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ABSTRACT: Human organic anion transporters (OATPs) are vital for the uptake and efflux of drugs and endogenous
compounds. Current identification of inhibitors of these transporters is based on experimental screening. Virtual screening
remains a challenge due to a lack of experimental three-dimensional protein structures. Here, we describe a workflow to identify
inhibitors of the OATP2B1 transporter in the DrugBank library of over 5,000 drugs and druglike molecules. OATP member 2B1
transporter is highly expressed in the intestine, where it participates in oral absorption of drugs. Predictions from a Random
forest classifier, prioritized by docking against multiple comparative protein structure models of OATP2B1, indicated that 33 of
the 5,000 compounds were putative inhibitors of OATP2B1. Ten predicted inhibitors that are prescription drugs were tested
experimentally in cells overexpressing the OATP2B1 transporter. Three of these ten were validated as potent inhibitors of
estrone-3-sulfate uptake (defined as more than 50% inhibition at 20 μM) and tested in multiple concentrations to determine
exact IC50. The IC50 values of bicalutamide, ticagrelor, and meloxicam suggest that they might inhibit intestinal OATP2B1 at
clinically relevant concentrations and therefore modulate the absorption of other concomitantly administered drugs.

■ INTRODUCTION

In humans, the number of different membrane proteins
involved in the uptake and efflux of important substances,
such as sugars, vitamins, toxins, signal molecules, and drugs, is
relatively small compared to the large number of types of
ligands. Thus, the structures of these proteins may have evolved
to bind structurally diverse entities, leading to increased odds
for interaction among different ligands. Organic Anion
Transporting Polypeptide protein 2B1 (OATP2B1) is ex-
pressed in several tissues of pharmacological importance, such
as blood brain barrier, liver, and intestine, as well as in
tumors.1−4 In humans, OATP2B1 is expressed along the entire
human intestine.5−7

OATP2B1 transporters have been shown to facilitate drug
permeability in the intestine and contribute to the oral
absorption and bioavailability of drugs.8,9 The culmination of
multiple drug properties determines the intestinal absorption of
a drug (e.g., solubility, passive permeability, interaction with

metabolic enzymes or efflux transporters); however, for some
drugs, the interaction with uptake transporter is a prominent
factor. OATP2B1 transports a broad range of substrates
including statins (e.g., fluvastatin, rosuvastatin, and atorvasta-
tin),10−12 beta adrenergic blocking agents (e.g., talinolol and
celiprolol),13,14 hormones such as estrone-3-sulfate (E3S),7

bosentan,15 fexofenadine,16 aliskiren,17 asunaprevir,18 and
glyburide.19 OATP2B1 substrates overlap partially with that
of other members of the OATP superfamily.7 For some of these
substrates the intestinal pharmacological relevance of
OATP2B1 has been demonstrated in vivo. For example,
OATP2B1-mediated drug−drug interactions have been shown
to decrease the oral bioavailability of the beta-blockers talinolol
and ticlopidine.9,20,21 Similarly, reduced function of OATP2B1
due to genetic polymorphism was reported to decrease the
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bioavailability of fexofenadine and midazolam.22,23 Inhibition of
intestinal OATP2B1 may also occur when high doses of fruit
juice are ingested.9,12,13

OATP2B1 interaction with drugs may also be affected by its
functional characteristics such as pH-dependent substrate
transport mechanism.24 For example, an acidic extracellular
pH increases transport activity of OATP2B1 and broadens its
substrate specificity.25 Co-administered drugs may also affect
OATP2B1 substrate interactions, and characterization of
inhibitors is important for the optimization of oral drug
delivery and the prediction of drug−drug interactions (DDIs).
Today, transporter inhibition assays26−43 are used with
increased throughput and productivity due to the availability
of fluorescent substrates and overexpressing cell lines, and,
recently, 45 inhibitors of E3S uptake were identified by a small
inhibition screen of 225 compounds against OATP2B1.44

However, these experiments remain costly and time-consum-
ing, and it is desirable to have a computational workflow to
rapidly examine large chemical libraries to predict inhibitors of
OATP2B1.
OATP2B1 belongs to the Solute Carrier Organic Anion

(SLCO) subfamily of a larger Solute Carrier (SLC) family of
membrane transport proteins.45 Several in silico methods for
predicting new ligands of human solute carrier transporters
(SLCs) have been published.34,46−59 In the virtual screening,
large in silico libraries of compounds can be docked against
experimentally determined models of transporter proteins to
select the compounds based on their physicochemical
complementarity to the putative binding site on the trans-
porter.34,46−53,58 In lieu of experimentally determined models,
comparative models can be used for virtual screening. These
screening pipelines require accurate homology models and

known binding sites. Accurate modeling of human transporters
is challenging because of the lack of suitable template structures
and because these proteins change their conformation during
the transport of their substrates. As an alternative, 2D and 3D
physicochemical properties or pharmacophores important for
the ligand’s interaction with the transporter can be used to
correlate in vitro activity with molecular properties.35 However,
ligand-based models tend to identify compounds structurally
similar to those that were used for training or derivation of
pharmacophores.
Both methods, structure- and ligand-based, require post-

processing of the results from virtual screens, such as manual
inspection and/or automated filtering based on predetermined
properties, such as size, molecular weight, charge, and so on. In
principle, predictions from both methods could be aggregated,
thus eliminating the need for manual inspection of large
number of predicted poses. In fact, there has been an increasing
interest in combining ligand-based and structure-based
approaches, with the aim of maximizing the accuracy, number,
and diversity of predicted ligands.60 Two alternative ap-
proaches, consensus ranking and complementary selection,
are often used to integrate such predictions. Consensus ranking
selects compounds that are top scoring by both methods, while
complementary selection includes compounds that are top
scoring by either method.61 In this work, we use a consensus-
ranking approach because it allows us to narrow down the list
of predicted hits and avoid reranking the hits from two
computational methods needed for complementary selection.
Thus, the primary goal of this study was to identify new
inhibitors of transport by human OATP2B1 transporter by
finding overlapping predictions from ligand-based and
structure-based virtual screens (Figure 1) and to validate

Figure 1. In silico OATP2B1 inhibitor discovery pipeline. Putative OATP2B1 inhibitors were predicted by docking the DrugBank library of 5805
compounds against seven comparative models of human OATP2B1 transporter in three different conformations and by classifying DrugBank
compounds with the Random forest algorithm trained with known inhibitors and noninhibitors. Ten predicted inhibitors were selected for in vitro
validation.
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predicted hits in vitro using inhibition of E3S uptake assay.
Because the focus of this work is on identifying inhibitors
among prescription drugs, the size of the in silico library used in
this work is relatively small (∼5,000 compounds), but the
workflow could also be used with larger libraries.

■ MATERIALS AND METHODS
Data Preparation and Selection of an Algorithm for

Binary Classification. The training data set was collected
from the literature.44 The data set contained inhibition values
for 225 drugs and druglike compounds determined in an in
vitro high throughput screen (HTS) against OATP2B1. E3S
was used as a probe in the HTS. Forty-five compounds
inhibited OATP2B1 transport of E3S by 50% or more44

(Figure S1B). Compound names were mapped to PubChem
molecular structure files. PaDEL software62 and the cxcalc
program in the ChemAxon (http://www.chemaxon.com)
package were used to compute descriptors and molecular
charge. Experimentally determined percent inhibition values44

of the training compounds were converted to binary class
labels, with ‘1’ encoding percent inhibition value greater than or
equal to 50% and ‘0’, otherwise. Data set features, consisting of
descriptors and charge, with zero variance were identified with
function nearZeroVar in the caret63 R package and removed.
Pairwise descriptor correlations were computed to identify
highly correlated features (correlation coefficient >0.95), and
one randomly chosen feature was removed from each highly
correlated pair. Feature reduction was then performed with the
cfs filtering algorithm in the FSelector R package.64 Three
machine learning algorithms from the caret package in R, k-
nearest Neighbors, Support Vector Machine, and Random
forest, were employed to build binary classifiers with selected
features. The train function in the caret R package was used to
fit predictive models with default tuning parameters for the
three algorithms. Area under the Receiver Operating Character-
istic curve (auROC)65 was used as the performance measure. A
double loop 3-fold cross-validation36 was used to access the
predictive power of each algorithm. Double loop cross-
validation was repeated 100 times, and the average auROC
was computed to serve as a performance metric. The algorithm
with the highest average auROC (Random forest) was selected
for further modeling. Additionally, double loop cross-validation
was repeated 100 times for each algorithm using all
uncorrelated features with near zero variance. For each
algorithm, distributions of 100 auROC values from the
double-loop cross-validation with the reduced and full feature
sets were assessed with the Student’s t test in R. Finally, the
Random forest algorithm was used to fit the entire training set
and the 14 features; this final model was used in classifying
DrugBank compounds as inhibitors and noninhibitors.
Comparative Modeling of the 3D Structures of

OATP2B1. A search for suitable templates, multiple sequence
alignment, and initial comparative modeling was performed
using our online server ModWeb.66 Predicted comparative
models were manually examined, and models with charged
helical residues facing the membrane were removed. Seven
models (template PDB codes: 1PV7, 1PW4, 3WOD, 4GBZ,
4LDS, 4IKY, 4J05) were further refined as follows. A pairwise
structure-to-sequence alignment was generated in PyMol, and
predicted intracellular and extracellular loops were removed.
The alignments were used to remodel OATP2B1 in different
conformations with the default automodel protocol of
MODELER-9v1367,68 and SOAP-Protein score69 as a metric.

The model with the lowest SOAP-Protein score was retained.
Putative binding sites on the comparative model were mapped
using the FT-MAP server70 with default settings. Next,
OATP2B1 substrate, E3S, and 36 decoys were docked against
predicted binding sites on comparative structure models. The
models that discriminated (ranked highest) E3S from decoys
were retained for further analysis.

Data Preparation and Classification of the DrugBank
Library. Molecular structure files of compounds were down-
loaded from the DrugBank 3.0 database.71 These compounds
included FDA approved drugs and drug and endogenous
metabolites. Descriptors and charge were computed using
PaDEL and ChemAxon. Fourteen features identified by the
feature section algorithm in the training step described above
were retained, and the remaining 613 were ignored in further
analyses. The entire DrugBank data set was classified into two
groups, inhibitors and noninhibitors. The classification for each
compound was made based on the prediction score, which
ranged from 0 to 1. Compounds with the predicted score
higher than a predetermined cutoff were classified as inhibitors.

Docking against Comparative Models. Predicted 3D
poses of DrugBank compounds were downloaded from the
ZINC database72 and docked against the predicted binding site
in each comparative model using a semiautomated docking
protocol73,74 implemented in DOCK 3.5.54.75 For each
compound, the best (lowest) scoring pose was identified, and
the score of that pose was saved. The best scoring 500
compounds were saved for each comparative model.

Hit Selection. To prioritize candidate hits for an in vitro
validation, an overlap between eight lists (i.e., RF-predicted
inhibitors and seven docking scores’ lists) was determined.
Overlapping compounds were manually inspected to remove
nondrugs.

Reagents. All reagents were obtained from Sigma-Aldrich
(St. Louis, MI) and Santa Cruz Biotechnology (Santa Cruz,
CA) and were of analytical grade with at least 95% purity,
unless otherwise stated. All cell culture media and supplements
were obtained from the Cell Culture Facility at the University
of California, San Francisco, CA.

Cell Culture. Chinese hamster ovary (CHO) cells stably
expressing OATP2B1 were a kind gift from Optivia
Biotechnology, Inc. (Menlo Park, CA). CHO cells were
grown in Dulbecco’s Modified Eagle’s Medium (DMEM, Cell
Culture Facility, UCSF) substituted with 10% Foetal Bovine
Serum (FBS, Cell Culture Facility, UCSF), 100 U/mL
penicillin, 100 μg/mL streptomycin, 1% nonessential amino
acids (NEAA), 2 mM L-glutamine, and 500 μg/mL Geneticin at
37 °C in a humidified atmosphere with 5% CO2.

Inhibition Experiments with CHO-OATP2B1. CHO cells
stably transfected with OATP2B1 were seeded at a density of
100,000 cells/mL in 24-well plates approximately 48 h prior to
the experiments. On the day of the experiments, cells were
washed with 0.5 mL of Hank’s buffered salt solution (HBSS)
per well and then preincubated for 10 min in 0.5 mL of HBSS
per well. To assess inhibition, the cells were exposed to uptake
buffer (0.1 μM unlabeled and 20 nM [3H]-labeled estrone
sulfate ([3H]-E3S) in HBSS) containing either 20 μM or 200
μM inhibitor. Uptake of radioligand ([3H]-E3S) was stopped
after 3 min by washing twice with ice-cold HBSS. The cells
were lyzed in 800 μL of lysis buffer (0.1 N NaOH and 0.1%
SDS in bidistilled water) per well while shaking for 2 h. 650 μL
of the lysate was then added to 3 mL of EcoLite scintillation
fluid (MP Bio), and the radioactivity was determined on a
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LS6500 Scintillation Counter (Beckman Coulter, Pasadena,
CA). Values were corrected for protein concentration as
determined with a BCA assay kit (Thermo Scientific, Rockford,
IL). All values were determined in triplicate, and final values are
expressed as % uptake relative to negative controls (1%
dimethyl sulfoxide (DMSO)).
Determination of IC50 Values. CHO-OATP2B1 cells

were seeded as described above. On the day of the experiments,
cells were washed with 0.5 mL of Hank’s buffered salt solution
(HBSS) per well and then preincubated for 10 min in 0.5 mL of
HBSS per well. To assess inhibition, the cells were exposed to
uptake buffer (0.1 μM unlabeled and 20 nM [3H]-labeled
estrone sulfate in HBSS) containing increasing concentrations
of inhibitor from 0.08 to 250 μM. Uptake was stopped after 3
min by washing twice with ice-cold HBSS. Radioactivity of
samples was determined as described above. All values were
determined in triplicate, and uptake was compared to positive
(200 μM sulfobromophthalein (BSP)) and negative (1%
DMSO) controls.
Pairwise Similarity Computation and Clustering. Two-

dimensional Molecular ACCess System (MACCS), Extended
Connectivity fingerprints (ECFP), and pairwise Tanimoto
similarity coefficients were computed using MayaChemTools
(http://www.mayachemtools.org). A default neighborhood
radius of 2 was used to compute ECFP (ECFP2). Three-
dimensional shape and feature similarity coefficients (Shape
ST-Optimized, 10 configurations) were computed using the

online PubChem Chemical Structure Clustering Tool76 with
default settings. Hierarchical compound clustering was
performed in R using the hclust function of the stats library.64

■ RESULTS AND DISCUSSION
Binary Classification Model of OATP2B1 Inhibitors.

Inhibition data of the E3S uptake by OATP2B144 were used to
build a binary classification model. The data set (n = 225) was
well diversified with the mean pairwise Tanimoto similarity
coefficient (Tc) of 0.45 (Figure S1A). The reported inhibition
values ranged from 100% (strong inhibitors) to −400%
(putative activators) (Figure S1B). We computed 219
physicochemical and topological descriptors for all compounds
in the training set and identified 14 important features with the
highest weighted sum of information gain77 metric. Among the
selected descriptors, 13 correlated positively with reported
inhibition values (Table S1). In contrast, a chemical diversity
descriptor (BCUTc-11) was negatively correlated (Figure 2A),
implying that inhibitors in the training set are chemically more
similar to each other than noninhibitors. Interestingly, the
feature selection algorithm (Material and Methods) retained
two different estimates of compound’s lipophilicity, Crippen-
LogP and XLogP. These octanol/water partition coefficients
positively correlated with inhibition, indicating that OATP2B1
inhibitors are more hydrophobic than noninhibitors. Although
charge moderately correlated with inhibition (correlation
coefficient r = −0.37; Table S1), we did not include it into

Figure 2. Results of feature selection, ligand-based modeling, and virtual screening of the DrugBank library. A. Fourteen most informative features
derived from training data and their correlation with the inhibition values: Moreau-Broto autocorrelation descriptors using atomic weight (ATSm2)
and polarizability (ATSp5), eigenvalue based descriptor noted for its utility in chemical diversity (BCUTc-11), carbon connectivity in terms of
hybridization (C2SP2), atom-based LogP calculated using Crippen’s approach (CrippenLogP), atom type electrotopological state (MaxHBint6),
extended topochemical atoms (ETA_EtaP_F), Kappa shape index (Kier3), largest Pi system (nAtomP), molecular distance edge (MDEC.33),
molecular linear free energy relations (MLFER_A and MLFER_E), weighted path (WTPT.4), and XLogP. B. Distribution of average auROCs for
models built using three machine learning algorithms, k-nearest neighbors (kNN), Support Vector Machine (SVM), and Random forest (RF). C.
Receiver Operating Characteristic (ROC) curve of 100 independent tests of binary RF classifiers. Average ROC curve is shown in black. ROC for a
random classification is shown as a red dotted line. D. Distribution of accuracies in 100 independent tests of binary RF classifiers as a function of
cutoff used in classification. Average accuracy is shown as a black solid line. Vertical gray dotted lines are drawn at cutoffs 0.3 and 0.5, respectively. E.
Histogram of the number of predicted OATP2B1 inhibitors at different classification cutoffs. Vertical dotted lines are drawn at cutoffs 0.3 and 0.5,
respectively. F. Plot of predicted inhibition scores for 5805 DrugBank compounds versus highest pairwise 2D Tanimoto similarity to training set.
Each compound is shown as a circle. Compounds tested for inhibition in vitro are shown as filled circles: validated inhibitors are red and
noninhibitors blue. Horizontal dotted lines are classification cutoffs (0.3 and 0.5), and the vertical dotted line is a pairwise 2D Tanimoto similarity
cutoffs (0.4 and 0.6).
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the final selection because its computed information gain was
zero.
Next, we used repeated retrospective 3-fold cross-validation

to find the best performing binary classifier based on the 14
selected features, as follows. First, we partitioned 225
compounds into training (n = 180) and test sets (n = 45) by
sampling known inhibitors and noninhibitors without replace-
ment. Second, 3-fold cross-validation on the training data set
was used to optimize binary classifiers. The predictive power of
optimized classifier was assessed on the withheld test set. We
tested three widely used machine learning algorithms, k-nearest
neighbors (kNN),78 Support Vector Machine (SVM),79 and
Random forest (RF).80 The kNN algorithm is a simple
similarity search technique and was used as a baseline for the
comparison between algorithms. One hundred repeated
iterations of data partitioning, model building, and model
testing were performed for each algorithm; model assessment
relied on the area under the Receiver Operating Characteristic
(ROC) curves (auROCs). While all algorithms produced
relatively accurate models, the most accurate classifiers (as
judged by auROC) were built with the RF algorithm. The
average auROC for RF classifiers was 0.85 ± 0.09, significantly
higher than the average auROC values obtained with the kNN
(auROC = 0.81 ± 0.11, Student’s t test p-value = 0.003961)
and SVM (auROC = 0.81 ± 0.12, Student’s t test p-value =
0.008367) algorithms (Figure 2B and Figure S2). Additionally,
the distribution of auROC values for RF classifiers had a shorter
tail, indicating that there was less variability in RF predictions
compared to predictions by kNN and SVM models (Figures 2B
and 2C). The average accuracies for kNN and SVM classifiers
were 0.82 and 0.83, respectively. The average accuracy of RF
classifier was 0.85 (Table S2A).
Given the heuristic nature of feature selection, we tested its

robustness by demonstrating that the 14 selected features
performed as well as all 219 features (Table S2A). The kNN
and RF models with the 14 features were more accurate than
models built with all features, while the average auROC of the
full-featured SVM models slightly increased from 0.81 to 0.84.
These differences were not statistically significant in pairwise
Student’s t tests, thus justifying the use of the selected subset of
molecular descriptors. Moreover, we did not see significant
changes in overall accuracy, sensitivity, or specificity of
classifiers with a reduced set of descriptors compared to
classifiers built with all features (Tables S2A).
Binary classifiers output a score between 0 and 1, which can

be used to classify compounds. A cutoff value for classification
must be chosen to classify each compound as an inhibitor or
noninhibitor. When a training set contains equal numbers of
inhibitors and noninhibitors, a cutoff of 0.5 is typically used.81

Because our training data set contained 45 inhibitors and 180
noninhibitors (Figure S1B), we determined the cutoff by
maximizing the classification accuracy (i.e., percent of correctly
classified test compounds; Figure 2D). For the RF algorithm,
the highest classification accuracy of 84.9% is achieved
incidentally at the cutoff of 0.5 and 0.78 at the cutoff of 0.3
(Tables S2A, B). For downstream analyses, we set the cutoff to
0.3 despite decreased classification accuracy. A binary classifier
of OATP2B1 inhibitors and noninhibitors built using the partial
least-squares projection to latent structures (PLS) algorithm
was previously reported with an accuracy of 0.77 for a cutoff of
0.32.44 Thus, our RF classifier has comparable performance.
Additionally, decreasing cutoff for classification from 0.5 to 0.3
resulted in a significant increase in the RF classifier sensitivity

(0.46 to 0.65) and a slight decrease in the classifier’s specificity
(from 0.96 to 0.81). For ligand-based virtual screening, a less
stringent cutoff value would allow for identification of
chemically novel inhibitors at the expense of a greater number
of false positives, while a stringent cutoff would favor
compounds similar to those in the training set and fewer
false positives.81

Virtual Screening for OATP2B1 Inhibitors with the RF
Classifier. Once the best-performing algorithm was identified,
the full data set (n = 225) was used to build a final binary
classification model (RF classifier, thereafter). We used the RF
classifier to partition 5805 compounds in the DrugBank
library82 into two groups, inhibitors and noninhibitors.
Ninety-two inhibitors were predicted using a stringent cutoff
of 0.5, and 509 inhibitors were predicted with a less stringent
cutoff of 0.3 (Figure 2E). Interestingly, predicted inhibitors
clustered into two groups: compounds structurally similar to
the training compounds (Tc greater or equal to 0.6) and
putative structurally novel inhibitors, i.e., compounds with low
similarity to the training set (Tc less than 0.4; Figure 2F).
These results are interesting, because structurally novel
compounds were identified at both RF cutoffs. These results
could in part be attributed to the failure of the MACCS
fingerprints to identify similar compounds. We used a different
fingerprint, namely ECFP2, to compute Tanimoto similarity
coefficients and again identified several predicted inhibitors in
the group of compounds, which were structurally dissimilar
from the training data set (Figure S4). Most classification-based
workflows remove predictions that are outside of the model’s
applicability domain. Filtering is frequently done according to
some similarity measure; for example, a Tc score to the closest
training compound is often used to determine whether a test
compound is inside or outside the applicability domain. In our
case, such a protocol would remove all compounds with scores
greater than the cutoffs and Tc values lower than 0.4, thus,
eliminating the possibility of discovering structurally novel
inhibitors. Instead, we determined the applicability domain for
RF classifier by identifying compounds that favorably dock
against binding sites of comparative OATP2B1 models. Our
assumption is that some (but not all) compounds that inhibit
OATP2B1-mediated transport should interact with the binding
site within the translocation pore of the transporter. A possible
shortcoming of our approach is the requirement that a
predicted inhibitor must dock favorably against all seven
models (conformations) of the transporter. It is possible that
some of the compounds that were eliminated bind to one or a
few of the conformations only and still inhibit the transport.
Additionally, it is also possible that compounds that did not
dock favorably to the binding sites bind to a different binding
site on the transport and still inhibit the transport. Because the
RF classifier was built from HTS data, the mechanism of
inhibition could not be elucidated. These types of compounds
will be missed in our workflow. Finally, because the predicted
hits dock favorably against all conformations, a hypothesis can
be made that these compounds not only are inhibiting
OATP2B1-mediated transport but also are being transported
by the protein. Our in vitro assay (Figure 3) does not
distinguish between inhibitors and substrates of OATP2B1, and
this hypothesis was not tested.

Virtual Screening of the DrugBank Library with
OATP2B1 Comparative Structure Models. Structure-
based virtual screening relies on the availability of high quality
three-dimensional models of proteins. To date, however, no
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experimentally solved 3D structure of human OATP2B1
transporter has been published, and we built comparative
models based on experimentally determined atomic structures
of homologous Major Facilitator Superfamily (MFS)83 proteins
from prokaryotic and eukaryotic organisms. From the initial 18
models, we manually selected seven and refined them with
Modeler-9v1384,85 using the SOAP-Protein statistical poten-
tial.86 Sequence identity between the templates and human
OATP2B1 ranged from 11 to 20% (Supporting Information).
Five models were based on inward-facing template structures,
and two models were based on outward-facing templates
(Figure S3), thus allowing us to probe ligand binding on both
the intracellular and extracellular sides of the OATP2B1
transporter. We identified several putative binding sites for each
comparative model using a fast fragment docking protocol87

(Figures 4A and 4B). For final docking, the putative binding
site with the highest density of docked fragments was selected
(Supporting Information). Although the comparative models of
OATP2B1 are low resolution and were built in a semi-
automated fashion, several key features of the models provide
information about the function of the protein. For example, the

predicted positively charged pore of OATP2B1 is surrounded
by transmembrane helices (TM) 2, 8, 9, and 10. The positively
charged binding sites of the seven comparative models were
structurally similar and included several backbone and side
chain variations. Several residues in the predicted binding site
might be important for interactions with ligands (e.g., Lys70,
Glu95, His579, Arg607, and Trp611; Figure 4C). Positively
charged residues in the binding site may contribute to the
substrate specificity of OATP2B1 because its substrates are
anionic. Among the 39 members of the OATP superfamily, a
histidine residue is only found in OATP2B1 (Supporting
Information). The protonation state of His579 may depend on
the pH of the extracellular environment, because it is exposed
to the solvent in the predicted outward-facing conformation, as
previously noted.88 Glu95 in the predicted TM2 is highly
conserved among OATP superfamily members, and the
corresponding glutamic acid residue (Glu74) in the hepatic
homologue, OATP1B1, was critical for low concentration E3S
uptake identified by alanine-scanning and site-directed muta-
genesis.89 The function of this residue in OATP2B1 is still
unknown; it has been suggested that positively and negatively
charged residues in the binding site of the OATP transporters
form salt bridges to stabilize the binding site.90

We docked the DrugBank library, which includes all
compounds from the training set, against each of the seven
comparative models and determined whether inhibitors from
the training set were found among the 500 top scoring
compounds for each model. There were 92 compounds, which
docked favorably against all seven comparative models, among
them 25 out of 45 inhibitors from the training set. Thus,
approximately 56% of known inhibitors were retrieved by our
docking protocol. Overall, out of 45 known inhibitors, 33, 29,
34, 34, 29, 34, and 26 compounds docked favorably against
comparative models built with templates 1PW4, 1PV7, 4LDS,
4IKY, 4GBZ, 3WDO, and 4J05, respectively. Not surprisingly,
the smallest fraction of compounds docked against the
comparative model in the inward-facing occluded state, namely
4J05. Several known OATP2B1 substrate drugs also docked
favorably against all seven comparative models. These drugs
were pitavastatin, rosuvastatin, pravastatin, fluvastatin, glybur-
ide, taurocholic acid, and estrone sulfate. Three known
substrates docked favorably against some but not all
comparative models: fexofenadine, bosentan, and telmisartan.
Additionally, we confirmed by docking against all comparative
models, eight inhibitors, missing in our training data set:

Figure 3. 2-Concentration inhibition of [3H]-E3S uptake in human
OATP2B1 overexpressing cells. Ten compounds were tested for
inhibition of 3H-E3S uptake (0.12 μM) in CHO-hOATP2B1 cells.
Ten compounds predicted with the ligand-based approach and the
structure-based approach were tested for inhibition at A. extracellular
pH of 5.5 and B. extracellular pH of 7.4. Data are presented as percent
uptake relative to controls (1% DMSO is 100% uptake and 200 μM
BSP is 0% uptake controls). Inhibitor concentrations were 20 μM
(light gray) and 200 μM (dark gray). Data are presented as mean ±
standard deviation.

Figure 4. Results of binding site prediction for comparative models of
human OATP2B1 transporter. A. Several predicted binding sites are
shown as colored spheres on the representative comparative model
built using the template structure in an inward-facing conformation
(PDB code: 1PW4). The best scoring predicted binding site is shown
in orange. B. An 180° rotation of the inward-facing comparative model
and predicted binding pockets. C. Surface representation of the best
scoring predicted binding site in an inward-facing conformation.
Fragments docked using FTMap software are shown as orange sticks.
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verlukast, rosiglitazone, gemfibrozil, silibinin B dihemisuccinate,
repaglinide, estrone, simvastatin, and indinavir.
Thirty-three compounds out of 92 predicted docked

inhibitors overlapped with the predictions of the Random
forest classifier (RF cutoff = 0.3; Table S4). Our results show
that several inhibitors predicted using our approach are
positively charged, suggesting that it is also possible that
Glu95 is directly involved in interactions with OATP2B1
inhibitors. Both positively charged residues in predicted binding
sites, Lys70 and Arg607, participate in predicted interactions
between OATP2B1 and favorably docked compounds. While
Arg607 is involved in contacts with all predicted inhibitors,
Lys70 is less frequently required for favorable docking. Both
Lys70 and Arg607 are conserved among all members of OATP
superfamily (Supporting Information). In OATP1B3, muta-
tions of corresponding arginine residue (Arg580) for alanine
and lysine resulted in reduced transport of sulfobromophthalein
(BSP) and pravastatin.91 Further experimental studies are
needed to elucidate the role of these two residues in inhibition
of OATP2B1-mediated transport of E3S. Finally, because of the
low resolution of the comparative models and lack of
experimental validation of these models, their main utility is
to narrow down or prioritize the number of RF predictions
while allowing for structural novelty.
We analyzed 9 physicochemical properties of three groups of

predicted inhibitors. The first group included 33 predicted
inhibitors that were identified by the combination of two
methods, the second group consisted of 59 inhibitors predicted
by docking, and the third group consisted of 59 inhibitors
predicted by RF classifier only. These computed physicochem-
ical properties were molecular weight and volume, SLogP, total
polar surface area, and the number of rotatable bonds,
hydrogen donors, acceptors, and heavy atoms. We also
computed charge at pH 7.4. Interestingly, there was no
statistical difference in all molecular properties, except
molecular weight and volume, between the first two groups
(i.e., inhibitors identified by docking alone and inhibitors
identified by both methods). Compounds that were predicted
by docking alone were smaller (p-value <0.005). Compounds
that were predicted by RF classifier alone were bulkier and
more hydrophobic (larger number of rotatable bonds, heavy
atoms, higher LogP, and greater molecular weight and volume)
than compounds in the first two groups (p-values <0.005).
These results suggest a difference in the mechanism of
inhibition between these groups.
In Vitro Validation of Hits. Thirty-three predicted

inhibitors were manually examined, and ten compounds were
selected for an in vitro validation study with the criterion of a
prescription drug currently used in the clinic (Table 1). These
ten hits belong to diverse therapeutic classes: anticancer
(bicalutamide, leucovorin, and nilutamide), anti-infectives
(tigecycline, ceftriaxone, and maraviroc), antiarrhythmic
(amiodarone), anticoagulant (ticagrelor), anti-inflammatory
(meloxicam), and antipsychotic (pimozide) drugs. The
maximal intestinal and plasma clinical concentrations of these
ten compounds are listed in Table 1 as well as their
classification scores. In vitro validation included testing for the
extent of inhibition of [3H]-E3S uptake by OATP2B1 at
compound concentrations of 20 μM and 200 μM and in two
extracellular pH conditions: pH 5.5 and pH 7.4. Three of the
compounds, ticagrelor, meloxicam, and bicalutamide, potently
inhibited OATP2B1 (i.e., more than 50% inhibition at 20 μM
in both pH, where maximal inhibition is the uptake in the

presence of 200 μM sulfobromophthalein (BSP)). Pimozide
and tigecycline were less potent inhibitors and inhibited
OATP2B1 by more than 50% only at 200 μM in both pHs.
Nilutamide inhibited OATP2B1 by more than 50% at 200 μM
at pH 7.4, and similarly maraviroc inhibited OATP2B1 at 200
μM but only at pH 5.5.
In this work, we aimed to discover new potent inhibitors of

E3S transport by OATP2B1 using computational techniques.
Combining two modeling techniques allowed us to reduce the
total number of predicted hits and increase the success rate
compared to published HTS. Results show that 30% of
predicted OATP2B1 inhibitors inhibited E3S transport at 20
μM (Figure 3). This hit rate of 30% is higher than the hit rate
of the published HTS against OATP2B1 (20% or 45 out of
225).44 The observed 10% improvement suggests that
classification models trained on previously published data
may be valuable tools in ligand discovery. Due to the broad
specificity and presence of multiple binding sites of OATP2B1,
and the dependency of inhibition on the substrate used in the
in vitro assay, it is challenging to assess computationally whether
our method reduced false negatives. It is possible that some
compounds labeled as negatives by either method could inhibit
OATP2B1 transport of a different substrate or by binding at a
different site on the transporter. We also show that by not
limiting the applicability domain of RF classifier to compounds
with similar physicochemical and topological features, we did,
in fact, discover inhibitors that are structurally dissimilar from
the drugs in the training data set. For instance, while meloxicam
has a high similarity to a compound in the training data set
(peroxicam, MACCS-based Tc = 0.78), ticagrelor and
bicalutamide are structurally novel hits (Tc = 0).

Determination of IC50 Values for Selected Com-
pounds. Half maximal inhibitory concentration (IC50) was
determined for 3 validated potent inhibitors (Figure 5).
Ticagrelor, meloxicam, and bicalutamide, in particular, were
tested to estimate the clinical relevance of OATP2B1 inhibition
in the intestine. To estimate whether the IC50 values for
ticagrelor, meloxicam, and bicalutamide (2.1, 1.6, and 12.9 μM)
might be relevant clinically, we calculated the [I2]/IC50 ratio of

Table 1. Ten Hits from the DrugBank Library that are
Predicted to Inhibit OATP2B1 by Both the Ligand-Based
Approach and the Structure-Based Approach

compound Tc similarity to

oral
dose
(mg)a

[I2]
intestinal
max concn

(μM)

[I1] plasma
max concn

(μM)

bicalutamide 0 50 464 1.96
tigecycline 0.92 tetracycline NA NA 2.48
maraviroc 0.77 valsartan 300 2336 1.20
pimozide 0 6 52 0.01
leucovorin 0.8 methotrexate 25 211 0.83
amiodarone 0 200 1239 4.34
nilutamide 0.74 flutamide 150 1891 26.80
ceftriaxone 0.85 cefamandole NA NA 463.48
meloxicam 0.94 piroxicam 15 170 2.56
ticagrelor 0 90 688 2.09

aFDA recommended oral dose. Tc: Tanimoto coefficient computed
using MACCS fingerprints; represents the similarity score of predicted
hits to the nearest training compound. [I2] is calculated as the oral
dose divided by 250 mL. [I1] is the maximal plasma concentration
reported in the Micromedex. NA marks not available data when the
drug is not administered orally.
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perpetrator drug concentration versus inhibition potency. The
2012 draft US Food and Drug Administration guidance
(http://www.fda.gov) recommends a cutoff ratio value of
higher than 10 for intestinal drug−drug interaction, where I2 is
defined as the estimated drug concentration in the intestinal
milieu after oral administration of a single standard dose (90,
15, and 50 mg, respectively) divided by a volume of 250 mL.92

The resulting concentrations for ticagrelor, meloxicam, and
bicalutamide were 688, 170, and 464 μM, respectively, and the
[I2]/IC50 ratios are 328, 106, and 36, respectively. Therefore, all
three compounds may lead to significant inhibition of
OATP2B1 transport in the intestine, potentially causing
drug−drug interactions. Meloxicam is a nonsteroidal anti-
inflammatory drug used to treat arthritis, a chronic disease with
high prevalence in geriatric patients who also take other
medications. For example, when meloxicam is coadministered
with OATP2B1 substrates, such as statins, it may decrease the
absorption and efficacy of statins. Ticagrelor is an adenosine
diphosphate (ADP) receptor antagonist used as an anticoagu-
lant in the case of coronary thrombosis, and many of the
patients with coronary heart disease also require beta blocker
treatment to reduce blood pressure or heart rate, thus
potentially suffering from a drug−drug interaction. Bicaluta-
mide is mostly used in anticancer treatments, where patients’
comedication profile varies and the risk of a DDI should be
evaluated individually.

■ CONCLUSION
In human, the organic anion transporting proteins are members
of the OATP superfamily that mediate sodium-independent
transport of structurally diverse amphipathic compounds, such
as hormones, bile salts, toxins, and different drugs.93 In
comparison to the hepatic superfamily members, OATP1B1
and OATP1B3, the chemical space of compounds that interact
with the intestinal OATP2B1 remains relatively unexplored.7,44

Understanding the molecular features that regulate the flux of
molecules through OATP2B1 is likely to facilitate design of
orally available drugs. Virtual screening against human
transporters remains challenging due to lack of experimentally
determined atomic models of these proteins. To overcome this
challenge, we developed a workflow that integrates predictions
from a machine-learning classifier and docking against several
low-resolution comparative models. We screened a virtual
library with a Random forest classifier and docking against
multiple comparative models and identified new inhibitors of
OATP2B1-mediated E3S. We validated predicted hits in vitro.
Three out of ten predicted inhibitors were validated as potent
inhibitors of OATP2B1, suggesting that the workflow can
output useful predictions. Among the predicted three
inhibitors, two compounds were structurally novel. Moreover,
the IC50 values of bicalutimide, ticagrelor, and meloxicam
suggest that they might inhibit intestinal OATP2B1 at clinically
relevant concentrations and therefore modulate the absorption
of concomitantly administered drugs.
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