aminoethyl)- 13.7 29 46 Piperidine 12.4 38 53
Benzene, 1-oxy- 13.5 81 91 Benzene, 1-alkoxy-,4-(2-aminoethyl)- 12.2 5 18
Amine(NH), methyl, alkyl- 12.8 2 14 Pyridine(H), 1-(alkyl, acyc)- 11.8 26 41
Pyridine(H), 4-aryl- 11.6 11 25 Benzene, 1,2-dialkyl- 11.2 14 28
Carbonyl, alkenyl, cyc— 30.1 73 11 Carbonyl, alkenyl, cyc— 293 72 11
Carboxy 27.6 49 3 Carboxy 23.7 44 3
Ketone, alkenyl- 24.6 48 4 Oxycarbonyl, 0-alkyl- 19.1 69 16
Carbonyl, alkyl, acyc- 16.7 91 29 Ketone, alkenyl- 17.1 38 4
Carbonyl, alkyl, cyc- 16.3 94 31 Oxycarbonyl, O-(alkyl, cyc)- 15.9 44 7
Oxycarbonyl, 0-alkyl- 15.8 64 16 Carboxylate 15.9 62 15
Ketone 141 77 24 Carbonyl, alkyl, cyc- 15.7 93 31
Carboxamide 13.6 100 37 Carboxylic acid, alkyl, acyc- 154 27 1
Oxycarbonyl, O-(alkyl, cyc)- 13.2 40 7 Carboxylate, alkyl- 13.6 43 8
Carboxylic acid, alkyl, acyc- 13.2 24 1 Amine, alkenyl, cyc- 12.9 32 4
Carbonyl, oxymethyl- 12.8 37 6 Carbonyl, oxymethyl- 12.8 37 6
Carboxylate, alkyl- 11.7 40 8 Carbonyl, alkyl, acyc- 12.8 84 29
Steroid, 3-oxo- 11.1 24 2 Carboxamide 121 97 37
Carboxamide (NR2) 10.0 46 12 Diene, 1,4- 11.8 25 2
Pyridine(H), 3-carbonyl- 9.9 25 3 Pyridine(H), 3-carbonyl- 10.5 26 3
Diene, 1,4- 9.7 22 2 Pyran(H), 4-oxy- 10.5 17 0
Benzene, 1-carbonyl- 9.6 65 22 Ether, alkoxymethyl- 9.7 16 0
Benzene, 1-alkyl-,2-aminomethyl- 9.5 1 1 Pyran(H), 3-hydroxy- 9.0 15 0
Sulfonamide, aryl- 9.2 29 5 Steroid 8.8 26 4

The number of positive (Np) and negative (Nn) compounds that contain each feature are listed.

descriptors were included in all the QSAR models together with the
structural features, and they were among the key descriptors for
the CYP2C9 substrate and CYP2D6 inhibitor models.

The larger susceptibility of CYP2C9 towards binding compounds
containing hydrogen bond acceptors compared to CYP2D6,%2° and
the smaller polar surface area for CYP2D6 active compounds’® is
clearly reflected in this analyses. The difference in lipophilicity
among CYP2C9 and CYP2D6 active compounds, stated previ-
ously,®?° is not seen in our analysis.

3.3. Prediction of CYP activity for EINECS compounds

The developed QSAR models were used to screen 51,067 EINECS
compounds for CYP activity (Table 8). 2848 compounds were pre-
dicted to be CYP2C9 substrates, which is 20% of the compounds
within the domain of the developed model. For the CYP2D6 sub-
strates the corresponding number was 1583 compounds (9% of
the compounds within model domain). Similarly, 3877 and 4932
compounds were predicted as CYP2C9 and CYP2D6 inhibitors,
respectively, which amounts to 17% and 21% of the compounds
within domain of the QSAR models. 27% of the EINECS chemicals
were predicted to be in structural and activity domain for the
CYP2C9 substrate model, 35% for both the CYP2C9 inhibitor and
CYP2D6 substrate model, and 47% for the CYP2D6 inhibitor model.
According to these results, a substantial amount of existing chem-
icals can act either as substrates and/or inhibitors to these two ma-
jor CYPs, and thus we can expect that many chemicals in consumer
products and in the environment do affect human physiology
through interactions with major metabolic pathways.

Nebert and Dalton stated in their review that ‘Human CYP2D6
almost exclusively metabolizes drugs, and very few non-drug sub-
strates’.® Our results on the other hand indicate that this isozyme
indeed metabolizes many other chemicals. It would be peculiar if
such an important enzyme with respect to drug metabolism,
would not interact with other compounds that match the struc-
tural profile of the CYP2D6 binding pocket.

Rendic®? estimated based on their collection of available clinical
data that 25% of drugs act as substrates and 27% as inhibitors with
members of the CYP-2C family. For the CYP2D6 isozyme they
found that 15% interact as substrates and 22% as inhibitors. Accord-
ing to an investigation by Zanger et al.’ conducted on 200 of the
most sold drugs on the US market, 17% were identified to undergo
oxidative metabolism via CYP2C9 and 15% via CYP2D6. Although,
our screening results are within another chemical universe, we
can conclude that our predictions for EINECS chemicals are within
the same order of magnitude as the estimates given for drugs in
the literature.

CYP2D6 is known to be a particularly important isozyme for
metabolizing aromatic amines. To verify if this was reflected in
the screening results, we examined the occurrences of aromatics
amines among the EINECS chemicals screened with the CYP2D6
and CYP2C9 substrate and inhibitor model (Table 8). It was clearly
seen that while 61% of all the EINECS compounds predicted as
CYP2D6 substrates were classified as aromatic amines, the corre-
sponding value for CYP2D6 inhibitors was only 18%. Around 30%
of the CYP2D6 non-substrates and non-inhibitors were classified
as aromatic amines, which corresponds to the percentage of aro-
matic amines within the whole EINECS list. The same was the case
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Table 7
The best correlated positive and negative features for the CYP2D6 inhibitor sub-sets, evaluated by %2 statistics
Key features for 2D6 inhibitors, set a % Nn Np Key features for 2D6 inhibitors, set b ¥ Nn Np
tert-Amine, alkyl- 20.7 82 98 tert-Amine 29.7 72 98
seic-Amine(NH), alkyl- 19.0 15 36 Ethane, 1-alkylamino-,2-hydroxy- 14.0 4 18
sec-Amine(NH) 149 29 47 Amine, dimethyl, alkyl- 12.6 7 21
Benzene, 1-(alkyl, acyc)- 141 63 76 Benzene, 1-(alkyl, cyc)- 114 32 46
Alcohol, benzyl- 9.2 3 13 Pyridine(H), 2-(alkyl, acyc)- 10.9 5 17
Piperidine 9.2 27 39 sec-Amine(NH) 9.9 35 47
Piperidine, 2-(alkyl, acyc)- 9.2 0 8 Ethane, 1-amino-,2-hydroxy- 9.7 9 21
Benzene, 1-amino-,3-methoxy- 7.8 0 7 Oxycarbonyl, O-methyl- 8.8 4 14
Benzene, 1-(2-aminoethyl)- 6.4 19 28 Methane, 1-aryl-,1-phenyl- 8.1 1 9
Benzene, 1-alkyl-,4-chloro- 6.1 5 13 Piperidine 7.8 29 39
Methane, 1-alkylamino-,1-phenyl- 6.1 5 13 Benzene, 1-alkyl-,4-chloro- 7.6 4 13
Pyridine(H), 2-(alkyl, acyc)- 5.6 9 17 Benzene, 1-benzyl- 6.8 7 16
Benzene, 1-alkylaminomethyl- 5.5 10 18 Propane, 1-alkylamino-,3-arylamino- 6.7 1 8
Benzene, 1-alkyl-,2-methoxy- 49 0 5 Benzene, 1-alkoxy-,4-alkyl- 6.6 9 18
Benzene, 1-alkoxy-,3-alkylamino- 4.9 0 5 Benzene, 1-chloro- 6.4 30 38
Pyridine(H), 3-oxymethyl- 4.9 0 5 Azepine 6.0 2 9
Propane, 1-amino-,3-hydroxy- 49 0 5 Ethane, 1-hydroxy-,2-phenoxy- 6.0 2 9
Benzene, 1-aminomethyl(CH,)- 4.8 7 14 Methane, 1-aryl-,1-hydroxy- 5.8 7 15
Ethane, 1-alkylamino-,2-amino- 4.8 2 8 sec-Amine(NH), alkyl- 5.6 29 36
Carbonyl, alkyl, cyc- 15.5 69 2 Carbonyl, alkyl, cyc- 174 72 2
Ketone, alkenyl- 13.9 30 3 Carboxy 14.7 41 7
Steroid 13.7 24 1 Ketone 13.2 56 15
Carbonyl, alkenyl, cyc- 10.8 48 13 Ketone, alkyl, cyc- 12.0 30 4
Ketone, alkyl, cyc- 10.6 28 4 Ketone, alkenyl- 10.9 26 3
Benzene, 1-alkyl-,4-halo- 8.6 9 2 Benzene, 1-alkyl-,4-halo- 9.9 8 2
Steroid, 3-oxo- 8.5 17 1 Sulfonamide, aryl- 9.5 24 3
Ketone 8.0 47 15 Steroid 9.1 18 1
Carboxamide 7.9 70 28 Carbonyl, alkenyl, cyc- 8.4 44 13
Benzene, 1-alkylamino-,2-alkyl- 7.3 2 1 Carboxamide 8.3 71 28
Steroid, 17-oxy- 7.0 15 1 Carboxamide (NR2) 7.9 33 8
Ether, phenyl- 6.8 43 5 Alkene, trisubst 7.8 37 1
Carboxamide (NR2) 6.2 30 8 1,3-Diazine(H), 4-oxo- 7.7 16 1
Ether, alkyl, cyc- 5.8 39 13 Benzene, 1-alkylamino-,2-alkyl- 7.3 2 1
Sulfonyl group 5.7 25 6 Steroid, 10-methyl- 7.0 12 0
Amine, i-propyl- 5.6 3 1 1-Benzene-sulfonamide 6.2 19 3
Cyclohexenone 4.9 12 1 Benzene, 1-(alkyl, acyc)- 5.9 78 76
Ketone, cyclopentyl- 49 9 0 Steroid, 17-oxy- 5.6 13 1

The number of positive (Np) and negative (Nn) compounds that contain each feature are listed.

for CYP2C9 active and inactive compounds, where all groups con-
tained about 30% of aromatic amines. These results show that
the overrepresentation of aromatic amines among the CYP2D6
substrates is clearly reflected by the predictions for the EINECS
chemicals, which demonstrates that the QSAR model truly can
identify a highly CYP2D6 relevant substrate class in a foreign data
set.

It was seen from the EINECS screening results, that sulfona-
mides were a highly relevant compound class for both for CYP2C9
substrates and inhibitors. This was also reflected by the fact the
sulfonamide containing fragments were seen among the most
important positive fragments within the developed QSAR models.
Thus sulfonamides (molecules containing a S(=0),N group) were
identified within the EINECS predictions by substructure search.
In Table 8 it was seen that almost all sulfonamides were classified
as both CYP2C9 substrates and inhibitors, and at the same time
they were classified as CYP2D6 inactive. This example also illus-
trates the ability of the developed QSAR models to identify CYP2C9
active compound classes in a data set without available experi-
mental data.

Poly-aromatic hydrocarbons were predicted to be slightly more
likely to be CYP2C9 substrates or inhibitors rather the non-sub-
strates or non-inhibitors. These compounds were predominantly
classified as non-substrates and non-inhibitors to the CYP2D6
isozyme.

The overlap between EINECS compounds predicted as sub-
strates and inhibitors for CYP2C9 and CYP2D6, respectively, was
investigated (Fig. 2). The developed models thus predicted the
overlap between CYP2C9 substrates and inhibitors to be 2.4-3

times larger than the number of compounds that were predicted
to be exclusively CYP2C9 substrates or inhibitors. This was also
illustrated by the similarities in the best correlated features for
the inhibitor and the substrate models (Tables 4 and 5). The inhib-
itor data and thus also the models do not distinguish between
reversible and irreversible inhibition,® and thus some of the over-
lap can be explained by compounds that both act as inhibitors
and substrates as a part of the metabolism process. Much fewer EI-
NECS compounds were predicted to be both substrates and inhib-
itors to the CYP2D6 isozyme, with a significantly larger portion of
the chemicals predicted to only be inhibitors and significantly few-
er to be only substrates.

It can thus be concluded that a noteworthy portion of the envi-
ronmental chemicals within the EINECS data set were predicted to
interact with CYP2C9 and CYP2D6, either to be metabolized by
these isozymes or to inflict upon their activity through inhibition.
As consumers are exposed to many of these compounds in larger
and smaller quantities, their interactions with the CYP enzymes
might affect metabolism of other compounds, like drugs, by com-
peting for the same CYPs.

3.4. Example: Drug-herbal interactions and (S)-warfarin

Evidence for the interactions between the anticoagulant drug
(S)-warfarin (Fig. 3) and several herbs used as food supplements
has been described in the recent literature. It is relatively well
established that patients using (S)-warfarin should avoid herbs like
Danshen, Dong quai, Ginko biloba and St. John’s worth, among oth-
ers, due to increased risk of bleeding.”! Several flavonoids found in
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Figure 1. The mean values of the molecular weight (MW)(a), octanol-water partition coefficient (AlogP)(b), number of hydrogen bond acceptors (HBA)(c) and donors
(HBD)(d), no. rotatable bonds (RB)(e) and polar surface area (PSA)(f) for CYP substrates/non-substrates and CYP inhibitors/non-inhibitors in the full training sets used. The

standard deviations are shown as thin lines.

Ginko biloba have been identified as CYP2C9 inhibitors, with the
flavones amentoflavone, apigenin and luteolin having IC50 values
below 10 pM.”! CYP2C9 inhibitory activity was also documented
for other groups of flavonoids,®®72-74 although other flavonoids
were found to have limited CYP2C9 activity.”®

A study that used flexible docking and molecular dynamics sim-
ulations, showed that a group of flavones and flavonols, including
apigenin and luteolin, have the ability to bind close to the heme
and occupy the substrate binding site observed for flurbiprofen
in CYP2C9.>° In another study, flavone and five other flavonoid
inhibitors of CYP2C9 could be docked into the substrate binding
site.>®

In the published crystal structure, (S)-warfarin was seen to bind
in a position which is believed to be too far from the heme group in

the substrate binding site of CYP2C9 for hydroxylation to occur.
The authors thus speculated that (S)-warfarin would subsequently
move closer to the heme group by conformational changes in order
to undergo hydroxylation.”® One can speculate that flavoids and
other compounds that bind outside the active site of CYP2C9 and
are considered to act as non-competitive CYP2C9 inhibitors, might
interfere with the metabolism of (S)-warfarin.

We used our in-house database tool to search for all compounds
containing a flavone group (Fig. 4) in our database, and explored
the predicted CYP2C9 and CYP2D6 activity for these compounds.
Of the 60 compounds containing a flavone substructure and within
structural and activity domain of the CYP2C9 inhibitor QSAR mod-
el, all were predicted to act as CYP2C9 inhibitors. Fifty-three com-
pounds containing a flavone group were within the model domain
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Table 8

EINECS compounds predicted as CYP2D6 and CYP2(C9 substrates, non-substrates, inhibitors and non-inhibitors, respectively, presented as counts and percentage of predictions

within the domain of the QSAR models

Predicted class CYP2D6 substrates

CYP2D6 non-substrates

CYP2C9 substrates CYP2C9 non-substrates

Predictions within model domain 1583 (9%)

16,359 (91%)

2848 (20%) 11,066 (80%)

- aromatic amines 973 (61%) 5112 (31%) 927 (33%) 3467 (31%)
- sulfonamides 10 (0.6%) 555 (3%) 229 (8%) 24 (0.2%)
- poly-aromatic hydrocarbons 18 (1%) 745 (5%) 113 (4%) 261 (2%)

CYP2D6 inhibitors
4932 (21%)

893 (18%)
33(0.7%)

51 (1%)

Predicted class

Predictions within model domain
- aromatic amines
- sulfonamides
- poly-aromatic hydrocarbons

CYP2D6 non-inhibitors
18,997 (79%)

6012 (32%)

575 (3%)

819 (4%)

CYP2C9 inhibitors
3877 (17%)

CYP2C9 non-inhibitors
18,671 (83%)

988 (25%) 5102 (27%)
298 (8%) 31 (0.2%)
165 (4%) 497 (3%)

In each case the percentage of aromatic amines, sulfonamides and poly-aromatic hydrocarbons among the predictions within domain, are listed. Compound classes that are
significantly overrepresented compared to the full list of EINECS compounds are shown in bold and those which are under-represented in italics.
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Figure 2. Number of EINECS compounds predicted both to be a substrate and an
inhibitor, compared to the number of compounds that are predicted either to be
only a substrate or only an inhibitor to CYP2C9 and CYP2D6, respectively. For each
of the CYP isozymes, this analysis was made for compounds within the domain of
both the substrate QSAR and the inhibitor QSAR. The number of compounds
belonging to the different classes, are listed above the relevant columns.

Figure 3. 2D representation of warfarin.

Figure 4. 2D representation of flavone.

of the CYP2C9 substrate model. Forty-three of the compounds
within model domain were classified as CYP2C9 substrates, with
42 of those predicted to be inhibitors as well. Five of the ten sub-
stances that were predicted to be CYP2C9 non-substrates, were
classified to be CYP2C9 inhibitors. Among the predicted CYP2C9
inhibitors, compounds like flavone and apigenin that have been
experimentally identified as inhibitors are present, as well as many
structures that have not yet been tested for CYP2C9 inhibition
activity.

All the 65 compounds containing a flavone substructure and
within domain of both the CYP2D6 substrate and the CYP2D6
inhibitor models, were predicted to be CYP2D6 inactive, that is
both non-substrates and non-inhibitors. None of the substances
within model domain were identified as CYP2D6 active.

Thus according to our predictions, compounds containing a fla-
vone substructure were generally classified as CYP2C9 active and
CYP2D6 inactive. These results illustrate that our QSAR models
can be used to explore CYP activity for specific compounds, as well
as compound classes, and potentially to identify risk of interactions
with (S)-warfarin or other drugs with narrow therapeutic index. It
could be particularly useful to identify such problems for new food
and herbal products before they enter the market.

3.5. Analysis of procarcinogenic potential among CYP active
compounds

Groups of compounds containing substructures that are charac-
teristic of known procarcinogens were identified among com-
pounds predicted to be CYP active, as well as predicted as either
positive or negative in the Ames mutagenicity test (Table 9). As a
positive test result in the Ames in vitro assay is a good marker
for mutagenicity and for identifying mutagenic carcinogens, this
model was chosen for the analysis.

We searched for simple substructures characterizing these
compound classes; two inter-connected six-member aromatic
rings for poly-aromatic hydrocarbons, a combination of a six-mem-
ber aromatic ring and a tertiary nitrogen for aromatic amines, six-
member and five-member aromatic rings containing one or two
nitrogen atoms to search for the most common heterocyclic
amines and the N-N=0 group for nitrosamines.

While an overrepresentation of poly-aromatic hydrocarbons
was seen for predicted Ames positive CYP2C9 substrates and inhib-
itors compared to predicted Ames positive CYP2C9 non-substrates
and non-inhibitors, the CYP2D6 did not favor this compound class.
Thus the modeling results support the finding that specific variant
alleles of CYP2C9 have been linked to the metabolism of procarcin-
ogens and increased risk of cancer.® The majority of all poly-aro-
matic hydrocarbons were identified as Ames positive according
to the model predictions.
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Table 9
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The percentage of aromatic hydrocarbons and of four classes of compounds known to be rich in procarcinogens (poly-aromatic hydrocarbons, aromatic amines, heterocyclic
amines and nitrosamines) with respect to predicted activity in the four CYP models and the Ames mutagenicity model

Model predictions by ~ CYP activity =~ Ames activity =~ Aromatic hydrocarb.  Poly-arom. hydrocarb. = Aromatic amines = Heterocycl. amines  Nitros amines
Ames model alone POS 70 15 54 19 2.6
NEG 52 1 31 9 0.0
CYP2C9 substrates POS POS 93 22 54 3 0.4
+Ames POS NEG 74 1 24 3 0.0
NEG POS 61 6 51 8 0.2
NEG NEG 36 1 18 3 0.0
CYP2C9 inhibitors POS POS 78 21 61 5 0.3
+Ames POS NEG 36 1 14 2 0.0
NEG POS 56 10 36 8 0.4
NEG NEG 39 1 18 4 0.0
CYP2D6 substrates POS POS 90 7 66 5 0.0
+Ames POS NEG 75 1] 56 2 0.0
NEG POS 71 15 57 6 0.3
NEG NEG 37 1 17 3 0.0
CYP2D6 inhibitors POS POS 54 12 37 5 0.0
+Ames POS NEG 30 1] 14 2 0.0
NEG POS 65 12 49 8 0.5
NEG NEG 41 1 18 5 0.0

Only predictions that are within the domain of both the CYP model considered and the Ames model are considered. Highly overrepresented contributions among the Ames

positive predictions are marked with bold.

Aromatic amines were seen to be overrepresented among the
compounds predicted as Ames positive compared to those pre-
dicted as Ames negatives. The percentages of the predicted Ames
positive CYP active compounds were compared to the percentages
of the corresponding Ames positive CYP inactive compounds. In
most cases these were considered comparable, taking the uncer-
tainties of the predicted data into account. An exception to this
was the CYP2C9 inhibitors, for which the percentage of Ames posi-
tive compounds was twice as high, than for the non-inhibitors for
this compound class. Although CYP2D6 is known to metabolize
aromatic amines, this isozyme is generally not considered to con-
tribute to procarcinogenic metabolism,® which is in agreement
with the findings of our analysis.

Ames positive heterocyclic amines and nitrosamines cannot be
considered to be favored by any of these CYPs, and nitrosamines
did not interact with CYP2D6 at all according to our model
predictions.

Our results thus showed some tendency towards increased
CYP2C9 activity among poly-aromatic hydrocarbons, a compound
class rich in procarcinogens, but no such tendencies were seen
for the CYP2D6 active compounds.

4. Conclusions

Four new QSAR models for substrate recognition and inhibitor
identification for CYP2C9 and CYP2D6 were developed based on
human clinical data, with the use of structural features and molec-
ular descriptors relevant with respect to ligand binding. Each of the
models used a set of the best correlated structural features gener-
ated from the extensive library of Leadscope. Robust models were
developed, with sensitivities ranging from 66% to 73% and specific-
ities in the range 82-88%.

The models were used to screen 51,067 EINECS chemicals with
respect to CYP activity. The chemicals within the applicability do-
main of the respective models were thus predicted to be either
substrates or inhibitors, both substrates and inhibitors, or inactive
to these two isozymes. Where the majority of CYP2C9 active com-
pounds were predicted to be both a substrate and an inhibitor at
the same time, the CYP2D6 active compounds were primarily pre-
dicted to be only inhibitors.

The structural characteristics of the models, reflected by the
best correlated structural features, matched known binding prop-
erties of these isozymes. Substructure analysis among the EINECS

compounds predicted as CYP substrates and inhibitors illustrate
the good ability of the developed QSAR models to identify com-
pound classes that act as substrates to the two CYPs, for example,
sulfonamides for CYP2C9 and aromatic amines for CYP2D6.

Compounds containing a flavone substructure were generally
predicted to be CYP2C9 inhibitors. This supports literature studies
on the CYP2C9 inhibitory effect of flavone compounds that can
potentially affect the activity of drugs like (S)-warfarin. Further-
more, a weak overrepresentation of poly-aromatic hydrocarbons
was seen among predicted CYP2C9 active and Ames positive com-
pounds, indicating that CYP2C9 plays a role in the metabolism of
procarcinogens.
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