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The pregnane X receptor (PXR), a member of the nuclear hormone superfamily, regulates the expression
of several enzymes and transporters involved in metabolically relevant processes. The significant induc-
tion of CYP450 enzymes by PXR, in particular CYP3A4, might significantly alter the metabolism of pre-
scribed drugs. In order to early identify molecules in drug discovery with a potential to activate PXR as
antitarget, we developed fast and reliable in silico filters by ligand-based QSAR techniques. Two classifi-
cation models were established on a diverse dataset of 434 drug-like molecules. A second augmented
set allowed focusing on interesting regions in chemical space. These classifiers are based on decision trees
combined with a genetic algorithm based variable selection to arrive at predictive models. The classifier
for the first dataset on 29 descriptors showed good performance on a test set with a correct classification
of both 100% for PXR activators and non-activators plus 87% for activators and 83% for non-activators in
an external dataset. The second classifier then correctly predicts 97% activators and 91% non-activators in
a test set and 94% for activators and 64% non-activators in an external set of 50 molecules, which still
qualifies for application as a filter focusing on PXR activators. Finally a quantitative model for PXR acti-
vation for a subset of these molecules was derived using a regression-tree approach combined with GA
variable selection. This final model shows a predictive r? of 0.774 for the test set and 0.452 for an external
set of 33 molecules. Thus, the combination of these filters consistently provide guidelines for lowering

PXR activation in novel candidate molecules.

© 2012 Elsevier Ltd. All rights reserved.

1. Introduction

The pregnane X receptor (PXR; NR1I2) was identified in 1998 as
a member of the nuclear hormone receptor (NHR) superfamily.'*
It is expressed in liver, intestine and in organs involved in the
absorption, distribution, metabolism and elimination (ADME) of
structurally diverse endobiotics and drug molecules. This receptor
was initially found to be activated by several drug molecules,
which are known to regulate CYP3A4 gene expression and thus
cause clinically relevant drug-drug interactions.” Since then it
has been unveiled that PXR regulates the expression of several
metabolizing enzymes including cytochrome P450’s from the
CYP3A and CYP2B subfamily,'* such as CYP3A4° as most abundant
cytochrome expressed in the liver and CYP2B6, in addition to
CYP2C8/9.” PXR activation also induces UDP-glucuronosyl-trans-
ferases and glutathione-S-transferases as major phase-II conjugat-
ing enzymes.®? It also regulates the expression of important drug
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transporters'® such as P-glycoprotein and multidrug resistance
proteins.'""'? The involvement of this nuclear hormone receptor
in multiple relevant ADME processes are further discussed in many
recent review articles.!>1°

The activation of PXR depends on ligand-binding to its ligand-
binding domain (LDB). Following this recognition event, PXR then
forms a heterodimeric complex with the retinoic X receptor
(RXR; another member of the NHR superfamily'®), which subse-
quently binds to PXR response elements in the 5'-flanking region
of PXR target DNA sequences. Among these target genes are those
encoding phase-I and phase-Il metabolizing enzymes and trans-
porters. It has been experimentally demonstrated that PXR activa-
tion in fact regulates a large network of genes. For example 138
genes were induced and 82 were repressed in rats treated with
the PXR ligand pregnenolone 16a-carbonitrile.!” However, many
of these genes from this and related studies'® were not further val-
idated by direct mRNA quantification and thus may not be direct
PXR targets.

Unlike other NHRs like PPARs and steroid receptors that interact
with a higher degree of specificity with their physiological ligands,
PXR ligands are structurally very diverse. This finding can be attrib-
uted to a complex defense strategy of the organism in response to
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threats by multiple xenobiotics. Metabolism of drugs and other
molecules in the liver is the primary defense against accumulation
of potentially toxic lipophilic compounds.!® This strategy involves
xenosensors like PXR, the constitutive androstane receptor
(CAR)!*1518-21 3nd the aryl hydrocarbon receptor (AhR)?? to recog-
nize potentially dangerous molecules and cause an increase of the
concentration of metabolic enzymes by inducing their transcrip-
tion. The analysis of mammalian PXR ligand-binding specificity
provides also an instructive example of refinement in NHR li-
gand-binding during evolution.??> The comparison of in vitro assay
data between vertebrate species revealed that PXR as original ‘bil-
iary salt receptor’ underwent a significant broadening of its specific-
ity, being able to bind diverse androstanes, pregnanes, C27 bile
alcohols sulfates and xenobiotics ligands in the common vertebrate
ancestor, while in amniotes the specificity is restricted to C24 bile
acids. 24

Many ligands for human PXR have been identified among pre-
scription drugs; those include the antibiotics rifampicin, clotrima-
zole and ritonavir; the antineoplastic drugs cyclophosphamide,
cyproterone acetate, taxol, tamoxifen, and RU486; the anti-inflam-
matory agent dexamethasone; the anti-type 2 diabetes drug trog-
litazone, the antihypertensive drugs nifedipine and spironolactone
and the sedatives glutethimide and phenobarbital.?®!> In addition,
some commonly used herbal medicines can also activate PXR, like
St. John’s wort.2’

The significant induction of CYP450 enzymes, in particular from
the CYP3A family, caused by PXR might dramatically alter the
metabolism of a variety of prescribed drugs, as the most abundant
CYP3A4 itself participates in the metabolism of >50% of the mar-
keted drugs.®2° Owing to this important role in the regulation of
metabolic enzymes, PXR activation might significantly impact the
plasma levels and fate of many drug molecules in clinical studies
and therapy. Therefore, drugs capable of activating PXR could in-
duce their own metabolism and transport and also interact with
co-administered pharmaceuticals.

Consequently the early identification of PXR activators in lead
identification and lead optimization is important to focus on com-
pounds with fewer side effects. To this end, various in vitro assays
have been introduced to monitor compounds as early as possible
for their ADME and antitarget-interaction characteristics. How-
ever, these assays require the synthesis of material to be tested.
To save time and resources, it is desirable to establish in silico tools
into the drug development process allowing the reliable assess-
ment of compound properties prior to synthesis, and subsequently
the ranking of a priority list of the most promising compounds to
be synthesized. Thus, facing the requirements of modern drug dis-
covery, rational approaches to optimize molecules directed by
quantitative structure-activity relationship (QSAR) and structure-
based design require a tight interplay between multiple disci-
plines: medicinal chemistry, structural biology, pharmacology
and pharmacokinetics.

In this report we describe our approach towards the develop-
ment of a fast and reliable filter*° for PXR activation by molecules
binding to this antitarget receptor. To this end, we employed li-
gand-based QSAR techniques for deriving predictive PXR activation
models. Ligand-based QSAR models are aiming to provide a reliable
classification of active molecules; they might also serve to identify
conserved structural features among active molecules. However
their application in a drug discovery context requires careful vali-
dation using external test sets before productive use in project set-
tings. Additionally, these models should encompass multiple
chemical series assuming similar competitive binding modes in
PXR, thus showing predictivity beyond a single congeneric series.
However, the amount and diversity of structural and biological
data in this field might not yet qualify any obtained model as truly
global in its scope of applicability.

We first report on the development and validation of a classifi-
cation model for PXR activation on a large literature dataset. For
classification we use a well-established decision tree method,
which has not been used very frequently in the chemistry field
yet. This approach was modified by us to encompass a genetic
algorithm (GA) based variable selection to arrive at significant
and predictive models. In a second classification model this dataset
is augmented by internal molecules from drug discovery programs
tested for their potential to activate PXR. The idea is to add addi-
tional chemical information to those chemical space regions, which
are of interest for us in current project support. Hence, the scope
and diversity comes from the broader literature dataset, while
more details about structure-activity relationships result from
the addition of particular chemical series. Finally, we used diverse
quantitative data on PXR activation for a subset of these molecules
covering interesting regions in chemical space to derive a quantita-
tive model using a well-established regression-tree approach. The
chemical interpretation of these models will be discussed, showing
a broader picture of structural prerequisites for PXR activation.

2. Methods
2.1. Datasets

To generate qualitative 2D models for identification of PXR acti-
vators, we first collected public compounds from literature and
internal databases. Datasets from earlier QSAR publications were
collected or re-built according to reported information. We started
with the dataset from Ung et al.' with 128 PXR activators and 77
non-activators. In this dataset, compounds with a pECsq value®? >4
were classified as PXR activators and pECsg <4 as non-activators.
This dataset, obtained as SMILES strings from the Supplementary
data, was combined with the structure compilation by Khandelwal
et al.,>® which was also summarizing some molecules from previ-
ous publications®*4~3% in addition to their own data. Further com-
pounds were extracted by us from more recent literature reports
by Lemaire et al.>®3” Xue et al..>® Feng et al.*® Gao et al.*° and
Fotsch et al.*! Finally we investigated the Aureus database*? and
extracted molecules, for which experimental PXR activation data
are available. All datasets were merged and harmonized after care-
ful analysis; literature classifications were checked for consistency.
Each compound was assigned to one of two categories, namely
HIGH or LOW with respect to experimental PXR activation in the
literature. However, as assays and classification thresholds vary
in different experimental studies, this causes a potential source
of uncertainty. It should also be mentioned that PXR activation
data could be affected by multiple mechanisms (e.g., solubility,
binding to the DNA-binding domain) and not only reflect true acti-
vation via binding to the PXR ligand-binding domain. The choice of
decision trees for data mining is intended to address these issues.

The combined set of molecules encompassed 434 unique chem-
ical structures (dataset A, Supplementary data) and was used to
build the first PXR classification models. The dataset was split by
statistical methods employing 2D UNITY fingerprints*? as descrip-
tors and hierarchical clustering® into a training set (380 mole-
cules), a test set for validation of the variable selection approach
described below (25 molecules) and an external set (29 com-
pounds) to estimate the classification performance of the model
on novel structures. Hierarchical clustering using a complete link-
age approach was performed using Selector in Sybyl.#*> The dis-
tance between the most distant pairs in both clusters is used for
merging. Compounds next to the cluster centers were then se-
lected as test or external set in separate clustering runs.

One essential prerequisite for successfully applying QSAR
models to previously unknown molecules is that candidates for
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prediction should not be too dissimilar compared to the training
set for constructing the model. By applying a statistical approach
for test set selection, we ensure that validation of the model is per-
formed within its similarity boundaries. This similarity to training
set compounds then also defines the applicability domain*>% of
model-based predictions.

For constructing a second classification model, we added inter-
nal molecules to this first dataset A to arrive at 636 unique chem-
ical structures (dataset B). Our intention was to better cover the
chemical space for interesting series in lead optimization. These
additional compounds were tested in different internal or external
PXR activation assays. When adding in-house data for an aug-
mented qualitative PXR activation model, we consistently classi-
fied compounds with a pECsg value <4.75 as LOW and those with
a pECsp value >4.75 as HIGH. Compounds with low effect in sin-
gle-point determinations and thus without reliable dose-response
data were also classified as LOW. As threshold a value <20% activity
compared to a reference compound (SR12813)% is typically used.

This dataset B with 636 unique chemical structures was again
split by statistical methods into a training set (536 molecules), a
test set for validation of the variable selection approach described
below (50 molecules) and an external set (50 compounds) to esti-
mate the classification performance of the model on novel struc-
tures. For consistency, the same test and external set molecules
from dataset A were also included in the test and external set for
dataset B, respectively.

For a significant number of compounds from dataset B, quanti-
tative PXR activation data were collected from the literature, the
Aureus database and from multiple internal PXR activation assay
data. Hence, we combined this subset of dataset B as dataset C to
derive a quantitative PXR activation model for a focused region
of the chemical space. This dataset C with 306 unique chemical
structures, which are all contained also in dataset B, was split into
a training set (240 molecules), a test set for validation of variable
selection (33 molecules) and an external set (33 molecules) to
evaluate the performance of the model. However, it should be
noted that in this dataset C the ECsq values originate from different
assays or were estimated from % activation data in literature or
internal assays. A further complication towards generation of
quantitative models for a nuclear hormone receptor is that any def-
inition of experimental activation should not only consider ECsq
from dose-response curves, but also the level of maximal PXR acti-
vation compared to a reference, which often is rifampicin. How-
ever, this level of activation might also vary and is not always
known, which again makes a clear ranking of individual molecules
difficult. Hence, the investigated dataset C is expected to suffer
from some of these issues. Nevertheless, the obtained quantitative
model might be useful to provide first SAR trends or rankings for
novel molecules, which are chemically similar to the training set.

2.2. Molecular descriptors

Pretreatment of all molecules started from the connection table
and includes removal of counterions and smaller fragments, neu-
tralization plus canonization of chemical structures. Canonical 3D
geometries including hydrogen positions were then generated
using the program corina.*84°

For each molecule structure-derived descriptors were computed
using the following program packages, namely 185 descriptors from
MOE,>° 128 from Volsurf+>'~>4 and 82 descriptors from Parasurf.>>->°
Moreover, we computed 191 CATS® derived topological pharmaco-
phore descriptors based on an internal implementation.>® In previ-
ous investigations, we have systematically compared multiple
descriptor blocks with regard to their model building performance.
For the PXR classification in this study, either the combination MOE,
Volsurf, Parasurf or MOE, Volsurf, CATS proved effective.

Prior to calculating semiempirical Parasurf descriptors, all mol-
ecules were subjected to geometry optimization using the AM1
Hamiltonian®® in Mopac6®® (keywords: AM1, EF) starting from
their canonical 3D corina conformation. Molecular surfaces and
descriptors were calculated with Parasurf directly from the Mo-
pac6 output. In the first approach, the standard descriptors as
described in the Parasurf manual®® were used. For the surface
integral model, the SIM descriptors®! were calculated. Parasurf
can calculate several different types of molecular surfaces. The
models described below used the marching-cube algorithm®? for
the surface calculation based on the default isodensity value of
0.003.%% The local properties calculated are the molecular electro-
static potential (MEP), local ionization energy (IE;), local electron
affinity (EA;), local hardness (#;), local polarizability (o), and the
local electrostatic field normal to the surface (Fy).5* Our final
parameter settings for calculating Parasurf descriptors include
the following options: surf=cube, contour=isoden, fit=isod,
iso = 0.003. The entire Parasurf descriptor calculation workflow
was wrapped in internal Python scripts to allow for parallel
processing.

Automation and parallelization of the entire molecular prepara-
tion and descriptor calculation workflow was done using internal
Python and Perl scripts.

2.3. Dataset analysis

For analysis of the input datasets, a principal component analy-
sis (PCA)%>~57 was performed using Sybyl** using MOE° descrip-
tors. A PCA contracts the large number of collinear variables to a
few orthogonal ‘principal properties’. The original data matrix is
approximated by the product of two smaller matrices, namely
scores and loadings.®® The score matrix gives a simplified picture
of the objects represented by a few uncorrelated new variables
(PC-Scores). The first new coordinate describes the maximum
variance among all possible directions, the second one the next
largest variation among all directions orthogonal to the first one.
All descriptors were subjected to autoscaling for normalization.

2.4. Model building

The entire compound and descriptor matrix from individual
datasets was used to build classification models from assigned
activity classes using the program €5.0.5%7° This data mining tech-
nique based on decision trees was validated and useful in other
internal and external studies’! for discovering patterns that delin-
eate categories, assembling them into classifiers, and using these
classifiers for predictions on novel molecules. Such a decision tree
approach is intrinsically able to analyze high-dimensional data af-
fected by multiple underlying mechanisms. Irrelevant descriptors
are ignored during tree development and pruning. These models
are less complex then those derived using neural networks or
other non-linear approaches, which makes a chemical interpreta-
tion possible. No further pruning options available in C5.0 were
used.

In order to improve classification model quality, expressed as
total error of the C5.0 model, we implemented a genetic algorithm
(GA) based descriptor selection approach using Perl based on its
module Al::Genetic.”?> The presence of all descriptors was encoded
in a bitstring (1: use; 0: ignore) and the GA was used to optimize
individual bit settings. For optimization, we attempted to minimize
the combined training and test set errors, to which equal weights
were assigned in all runs. The GA-based feature selection was per-
formed using a roulette-wheel approach with a two-point cross-
over and a crossover rate of 0.9. The GA mutation rate was set to
0.01, while the population size for individual configurations at
each GA generation was set to 100. A total of 1000 iterations were
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performed, while typically convergence was achieved at earlier
stages. This means that C5.0 runs 100 times for each iteration,
depending on the population size. An additional pruning step
was performed for every 10 iterations, thereby directly eliminating
irrelevant descriptors in the best model by a simple scanning ap-
proach. The pruned model is then added to the start population
for the next generation.

In a similar way quantitative models were built using the pro-
gram cusist,”>’4 which handles continuous dependent variables
(here: pECso for PXR activation) by a regression tree approach.
The basic principle is to first construct a rule-based decision tree,
where each rule has an associated MLR model describing the struc-
ture-activity relationship (SAR) for all molecules belonging to this
particular node of the decision tree.”> The tree structure deter-
mines the assignment of a molecule to a class. Hence, cusist classi-
fies molecules using structural parameters according to rules and
evaluates a separate SAR model for each subset, rather then fitting
a single model to the entire dataset. This approach is able to over-
come the lower accuracy of decision trees. For variable selection, a
similar GA-based approach was implemented, attempting to max-
imize the sum of regression coefficients for training and test sets as
target function, to which again equal weights were assigned. The
GA-based feature selection was performed using the same settings
and for the decision tree, namely employing a roulette-wheel ap-
proach with a two-point crossover and a crossover rate of 0.9.
The GA mutation rate was set to 0.01, while the population size
for individual configurations at each GA generation was set to
100. A total of 1000 iterations were performed.

3. Results and discussion
3.1. Dataset characteristics

In order to compare both input datasets A and B with 434 and
636 compounds, respectively, we computed MOE descriptors for
all molecules and performed a PCA after autoscaling of the descrip-
tor matrix. The first three PCA components were kept for interpre-
tation of the PC score matrix, as they cumulatively explained 35.1%,
46.2% and 56.4% of the total variance in the descriptor block.

The first two PC scores in Figure 1 for all 636 molecules serve to
illustrate the structural diversity of this dataset. The color-coding
in the graph on the left indicates 434 molecules from dataset A
in blue and the additional compounds from dataset B in red. This
distribution shows that dataset A spreads out significantly in PCA
space, suggesting a broader coverage of the derived model, while
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the added compounds for dataset B (red) are densely grouped in
a region close to the center of this graph. This reflects the presence
of multiple congeneric series, which then might allow adding spec-
ificity and possibly extracting more detailed SAR information in
this region of covered chemical space.

The color coding in the graph on the right in Figure 1 shows the
distribution of compounds from the combined dataset used for
training (blue), for test set (green) and as external set (red) to only
evaluate the performance of the resulting models. This graph sug-
gests an equal coverage of the PCA space; it should be noted that
test set selection was based on different descriptors (2D finger-
prints and clustering).

For both datasets A and B, the distribution of characteristic
properties like molecular weight, logP and topological PSA
(TPSA),”® is displayed in histograms in Figure 2. All data were com-
puted using MOE. The histograms show an almost similar distribu-
tion for both datasets. A more detailed analysis shows that the
internal compounds added to dataset B are predominantly drug-
like molecules with mean values for molecular weight of 491, log P
of 5.5 and TPSA of 86. However, the high mean log P value suggests
that also some very lipophilic compounds are present.

3.2. Classification model for PXR activation from dataset A

First we developed a qualitative classifier model to identify mol-
ecules that can potentially activate PXR. To this end we combined
multiple data sets from the literature and databases containing pub-
lic domain structures, as described above. All datasets were merged;
each compound was assigned to either HIGH or LOW categories,
based on PXR activation information provided in the literature.
The harmonized dataset of 434 chemical structures served to build
the first PXR classification models (dataset A). The dataset was split
by statistical methods into a training set (380 molecules), a test set
for validation of variable selection (25 molecules) and an external
set (29 compounds) to evaluate classification performance.

A total of 395 descriptors were calculated for all molecules
using MOE, Volsurf and Parasurf. C5.0 classification models using
all descriptors and the training set were constructed for dataset
A. These initial models were optimized using the GA-variable
selection procedure using equal weight of training and test set er-
rors as target function (1000 iterations, 100 populations).

The final classification model for dataset A after GA-based var-
iable selection contains 29 relevant descriptors: 14 derived using
MOE, 12 from Volsurf and 3 from Parasurf. The internal quality
of this classification model is summarized in Figure 3 (left) for
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Figure 1. PCA score plot for 636 molecules to illustrate the structural diversity of this dataset. Left panel: Blue points indicate 434 molecules from dataset A, red indicates
additional molecules in dataset B. Right panel: Distribution of compounds from the combined dataset used as training set (blue), as test set (green) and as external set (red).
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Figure 2. Distribution of characteristic physicochemical properties as histograms (left: molecular weight; middle: logP; right topological PSA (TPSA)) for both datasets A

(upper panel) and B (lower panel).

the training and test sets. This internal model quality is very good
with a correct classification of the training set of 100% for PXR acti-
vators (true high) and 99% for non-activators (true low). The corre-
sponding confusion matrix is shown in the left upper panel in
Figure 3. The model’s performance for the test set is equally good
with both 100% for PXR activators and non-activators (Fig. 3, left
middle panel). More important for the assessment of the model
quality is its performance on a true external test set, which was

not used to derive the classification model or partially guide any
descriptor selection. Here, the presented model correctly predicts
the external test set of 29 compounds with 87% correct classifica-
tion for PXR activators and 83% correct classification for non-acti-
vators, as shown in detail in the left lower panel in Figure 3. A
total classification error of 14% indicates a stable and significant
model. It should be noted that due to the test set selection using
only chemical descriptors, an imbalance of activators and non-

Figure 3. Quality of C5.0 derived classification models for dataset A (left) and dataset B (right). For each dataset, confusion matrices for their performance on the training

Dataset A Dataset B

Training set: = Training set: .

Classified as: — | high | low - Classified as: —» | high | low -

Error: 0.5 % 221 | 0 | high Error: 10 % 293 | 27 | high
2 157 | low 26 190 | low

Test set: = Test set: -

Classified as: — | high | low - Classified as: — | high | low -

Error: 0 % 19 0 | high Error: 4 % 38 1 | high
0 6 low 1 10 low

External set: = External set: :

Classified as: — | high | low - Classified as: —» high | low -

Error: 14 % 20 | 3 | high Error: 14 % 34 | 2 |high
1 5 low 5 9 low

(upper panel), test (middle panel) and external set (lower panel) are shown.
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Figure 4. Final decision tree for classifier derived using dataset A with major branches in the first three splits. Nodes enriched with PXR activators are colored in red, while
nodes enriched in PXR non-activators are colored blue. Terminal nodes lack dotted lines, while dotted lines indicate further branches of the final tree.

activators is present in training and validation sets, which might be
related to the slightly higher classification error for non-activators.

In order to further validate this model, the assignment of bio-
logical activity class was randomized 100 times, while maintaining
the actual distribution of PXR activators and non-activators. After
model development, a mean classification error of 37% for the ran-
domized training sets and 24% for the randomized test sets com-
pared to 0.5% and 0% for the final model (see above) indicate a
relevant original classifier, which appears to be not affected by
chance correlation.

The final decision tree is displayed with its major branches in
Figure 4. Nodes, which are enriched in PXR activators, are colored
in red, while nodes enriched in PXR non-activators are colored
blue. Dotted lines indicate further branches in the final decision
tree, which are not shown. The entire tree for dataset A is summa-
rized in the Supplementary data. The initial split is based on the
Volsurf (prefix: vs_) descriptor LGS4 (solubility at pH4) with its left
branch enriched in PXR activators. The next split then involves the
MOE descriptor GCUT_PEOE_3, which relates to the partial charge
distribution.”” When following the left branch of the classifier, the
BCUT_SLOPGP3 descriptor (atomic log P distribution)’® is responsi-
ble for the next split. When following the right branch of the clas-
sifier instead, the Volsurf descriptor P_FU4 (percentage of non-
ionized species at pH 4.0) provides the next split to one terminal
node with non-activators (blue). When following the initial
vs_LGS4 split to the right, the next relevant split is based on the
descriptor SMR_VSAO (MOE surface contribution for molecular
refractivity) again providing a terminal node for PXR non-activa-
tors on the right branch. The next split on the left hand of this tree
is then provided by the descriptor Q_VSA_NEG (MOE) leading once
again to a terminal node. This descriptor relates to the surface area
of atoms with a negative partial charge.”®

In order to evaluate the particular influence of individual
descriptors to model performance, we excluded each of the final
29 descriptors once before deriving a new classifier and analyzed
the differences in classification errors for training and test sets
with and without this descriptor. This classification error differ-
ence is computed by subtracting the classification error for this re-
duced model from the classification error for the original model,
which results in negative absolute differences. Those descriptors
with a very significant influence on the final classifier tend to be
more important to capture the SAR in the dataset. As the
implemented GA could potentially also keep descriptors without
any influence on predictivity, such an analysis further highlights

irrelevant descriptors. For 19 of 29 descriptors in the final model,
this classification error difference is <—3 for the test set. In partic-
ular, this was observed for 9 of 13 MOE-descriptors, 7 of 12 Vol-
surf-descriptors and all 3 Parasurf-descriptors, respectively. All
descriptors from this evaluation study are summarized in Table 1.

The most important descriptor from this analysis with a classi-
fication error differences in the test set of —20 is the MOE GCUT_-
PEOE_3 descriptor on PEOE partial charge distribution, followed by
Volsurf derived solubility at pH 4 (—16.0) and pH 8 (—8.0). Further
descriptors with a classification error differences in the test set of
—8 are the MOE SLOGP_VSA3 descriptor and the Volsurf amphi-
philic moment (vs_A). These subdivided surface area descriptors
like for SLOGP_VSA3 in MOE are based on an approximate accessi-
ble vdW surface area calculation for each atom along with atomic
properties from a connection table approximation. Each descriptor
refers to the sum of the atomic surface areas over all atoms with
properties in a specific range, here a polar logP contribution be-
tween 0.0 and 0.1.

Other relevant contributions to the classifier are the following
descriptors, all with a classification error differences in the test
set of —4 plus significant contributions in the training set, namely
BCUT_SLOGP3 (see above), B_TRIPLE (number of triple bonds),
vs_W8 (Volsurf hydrophilic regions computed at different OH
probe energy levels), vs_CD5 (Volsurf capacity factor for the DRY
probe indicating the concentration of hydrophobic sites on the
molecular surface at the certain energy level), vs_DD6 (Volsurf
hydrophobic volume differences) and Parasurf FNvar-, which de-
scribes the variance in the negative electrostatic field normal to
the molecular surface. This statistical analysis of the classifier plus
important descriptors to the classification result suggests a marked
influence of primarily those descriptors capturing solubility, lipo-
philic properties, the balance between lipophilicity and polarity
and some marked electrostatic terms.

3.3. Classification model from combined dataset B

In order to augment this model and adapt the training set to
interesting regions of our chemical space, we added compounds
from internal projects tested for PXR activation to dataset A. This
merged dataset of 636 chemical structures (dataset B) served to
build an augmented PXR classification model after splitting into a
training set (536 molecules), a test set for validation of variable
selection (50 molecules) and an external set (50 compounds) to
estimate classification performance. All members of the test and
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Table 1
Summary of important descriptors for classification model of dataset A*

Descriptor Type Classification error for Classification error Error difference Error difference
training set for test set for training set for test set
Original ALL 0.5 0.0 0.0 0.0
BCUT_SLOGP_3 MOE 3.2 4.0 -2.7 —-4.0
B_TRIPLE MOE 3.9 4.0 -34 -4.0
CHIRAL_U MOE 0.5 0.0 0.0 0.0
GCUT_PEOE_3 MOE 4.2 20.0 -3.7 -20.0
KIERA3 MOE 0.8 4.0 -0.3 -4.0
LIP_DRUGLIKE MOE 0.8 4.0 -0.3 -4.0
PEOE_VSA2 MOE 0.8 0.0 -0.3 0.0
PEOE_VSA_NEG MOE 0.8 0.0 -0.3 0.0
Q_VSA_FPOL MOE 2.6 0.0 -21 0.0
Q_VSA_NEG MOE 0.8 4.0 -0.3 -4.0
SLOGP_VSA3 MOE 3.7 8.0 -3.2 -8.0
SMR_VSAOQ MOE 1.1 4.0 -0.6 -4.0
SMR_VSA1 MOE 0.5 4.0 0.0 -4.0
SMR_VSA3 MOE 0.8 0.0 -03 0.0
vs_G Volsurf 0.5 0.0 0.0 0.0
vs_W8 Volsurf 39 4.0 -34 -4.0
vs_D3 Volsurf 1.1 0.0 -0.6 0.0
vs_D5 Volsurf 0.5 0.0 0.0 0.0
vs_D8 Volsurf 0.5 0.0 0.0 0.0
vs_CD5 Volsurf 2.9 4.0 -24 -4.0
VS_A Volsurf 39 8.0 -34 -8.0
vs_P_FU4 Volsurf 0.8 4.0 -03 -4.0
vs_P_FU10 Volsurf 1.1 0.0 -0.6 0.0
vs_LGS4 Volsurf 39 16.0 -34 -16.0
vs_LGS8 Volsurf 4.5 8.0 -4.0 -8.0
vs_DD6 Volsurf 4.5 4.0 -4.0 -4.0
ENEGmin Parasurf 1.1 4.0 -0.6 —-4.0
ENEGskew Parasurf 03 4.0 0.2 -4.0
FNvar- Parasurf 3.9 4.0 -34 -4.0

2 Computed by subtracting the classification error for reduced model without this descriptor from the classification error for the original model.

external set for dataset A were also members of the corresponding
sets for dataset B.

A total of 504 descriptors were calculated using MOE, Volsurf
and CATS. C5.0 classification models were then constructed for
dataset B using the same GA-descriptor selection procedure after
satisfactory initial classification models. A model developed in par-
allel using dataset B, but MOE, Volsurf and Parasurf descriptors in
accordance to the best model for dataset A revealed a slightly low-
er performance and was not followed further (data not shown).

The final classification model for dataset B after GA-based vari-
able selection contains 21 relevant descriptors: 9 derived using
MOE, 7 from Volsurf and 5 from CATS. The quality of this model
is summarized in Figure 3 (right). This internal model quality is
again acceptable with a correct classification of the training set
of 92% for PXR activators (true high) and 88% for non-activators
(true low), resulting in a 10% classification error. The correspond-
ing confusion matrix is shown in the right upper panel in Figure
3. The model’s performance for the test set is slightly better with
a correct classification of 97% for PXR activators and 91% for non-
activators, resulting in a 4% classification error (Fig. 3, right middle
panel). Applying this model to the external set of 50 compounds
led to a correct classification of 94% for PXR activators, but only
64% for non-activators, as shown in detail in the right lower panel
in Figure 3. A total classification error of 14% for the external set
indicates a stable and significant model. This model performance
still qualifies its application as virtual screening filter towards a
reliable alert for potential PXR activators.3’

For further validation the biological activity class assignment
was randomized for 100 times. After model development, a mean
classification error of 32% for the randomized training sets and
32% for the randomized test sets compared to 10% and 4% for the
final model suggests a significant original classifier unaffected by
chance correlation.

In order to evaluate the influence of individual descriptors to
model performance, we excluded again each of the 21 descriptors

once and analyzed the differences in classification error for train-
ing and test sets with and without this descriptor. For 10 out of
21 descriptors in this model this classification error difference is
<-3 for the test set. This was found for 4 of 9 MOE-descriptors, 3
of 5 CATS-descriptors and 4 of 7 Volsurf-descriptors, respectively.
These results are summarized in Table 2.

The most important descriptors from this analysis with signifi-
cant classification error differences are related to solubility, lipo-
philicity, electrostatics and size. Solubility is captured by the
MOE LOGS descriptor in addition to Volsurf solubility at pH 7
(vs_LGS7). Lipophilicity is accounted for by MOE SLOGP_VSAS8 as
surface area of atoms with a certain logP (here for very lipophilic
atoms), CATS PL6 as normalized occurrence of positive to lipophilic
atom distances with a distance of 6 bonds, vs_DD4 as Volsurf
hydrophobic volume differences and vs_CD7 as Volsurf capacity
factor for the DRY probe (see above). Electrostatic properties are
captured by the MOE descriptors GCUT_PEOE_O (see above) and
PEOE_VSA_FPNEG, which relates to the normalized negative polar
vdW surface area for atoms with a partial charge <—0.2.

In addition to this, the size of the molecules is reflected by the
CATS shape descriptors. Here SH18 refers to a CATS shape descrip-
tors indicating large molecules. This shape implementation in our
own CATS version®® is based on a normalized spatial autocorrela-
tion function®® providing the normalized sum of all occurrences
of heavy atom interactions at a particular graph distance. A value
of 18 refers to very large molecules.

3.4. Quantitative QSAR model for PXR activation

In order to derive a quantitative model for dataset C, this data-
set of 306 compounds was split into a training set (240 molecules),
a test set for validation of variable selection (33 molecules) and an
external set (33 compounds) to estimate the performance of the
model. We then employed the program cusist to derive regression
tree models based on the training dataset and all 395 MOE, Volsurf
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Table 2
Summary of important descriptors for classification model of dataset B?
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Descriptor Type Classification error Classification error Error difference Error difference
for training set for test set for training set for test set
Original ALL 9.9 4.0 0.0 0.0
GCUT_PEOE_0 MOE 11.0 10.0 -1.1 -6.0
GCUT_SLOGP_2 MOE 11.4 6.0 -1.5 -2.0
LOGS MOE 14.0 24.0 -4.1 -20.0
PEOE_VSA_0 MOE 11.6 4.0 -1.7 0.0
PEOE_VSA_FPNEG MOE 114 10.0 -1.5 -6.0
Q_VSA_NEG MOE 10.8 4.0 -0.9 0.0
SLOGP_VSA3 MOE 104 4.0 -0.5 0.0
SLOGP_VSA8 MOE 15.5 30.0 -5.6 -26.0
SMR_VSA6 MOE 10.1 4.0 -0.2 0.0
PL6 CATS 18.8 26.0 -89 -22.0
AA1 CATS 15.7 14.0 -5.8 -10.0
D CATS 9.9 4.0 0.0 0.0
SH1 CATS 114 6.0 -1.5 -2.0
SH18 CATS 144 22.0 -4.5 —-18.0
vs_W3 Volsurf 11.0 8.0 -1.1 -4.0
vs_WO01 Volsurf 10.8 12.0 -0.9 -8.0
vs_ID1 Volsurf 119 4.0 -2.0 0.0
vs_CD7 Volsurf 14.0 12.0 —4.1 -8.0
vs_HL1 Volsurf 10.6 4.0 -0.7 0.0
vs_LGS7 Volsurf 13.6 6.0 -3.7 -2.0
vs_DD4 Volsurf 144 22.0 -4.5 -18.0

4 Computed by subtracting the classification error for reduced model without this descriptor from the classification error for the original model.

and Parasurf descriptors. After first predictive regression tree mod-
els, we selected relevant descriptors using a genetic algorithm in
order to improve the statistical quality of the training set in terms
of regression coefficients.

The finally selected regression tree model is based on 13 rules in
a decision tree, each associated with a linear model plus 37 rele-
vant descriptors selected in total by our GA procedure. While for
the training set a r* value of 0.865 was obtained, the predictive
12 of 0.774 for the test set of 33 molecules suggests a significant
and useful model. The graph of predicted versus experimental
PECso values is shown in Figure 5 on the left for the training set
(blue) and test set compounds (red). The use of 10-fold crossvalida-
tion employing the 240 training set compounds only indicates sig-
nificant inconsistencies in this set, as indicated by a relatively low
crossvalidated r? value of 0.292. For validation of this model, the
biological activities were thus randomized 100 times, which re-
sulted in a mean r? value of only 0.07 (SD 0.02) after deriving
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regression trees, thus suggesting the original model to be relevant
and not affected by chance correlation.

This model was then applied to the dataset of 33 external com-
pounds, which were not used either to derive the model or guide
the variable selection, which resulted in a predictive r* value of
0.452. If this model is applied in a qualitative manner with a
PECsq threshold of 4.75 for PXR activators and non-activators, a to-
tal of 86% PXR activators and 73% non-activators are correctly
classified.

In order to explore the leveraging effect of the five most active
compounds in the training set on the model performance, those
were moved for a validation run to the test set and a regression
tree model was derived from 235 training and 38 test set com-
pounds. Using the original 37 descriptors, the ? of 0.578 and pre-
dictive 2 of 0.185 for the test set suggests a less significant model,
primarily due to the lack of predictive power for the most active
molecules with an experimental pECso between 7.8 and 8.5. In a

N
)

Predicted PXR activation (pECsg)

7.5
Experimental PXR activation (pECsg)

Figure 5. Predicted versus experimental pECsq values for PXR activation for quantitative regression tree model from dataset C. Left: Training set (240 compounds, blue) and
test set (33 compounds, red). Right: Predictions for external set (33 compounds) using this model.
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second experiment, a new GA variable selection was performed on
this changed training/test set assignment starting from all descrip-
tors. The final model using 28 descriptors and 13 rules now shows
only a slightly reduced predictivity compared to the original model
(r%: 0.828, g*: 0.292, predictive r*: 0.723), with the most active
compounds predicted now with pECsy values between 6.9 and
7.3. Although there is a larger deviation from the experimental val-
ues, this still suggests at least some degree of extrapolation beyond
the activity range of this dataset.

Some pECsq values in this entire dataset were assigned from
approximate % PXR activation measurements with high experi-
mental uncertainty. Consequently, the exclusion of 112 com-
pounds with pECsq values assigned to 4.0, 5.0 or 6.0 produces a
reduced training and test set of 162 and 22 molecules, respectively.
After performing a new GA variable selection, a model with 24
descriptors and 13 rules with a significantly increased statistical
performance resulted (r%: 0.884, g%: 0.292, predictive r?: 0.828).
This clearly highlights this influence of uncertain data points to
the overall regression tree model. However, as our intention is to
cover a broader chemical space for predicting novel chemotypes,
the model from the larger dataset is further used for analysis.

In order to evaluate the particular influence of individual
descriptors to model performance, we excluded each of the 37 rele-
vant descriptors once from the original model and analyzed the dif-
ferences in corresponding correlation coefficients (?) for training
and test sets with and without this descriptor for developing the
regression tree model. For 10 out of 37 descriptors in this model this
12 difference is <—0.12 for the test set. This was found for 3 of 14

Table 3
Summary of important descriptors for regression tree model of dataset C*

MOE-descriptors, 2 of 13 Volsurf-descriptors and 5 of 11 Parasurf-
descriptors, respectively. All results are summarized in Table 3.
The most important descriptors from this analysis with the most
significant r? differences <—0.3 again are related to lipophilicity,
electrostatics and size. Those descriptors include MOE GCUT_-
SLOGP_1, which indicates GCUT descriptors derived from using
atomic contribution to logP. Electrostatic interactions are captured
by the MOE PEOE_VSA_0 and PEOE_VSA_6 descriptors, each provid-
ing the sum of atomic surface area contributions with particular
atomic partial charges. The Volsurf vs_DRDRAC descriptor relates
to size and specific interactions: After generating all possible 3D dis-
tance triplets between individual atoms, these descriptors indicate
the maximum area of the triangles considering all possible con-
formers derived for this class of pharmacophore triplets, as defined
here for DRY-DRY-Acceptor interactions. The relevant Parasurf
descriptors again relate to electrostatic effects. EALmin indicates
the minimum of the local electron affinity from semiempirical cal-
culations. Low EA; values are induced typically by the presence of
halogen atoms and strong electron-withdrawing groups. varsxbal-
ance refers to the product of the total variance of the molecular elec-
trostatic potential (MEP) on the molecular surface and the
electrostatic balance index v. This product is related to the strength
of non-covalent interactions of a molecule with related molecules.

3.5. Interpretation of the classification model from dataset A

The chemical interpretation of the classification model for data-
set A (Section 3.2) was performed in two different ways. First we

Descriptor Type Training set r? Test set predictive r? Difference r? Difference r?
for training set for test set
Original MOE 0.87 0.77 0.00 0.00
A_ACC MOE 0.87 0.76 0.00 -0.02
A_IC MOE 0.81 0.67 —-0.06 -0.10
CHIO MOE 0.85 0.77 —-0.02 0.00
GCUT_SLOGP_1 MOE 0.69 0.49 -0.18 -0.28
GCUT_SMR_0 MOE 0.87 0.74 0.00 -0.04
PC_M MOE 0.87 0.77 0.00 0.00
PEOE_VSA_0O MOE 0.72 0.35 -0.14 -0.43
PEOE_VSA_6 MOE 0.36 0.24 -0.51 —-0.53
PEOE_VSA_POL MOE 0.79 0.67 -0.07 -0.10
Q_RPC_M MOE 0.87 0.77 0.00 0.00
RPC_M MOE 0.87 0.77 0.00 0.00
SMR_VSA4 MOE 0.79 0.67 -0.07 -0.10
VSA_POL MOE 0.81 0.69 —-0.06 -0.09
vs_R Volsurf 0.85 0.66 —-0.02 -0.12
vs_W6 Volsurf 0.87 0.76 0.00 -0.02
vs_WO02 Volsurf 0.85 0.71 -0.02 -0.07
vs_WO03 Volsurf 0.87 0.77 0.00 0.00
vs_WN1 Volsurf 0.81 0.67 —-0.06 -0.10
vs_LOGP_C_HEX Volsurf 0.87 0.71 0.00 -0.07
vs_PSA Volsurf 0.81 0.67 —-0.06 -0.10
vs_P_FU6 Volsurf 0.85 0.74 -0.02 -0.04
vs_DRDRAC Volsurf 0.69 0.37 -0.18 -0.40
vs_LGS7_5 Volsurf 0.87 0.71 0.00 -0.07
vs_LGBB Volsurf 0.87 0.67 0.00 -0.10
vs_METSTAB Volsurf 0.88 0.71 0.02 -0.07
vs_DD6 Volsurf 0.79 0.64 -0.07 -0.13
meanMEP+ Parasurf 0.79 0.61 —0.07 -0.17
varxbalance Parasurf 0.69 0.36 -0.18 -0.41
MEPskew Parasurf 0.85 0.66 —0.02 -0.12
IELmax Parasurf 0.81 0.62 —0.06 -0.15
EALmin Parasurf 0.62 0.31 -0.24 —0.46
EALskew Parasurf 0.85 0.71 —-0.02 -0.07
HARDmax Parasurf 0.85 0.67 —-0.02 -0.10
HARDbar Parasurf 0.83 0.71 -0.04 -0.07
HARDrange Parasurf 0.81 0.69 —0.06 -0.09
FNvartot Parasurf 0.77 0.64 -0.09 -0.13
FN+ Parasurf 0.87 0.77 0.00 0.00

3 Computed by subtracting the regression coefficients (%) for reduced model without this descriptor from coefficient for the original model.
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PEOE_VSA2 >12.9784
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Figure 6. Chemical structures grouped together in a single terminal node from the classification model based on training set of dataset A. All compounds are PXR activators
(class: HIGH) and are correctly predicted. Eight rules are used by the classifier for this grouping.

analyzed the chemical structures, which are grouped together in
particular nodes from the final decision tree, derived using the
training set of 380 molecules. In a second step, we systematically
investigated the classification performance on chemically related
compounds which were experimentally assigned to differing activ-
ity classes.

One very typical example for structures grouped in a single ter-
minal node from the classification model of dataset A is shown in
Figure 6 with the eight rules leading to this decision. These com-
pounds are reported as PXR activators (class: HIGH) and are also
correctly classified by the model. These molecules are chemically
less related in terms of 2D similarity except for the polyphenole
substances Quercetin and Myricetin, but they all share the same
set of rules, reflecting specific requirements on solubility
(vs_LGS4), shape (KIER3 as third kappa shape index®! from MOE
connectivity indices) and electrostatics (Q_VSA_NEG, PEOE_NSA_-
NEG, PEOE_VSA2) in addition to violations of the “rule-of-5"82
(LIP_DRUGLIKE). Members for other nodes share the same or even
a lower degree of 2D similarity.

Our subsequent analysis is focused on identifying compounds
which are related by 2D fingerprint similarity,*> but belong to dif-
ferent experimental activity classes. Predictions from the classifier
for these compounds were then analyzed to unveil the perfor-
mance of the classifier from Section 3.2. Five examples are shown
in Figure 7A-E, all with correct classifications as either PXR activa-
tor or non-activator. Here the first activity class string (high/low) al-
ways indicates the experimental assignment, while the second
value refers to the predicted class. For the following examples,
we systematically analyzed descriptor values and rules in corre-
spondence with experimental activity classes to identify discrimi-
nating features between these related molecules.

In Figure 7A, three related nitro-trifluoro-phenyl derivatives
from the training set of dataset A are shown. While the oral nonste-
roidal antiandrogen drug flutamide3? is correctly predicted as PXR
activator, the other two related drugs nilutamide®! and nitisi-
none®! (4-hydroxyphenylpyruvate oxidase inhibitor) are correctly
predicted as non-activators. This classification is driven by the Vol-
surf descriptor vs_W8 (Volsurf hydrophilic regions computed at
different OH probe energy levels), where values >1.5 indicate
non-activators in a terminal node, as observed for Nilutamide
and Nitisinone.

Figure 7B summarizes a series of four 2-amino-1,3-thiazol-
4(5H)-ones reported by Fotsch et al.*! as 11p-HSD1 inhibitors with

different activities in the reported PXR luciferase reporter gene as-
say. While am008 and am014 are correctly predicted as PXR acti-
vators (IDs according to Fotsch et al.), am012a and am033a are
much less active in the experimental assay reported in the litera-
ture. Those compounds were assigned by us to the class LOW;
the model’s classification is therefore correct. The primary reason
to predict am014 as PXR activator is that the descriptor vs_DD6
adopts values lower than 0.125 as threshold (Volsurf hydrophobic
volume differences), while am012a is predicted as non-activator
due to values for the descriptors vs_D8 >3.75 (Volsurf strong
hydrophobic regions) and PEOE_VSA_NEG >205.08501 as part of
a terminal node (MOE total vdW surface area for atoms with a neg-
ative partial charge). Finally the prediction of am033a as non-acti-
vator is driven by the Parasurf descriptor FNvar- >325.29199 as
part of a terminal node (variance in field normal to the surface
for all negative values).

Figure 7C summarizes a series of benzodiazepines and close
analogs with a significant variation in PXR activity. While midazo-
lam>3? and triazolam®? are correctly classified as PXR activators, the
other two molecules alprazolam®' and diazepam?! are correctly
classified as PXR non-activators. It should be mentioned that tria-
zolam was part of the external set for evaluation of this model,
which again underscores the performance of this model. The dis-
crimination in the training set was driven by the MOE descriptor
Q_VSA_FPOL £ 0.129978 as part of a terminal node (MOE frac-
tional polar vdW surface area as sum over atomic surface areas
with an absolute partial charge greater than 0.2 divided by the to-
tal surface area) and the threshold of 0.059579 for vs_CD5 (Volsurf
capacity factor for the DRY probe).

In Figure 7D, four related mono-substituted phtalates®! from
the training set of dataset A are shown. While the 2-ethylhexyl
and the benzyl substitution at R1 forming the corresponding ester
result PXR activators, the methyl and n-butyl esters are much less
active. The final model classifies all four compounds from the
training set of dataset A correctly. Here, not a single rule but the
interplay of multiple descriptors provides a discrimination in activ-
ity class prediction, involving again FNvar- in a terminal node,
BCUT_SLOGP_3 (MOE BCUT eigenvalues derived descriptors using
logP atom contributions), vs_W8 (Volsurf strong hydrophilic re-
gions) and Q_VSA_NEG (total vdW surface area for atoms with a
negative partial charge).

Figure 7E finally summarizes a series of N1-substituted
triazoles®® with the first three compounds c2ba-5, c2ba-6 and
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Figure 7. Representative examples of similar compounds with belonging to different experimental activity classes along with predictions from the classifier derived using
dataset A. The first activity class indicates the experimental assignment, the second value always refers to the predicted class. See text for details.

c2ba-8 correctly classified as PXR activators, while small variations classification for molecule c2ba-9 as PXR non-activator. This differ-
in particular on the left side of this series led to a correct entiation in the training set is driven primarily by the descriptor
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vs_P_FU4 (Volsurf percent unionized species at pH 4.0), where val-
ues <62.61949 in this terminal node indicate PXR non-activators, as
observed for c¢2ba-9 in this series. Additional differences in other
descriptors mentioned above were also found.

Hence, for the above examples, each discrimination of PXR acti-
vators versus non-activators appears to be related to different
descriptors and to combinations of these differences. SAR rules
for analog series can thus only be derived from an analysis of rules,
as demonstrated above. It should also be mentioned that for a few
other cases with large number of analog molecules belonging to a
single activity class, a correct classification for the corresponding
other activity class is sometimes not successful, especially, if this
analog with a different class assignment is only present in the test
or even external set (no data given). However, these examples col-
lectively support our finding that a reliable classification of PXR
activators might be possible within chemically related series.

3.6. X-ray crystal structures and previous QSAR models

The first determination of the three-dimensional structure of the
PXR ligand-binding domain (LBD)®* revealed its large, spherical li-
gand-binding cavity that allows to interact with a diverse range of
ligands.84®> Furthermore these studies also revealed the adaptabil-
ity of this binding site, when interacting with a broad range of li-
gands from small to very large ones. In the meanwhile several
other X-ray structures for large and smaller ligands were pub-
lished®6-88:38 and added a lot to our current understanding of pre-
requisites for binding and promiscuity®® of this antitarget. The X-
ray structure for the PXR-T0901317 complex (PDB 209], resolution
2.8 A) by Xue et al.>® provides an instructive example of a small, but
very potent PXR activator binding to the ligand-binding domain via
a few hydrogen bonding interactions, aromat-aromat interactions
plus a significant contribution of hydrophobic complementarity.
The binding site is largely hydrophobic in nature, but contains a
few polar residues able to engage in hydrogen-bonding interactions.
For example hydrogen-bonds are mediated via sulfonamide oxygen
atoms and a polarized benzylic hydroxyl-function in the PXR-
T0901317 complex. The PXR ligand-binding domain is also reported
to be highly flexible.®® These prerequisites for ligand-binding, in
particular the marked influence of more negatively charged func-
tional groups possibly involved in hydrogen-bonding interactions,
is partially reflected in the models from our study.

Previous computational models range from ligand-based phar-
macophores,>#°%°! QSAR models®?>** and machine-learning ap-
proaches®!** to homology modeling with molecular dynamics®*
and protein-ligand docking workflows.*%939> The majority of pre-
vious computational approaches focused on a few diverse agonist
scaffolds and some structural analogues. Consensus of different
models is that PXR agonists are required to match multiple hydro-
phobic features and at least one hydrogen-bond acceptor. In some
cases an additional hydrogen-bond donor feature is also reported
to be important to agonistic activity. These pharmacophore models
are in general consistent with available X-ray structures of PXR-li-
gand complexes. However, the pharmacophore models have em-
ployed typically a limited number of structurally very diverse
ligands in their training set, which are additionally measured in
multiple laboratories using different experimental protocols. This
limitation often only allows for a classification model. Ekins
et al.>* have described a pharmacophore model based on 30 ste-
roids and derivatives from a consistent set of human PXR activa-
tion data, suggesting that hydrophobic interactions are essential
for high PXR activity, consistent with X-ray structures and also
with important descriptors in the PXR models derived in our work.

In particular the approach of computational solvent mapping
was used towards the identification and characterization of protein

binding site regions, which significantly contribute to free energy
of binding. The results reported by Ngan et al.%° indicated four of
those hot spot regions at four different regions of the nearly spher-
ical protein binding site, while a fifth interaction region is located
close to its center. Three of these regions are already present in the
apo-protein structure with the most important interaction region
defined by the hydrophobic subpocket lined by Trp299, Phe288
and Tyr306. This site appears to interact with many known PXR li-
gands by hydrophobic and aromat-aromat interactions, which is in
accord to our finding of a marked influence of hydrophobicity for
PXR activator classification. Depending on their size and shape,
individual PXR ligands might extend into 2, 3 or 4 more of these
major interaction regions.®®

Other QSAR approaches towards deriving classification models
for larger datasets employed multiple methods and datasets,>!>3
although there have only been few attempts to derive ligand-based
QSAR models around a large, structurally narrow set of PXR activa-
tors. The absence of large datasets, except for some recent compar-
ative report by Chen et al®® on non-disclosed data, typically
restricts QSAR approaches to a small fraction of the relevant chem-
ical space.®” Various PXR classification models employed a multi-
tude of machine learning approaches (random forest, recursive
partitioning, SVM). Some promising models were reported, which
correctly predict 63-67% of an external test set.>> A second study
from the same group reported a test set prediction accuracy of
72-81% using SVM and different descriptors,®®> while these models
do not provide a chemical interpretation. Other models have re-
cently been derived using larger datasets for steroids and deriva-
tives tested in the same assay system, including a predictive
Bayesian classification model using 2D fingerprints and interpret-
able descriptors.®® Interestingly the authors also conclude that li-
gand-based-QSAR methods in this case outperformed docking in
PXR classification approaches.®’ All PXR positive contributing sub-
structures from this model were reported to be essentially hydro-
phobic, while PXR negative contributing features contained
hydroxyl-moieties or other functional groups, which might not
be optimally positioned for hydrogen-bonding interactions in this
site. This Bayesian approach was successfully extended to a larger
and diverse training set of 177 molecules. The application of this
classifier to a subset of FDA approved pharmaceuticals confirmed
9 drugs as novel PXR activators from a predicted set of 17 mole-
cules followed by experimental testing.9

The PXR datasets used in our study are among the largest used to
our knowledge today for ligand-based QSAR modeling; they are
additionally augmented using internal data (dataset B) to focus on
interesting regions in chemical space. This allows the application
of either model derived from dataset A or B, depending on the poten-
tial similarity of novel prediction candidates to the employed train-
ing set. Furthermore, if there is a certain similarity to compounds
from the training set of the more focused dataset C, it might be pos-
sible to obtain a more quantitative ranking and in-depth SAR insight
into undesirable PXR antitarget activity in certain chemical series.

4. Conclusion

The development of decision and regression trees with a combi-
nation of relevant molecular descriptors resulted in useful antitar-
get in silico filters for the early identification of pregnane X
receptor activators in drug discovery settings. This nuclear hor-
mone receptor is a typical antitarget regulating the expression of
several enzymes and transporters in metabolically relevant pro-
cesses with CYP3A4 as most prominent enzyme induced. The ap-
plied statistical approaches provided an efficient way towards
the development of meaningful QSAR models for a relatively large
set of compounds without any obvious alignment rule.
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Two classification models based on a diverse dataset of 434
drug-like molecules and a augmented set, with additional internal
compounds in order to further investigate some regions in chemi-
cal space, were able to successfully classify novel molecules with
respect to their PXR activation potential. These classifiers are based
on decision trees combined with a genetic algorithm based vari-
able selection to arrive at predictive models. Finally a predictive
quantitative model for PXR activation for a subset of these mole-
cules was derived using a regression-tree approach combined with
GA variable selection.

As success rates for in silico identification of non-PXR activators
for these approaches are consistently slightly lower compared to
those for PXR activators, experimental testing is proposed for those
compounds, which pass this filter (e.g., predicted to be non-activa-
tors of PXR), but show favorable experimental activity on the desir-
able biological target. Collectively these tools allow for an in silico
prioritization for in vitro testing. This suggested workflow is there-
fore in accordance with current drug discovery scenarios. The com-
bination of these filters consistently provide a tool identifying
compounds a potential liability early in drug discovery and they
also offer guidelines for lowering PXR activation in novel candidate
molecules.
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