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P-Glycoprotein (P-gp), an efflux transporter, plays a crucial role in drug pharmacokinetic properties (ADME), and is critical for
multidrug resistance (MDR) by mediating the active transport of anticancer drugs from the intracellular to the extracellular
compartment. Here we reported an original database of 1273 molecules that are categorized into P-gp inhibitors and noninhibitors.
The impact of various physicochemical properties on P-gp inhibition was examined. We then built the decision trees from a training
set of 973 compounds using the recursive partitioning (RP) technique and validated by an external test set of 300 compounds. The
best decision tree correctly predicted 83.5% of the inhibitors and 67.0% of the noninhibitors in the test set. Finally, we applied naive
Bayesian categorization modeling to establish classifiers for P-gp inhibitors. The Bayesian classifier gave average correct prediction
for 81.7% of 973 compounds in the training set with leave-one-out cross-validation procedure and 81.2% of 300 compounds in the
test set. By establishing multiple decision trees and Bayesian classifiers, we evaluated the impact of molecular fingerprints on
classification by the prediction accuracy for the test set, and we found that the inclusion of molecular fingerprints improves the
prediction obviously. As an unsupervised learner without tuning parameters, the Bayesian classifier employing fingerprints
highlights the important structural fragments favorable or unfavorable for P-gp transport, which provides critical information for
designing new efficient P-gp inhibitors.

KEYWORDS: P-glycoprotein, naive Bayesian classification, recursive partitioning, ADME/T, ABCB1, ABC transporter, multidrug
resistance (MDR)

B INTRODUCTION

P-Glycoprotein (MDR1/ABCB1), the product of the mdr-1
gene, is a member of the ATP-binding cassette (ABC) family that
is extensively distributed and expressed in many human organs
with secretory or barrier functions, such as intestinal epithelium,
hepatocytes, renal proximal tubular cells, adrenal gland and

or drugs as small as 330 up to 4000 Da; therefore, it plays a crucial
role in drug bioavailability, metabolism and toxicity.>* Increasing
attention has been given to explore the important biological roles
of P-gp in pharmacokinetic properties of many clinical therapeu-

tic agents.579
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Overexpression of P-gp has been demonstrated to generate
resistant phenotypes in cultured cancer cell lines and various
tumor models.'® It is believed that P-gp recognizes and trans-
ports a wide range of hydrophobic compounds or drugs, leading
to a phenomenon known as multidrug resistance, which is one of
the major reasons for the failure of chemotherapeutic treatment
of cancers. Therefore, the development of potent P-gp inhibitors
may be an efficient way of sensitizing drug resistance in cancer
chemotherapy.' "

The transport activity assessment of MDR reversal (MDRR)
agents (ie., P-gp inhibitors) or P-gp substrates can be achieved
experimentally through in vitro or in vivo assays, such as the
transepithelial transport assays on confluent cell monolayer
accumulation (e.g, monolayer efflux assay), the efflux assays
using fluorescent probes (e.g, calcein-AM assay), and the
ATPase assays that monitor the ATPase activity of P-gp."
However, these experimental assays are expensive, laborious,
and time-consuming. They are usually used in the later stages of
drug design or optimization when the drug candidates exhibit
adequate potency and acceptable pharmacokinetic properties.
Thus the development of in silico models that provide rapid and
efficient screening platform for identifying P-gp inhibitors be-
comes the critical tool in the early stage of drug design or
optimization.

To date, numerous computational models, which were gen-
erated by quantitative structure—activity relationship (QSAR)
studies and pharmacophore modeling, have been developed to
predict P-gp inhibitors. For example, in 2002, Ekins and co-
workers built a series of phamacophore models based on
structurally diverse inhibitors of P-gp. The representative phar-
macophore model includes four features: a hydrogen bond
acceptor, two hydrophobes, and a ring aromatic center. The
models show potentials to predict inhibitors, which are not
included in the training set.'"™!® In 2005, Wang and co-workers
applied an unsupervised machine learning approach based on the
Kohonen self-organizing maps (SOM) and a preselected set of
molecular descriptors to construct classification models for
inhibitors and substrates of P-gp.'® The SOM models can
successfully predict 83.3% of the substrates and 80.8% of the
inhibitors. However, the prediction accuracy of Wang’s model
was not fully validated against an extensive test set, and the
reported results are not reliable enough. In 2005, Sun developed
a naive Bayesian classifier to categorize MDRR agents into active
and inactive classes based on atom-type-based molecular
descriptors,'” and the model correctly predicted MDR reversal
activities for 82.2% of 185 compounds in a test set. In 2006,
Chang and co-workers generated a pharmacophore model of
P-gp inhibitors, which includes four hydrophobic features and
one hydrogen bond acceptor feature. Seven high-scoring mol-
ecules identified by the pharmacophore model were selected for
in vitro testing, and six of them were confirmed as P-gp inhibitors.
Chang’s work showed the potential of pharmacophore modeling
for identifing the P-gp inhibitors.'®

Overall, the studies on in silico predictions of P-gp inhibitors
are limited. To our knowledge, there is no in silico model to
classify P-gp inhibitors and noninhibitors involving a large
amount of molecules (larger than 1000). A disadvantage of
QSAR and SAR models for P-gp inhibitors is the use of
congeneric series of compounds in the data set. The broad
multispecificity of P-gp and the lack of an extensive database of
P-gp inhibitors have proved two almost insurmountable obsta-
cles to establish accurate prediction models. Here we first present

a large data set of 1273 molecules which are categorized into
inhibitor and noninhibitor classes. We examined the impact of six
important molecular properties on P-gp transport, which were
widely used in the predictions of ADME. We then used the
recursive partitioning technique to create decision trees to
classify P-gp inhibitors and noninhibitors. Then the impact of
different molecular fingerprints, as well as several essential
parameters to generate the decision trees, on classification
accuracy was studied. Finally, naive Bayesian classifiers based
on molecular properties and fingerprints were developed and
compared with the decision trees. Particularly, we expect that the
Bayesian classifiers are predictive and easily interpretable. The
naive Bayesian classifiers can identify the important structural
features necessary for differentiating P-gp inhibitors and non-
inhibitors, which are promising for the design of potent P-gp
inhibitors. Both decision trees and Bayesian classifiers, validated
by the external test set, can be implemented as virtual screening
tools in early phase of drug discovery.

Bl METHODS AND MATERIALS

1. Data Set of P-gp Inhibitors and Noninhibitors. The
entire data set contains 1273 structurally diverse molecules,
among which 797 molecules are P-gp inhibitors and 476
molecules are P-gp noninhibitors. The whole data set was
collected from 105 literatures. The data set reported by Bakken
and Jurs is an important source of our data set. The Bakken'’s data
set has 609 compounds with MDRR activity values measured
using adriamycin-resistant P388 murine leukemia cells.'” The
experimental data for 347 compounds reported by Ramu and co-
worker’®?! is another important source of our data set. The
experimental MDRR ratio was used as the criterion to determine
whether a compound is an inhibitor or not: If MDRR ratio is less
than 4.0, the compound was categorized into the noninhibitor
class; if MDRR ratio is larger than 5.0, the compound was
categorized into the inhibitor class; if MDRR ratio is >4 and
=5.0, this compound was considered as moderately active and
not included in the data set for classification. It should be noted
that the MDRR ratio reported by Ramu and co-worker is not a
direct measure of P-gp inhibition, and the inhibition class
(inhibitor or noninhibitor) of a compound needs to be checked
carefully if it was found in multiple publications. For example,
according to Ramu’s data, nifedipine is a noninhibitor (MDRR
ratio = 1.4); however, according to the work reported by Ford
et al. and that reported by Polli et al, nifedipine is a P-gp
inhibitor.”***

The structures of the compounds were built using the
Sybyl molecular simulation package.** Structures were cross-
checked in a search of the Beilstein database. Each molecule in
the data set was optimized by using molecular mechanics (MM)
with the MMEF94 force field.** All molecules were saved to a
MACCS sdf file. Two data sets were collected for the following
analysis: a data set with 1273 compounds that are categorized
into inhibitors or noninhibitors, and a data set with 557
compounds that have quantitative MDRR activity. The 3-D
structures, the indicators of P-gp inhibitors and noninhibitors,
and the MDRR activity for all molecules are available online:
http://modem.ucsd.edu/adme.

2. Calculation of Molecular Descriptors. Here, thirteen
molecular descriptors widely adopted in ADME predictions were
used in our analysis. These descriptors include octanol—water
partitioning coefficient (AlogP) based on Ghose and Crippen’s
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method,” the apparent partition coefficient at pH = 7.4 (log D)
based on the Csizmadia’s method, molecular solubility (log S)
based on the multiple linear regression model developed by
Tetko et al.,”® molecular weight (MW), the number of hydrogen
bond donors (nipp), the number of hydrogen bond acceptors
(nupa), the number of rotatable bonds (n,,), the number of
rings (ng), the number of aromatic rings (nar), the sum of
oxygen and nitrogen atoms (no ), polar surface area (PSA),
molecular fractional polar surface area (MFPSA), and molec-
ular surface area (MSA). All the descriptors were calculated
using the Dlscovery Studio molecular simulation package
(version 2.5).%”

3. Calculation of Molecular Fingerprints. Here, we used the
SciTegic extended-connectivity fingerprints (FCFP, ECFP and
LCFP) and Daylight-style path-based fingerprints (FPFP, EPFP
and LEFP). The first character, F, E or L, in the fingerprint name
denotes the atom abstraction method used to assign initial atom
code: F represents functional role code, E represents atom type
code and L represents AlogP atom type code. Functional role
code is a combination of a hydrogen-bond acceptor, hydrogen-
bond donor, positively ionized or positively ionizable, negatively
ionized or negatively ionizable, aromatic, and halogen. Atom type
code is derived from the number of connections to an atom, the
element type, the charge, and the atomic mass. AlogP atom type
code uses the 120 atom types used in the calculation of AlogP.
The second character, C or P, in the fingerprint name denotes the
type of fingerprint: C represents extended-connectivity finger-
prints, and P represents path-based fingerprints. The fourth
character of a fingerprint class is followed by an underscore
and the maximum distance. For example, a functional class
extended-connectivity fingerprint of maximum diameter 6 gen-
erates a property named FCFP_6. Here for each fingerprint class,
two diameters, 4 and 6, were considered in our analysis. The
smaller diameter, 2, is not used because the structural fragments
based on the diameter of 2 are small and general The detailed
descriptions of these fingerprints were reported.”®

These fingerprints we used here are different from the sub-
structures in the prediction of ADME properties reported
previously.*>*! They represent a much larger set of features than
predefined substructures. Furthermore, these fingerprints do not
need to be preselected or predefined because they are generated
directly from the molecules. Therefore, novel molecular classes
are so easily handled as the common classes. Here we generated
the structural ﬁngergrmts by using Discovery Studio molecular
simulation package.

4. Recursive Partitioning Models. Recursive partitioning
(RP) in Discovery Studio molecular simulation package was
used to develop decision trees to categorize the compounds into
P-gp inhibitors and noninhibitors. RP is a classification method
that constructs one or more decision trees to decipher the
relationship between a dependent property Y (inhibition class)
and a set of independent properties X (molecular properties and
fingerprints), and it classifies data by using a set of hierarchical
rules to split a data set into smaller and smaller subsets. The result
of RP is a “decision tree” or “graph”, which is constructed
through a recursive partitioning process that divides the study
samples into smaller and smaller samples (every subsample is
called a node) according to whether a particular selected
predictor is above a chosen cutoff value or not. At each step,
all of the molecular descriptors are sequentially analyzed to find
the best criterion for subdividing compounds. Once the best
criterion is confirmed, the procedure is repeated for each of the

obtained classes of compounds. RP is not designed to stop
splitting at the right moment; instead, it is designed to “over-
split” and then prune the tree backward. In our study, 5-fold
cross-validation was used to determine the degree of pruning
required for the best predictive performance. The minimum
number of samples at each node was set to 8, and the
maximum tree depth was changed from 3 to 10 systematically
in order to evaluate the effect of tree depth on the predictions
and choose the best value. The whole data set was randomly
split into a training set of 973 compounds and a test set of 300
compounds, respectively. The training set was used to create
the decision trees, and the 300 compounds of the external test
set were used to evaluate the true prediction power of the
models.

5. Naive Bayesian Classifiers. The naive Bayesian categoriza-
tion models were developed using Discovery Studio.”” In our
study, each compound can be categorized into inhibitor (+) or
noninhibitor (—) class, and a vector f = {f, f5,...,.), where f}, , ...,
f, are the calculated values for the feature variables (molecular
properties and ﬁngerprints) Fy, F,, .., F,. Then using Bayes’s
theorem, we get:

C)p(F,, ...F,|C
o(CIFs, By, By) = PLOPED -Fi|C)
p(Fy, .., Fy)

(1)
where C refers to a compound’s class, p(C|Fy,F,,..,F,) is the
posterior probability of the compound class, p(C) is the prior
probability, a probability induced from the training set, p(F,...F,|C)
is the probability that a compound has certain descriptors given
that it is an inhibitor or noninhibitor, and p(F,..,F,) is the
marginal probability that given the descriptors will occur in the
data set.

In naive Bayesian classifier, each descriptor is conditionally
independent of every other descriptor. From this assumption, we
can get

p(Fy, - Fa|C) = p(F1|C)...p(F,|C) =

Hp ElC)  (2)

i=1
Each factor in eq 2 can be estimated from the training set:

count(F, = f,NC= +)

pE = fl+) =

count(C = +)
_ ~ (3)
B _count(F; =fiNC= —)
plF = fl=) = count(C = —)

In naive Bayesian classification, the following strategy is used
to avoid evaluating the marginal probability. In the current work,
all the compounds are categorized into two classes: inhibitor class
or noninhibitor class. Here p(+) is the prior probability of the
inhibitor class and p(—) is the prior probability of the non-
inhibitor class, and then the posterior probability of a compound
to be an inhibitor (p) or a noninhibitor (g) is

ey e | LGRS R NC

~—

HPF—f\ (5)

1—1

q= 4
p(Fi Zf o Fn
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where the marginal probability p(F,=f,,...F,=f,) is a constant.
Since p + g = 1, then we have

p 1-4q
log= = log| — | =

(log p(F; = fil +) —log p(Fi = fil =)) + (p(+

M=

)=p(=))
(6)

In the naive Bayesian learning process, we need to solve two
problems, zero counts and missing values. Zero counts refers to
the situation where a certain descriptor never occurs for a given
class in the training set. A related issue, missing values, may occur
when evaluating a tested compound. For example, a fingerprint
can be found in a compound from the test set but not in any
compounds from the training set. The problem of zero counts is
usually solved by using Laplace correction:

(count(F; = ;N C = +)+0.5)

i=1

PE=A4) = e = T+ 1) )
o (count(F; = ;N C= —)+0.5)
p(Fi=fil =) = (count(C = —)+1)

Missing values, or missing fingerprint, are usually ignored to
avoid introducing unproved information. An advantage of the
naive Bayesian classifier is that it only requires a small amount of
training data to estimate the parameters (means and variances
of the variables) necessary for classification. Moreover, Bayesian
classification can process large amounts of data, can learn fast, and
is tolerant of random noise. The naive Bayesian classifiers were
developed using the Create Bayesian Model protocol in
Discovery Studio.””****

6. Validating the Prediction Accuracies of the RP and
Bayesian Models. The quality of the Bayesian and RP models
was measured by the quantity of true positives (TP), true
negatives (TN), false positives (FP), false negatives (FN),
sensitivity (SE), and specificity (SP), the prediction accuracy
for inhibitors (Q, ), the prediction accuracy for noninhibitors
(Q.), and the Matthews correlation coefficient (C).>*

TP
SE=—— (8)
TP + FN
TN
SP=——
TN + FP ®)
TP
PREl = ———— (10)
TP + FP
TN
PRE2 = ———— (11)
TN + FN

TP x TN — EN x FP
C= (12)

/(TP + EN)(TP + FP)(TN + EN)(TN + FP)

The value of C is the most important indicator for the classifica-
tion accuracy of the models. The above quantities were calculated
for both training and test sets.

B RESULTS AND DISCUSSIONS

1. The Roles of Simple Molecular Properties on P-gp
Transport. A lot of molecular descriptors have been proven to

be useful for the predictions of ADME properties,”>> * and

they describe a variety of molecular properties, such as lipophi-
licity, hydrogen bonding ability, molecular flexibility, molecular
bulkiness, etc. Here, the relationships between eight molecular
properties widely used in ADME predictions and P-gp inhibition
were examined systematically. These eight molecular properties
include MW, log S, log D 4, log P, PSA, nypa, tpp and 1. The
distributions of these eight molecular properties for the inhibitor
and noninhibitor classes are shown in Figure 1. Student’s t-test
was employed to evaluate the significance of the difference
between the means. As a complementary test, the linear correla-
tions between each of these eight molecular properties and the
MDR-reversal activities of 557 compounds are shown in
Figure 2.

For the eight molecular properties studied here, three of them
are related to hydrophobicity of a molecule: log P, log D and log S.
log P is distributed between —9.92 and 15.72, with a mean of
2.64, log D between —9.01 and 15.72, with a mean of 3.04, and
log S between —13.48 and 2.51, with a mean of —6.19. The
distributions of log P of the inhibitor class and the noninhibitor
class are shown in Figure 1. The mean values of log P for the 797
inhibitors versus 476 noninhibitors are 3.28 and 1.58, respec-
tively; that is to say, P-gp prefers to transport hydrophobic
molecules. We believe that the inhibitors with higher hydro-
phobicity may form stronger hydrophobic interactions with the
hydrophobic binding region of membrane-embedded transmem-
brane (TM) domains. Student’s t-test was employed to evaluate
the significance of the difference between the means. The p-value
associated with the difference in the mean log P values of the
inhibitors versus those of the noninhibitors was 6.97 ¢ *° at the
95% confidence level, indicating that the two distributions are
significantly different. Compared with log P, log D shows better
classification capability for inhibitors and noninhibitors because
the p-value of log D shown in Figure 1 is 5.97 ¢ *%. In Figure 1,
log S shows better classification capability than log P and log D
because the p-value associated with the difference in the mean log
S values of the inhibitors versus those of the noninhibitors was
6.48 ¢ 7. The mean values of log S for the 797 inhibitors versus
476 noninhibitors are —7.71 and —4.93, respectively. Similar
results are obtained in Figure 2. log S shows a better linear
correlation (r = —0.34) with MDR-reversal activities than log D
(r=0.31) and log P (r = 0.23). Indubitably, log S is more effective
to predict P-gp inhibition than log D and log P. However, the two
distributions of log S for inhibitors and noninhibitors are still
strongly overlapped.

As shown in Figure 1, molecular weight has relatively high
impact on P-gp inhibition. The mean values for inhibitors and
noninhibitors are 490.5 and 362.7, respectively. The p-value
associated with the difference in the mean MW values of the two
classes is 2.92 e 3! at the 95% confidence level, indicating that
MW also has high impact on P-gp inhibition. But it is worse to
discriminate the inhibitor class from the noninhibitor class than
log D. Moreover, our finding is consistent with Gleenson’s
results.’® According to Gleeson’s analysis, molecules having
MW > 400 and/or log P value >4 are more likely to be
transported by P-gp.** Certainly, according to our analysis shown
in Figure 1, MW > 400 is not a good indicator for P-gp transport
either. In Figure 1, we can observe that the descriptor, #,,,, shows
high impact on P-gp transport because the difference in the mean
f,0¢ Values of the two classes is 441 e >'. In many cases, f,,; can
be considered as a descriptor to characterize the bulkiness of a
molecule because a larger molecule usually has more rotatable

dx.doi.org/10.1021/mp100465q |Mol. Pharmaceutics 2011, 8, 889-900
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Figure 1. Distributions of eight molecular properties, including AlogP, log D, log S, MW, PSA, #,, #iiysp and ngpa, for the inhibitor and noninhibitor

classes.

bonds. In fact, n,, has relatively obvious correlation with

molecular weight (r = 0.64).

The other three descriptors (PSA, nypp and nypa) represent-
ing electrostatic or H-bond features do not show any capability to

89

discriminate inhibitors from noninhibitors. The p-values asso-
ciated with the difference in the mean values of the two classes for
PSA, nyypp and npa are 0.337, 0.05 and 5.03 e *. In Figure 2, it
can be observed that MDR-reversal activities have very low

3
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correlations with PSA (r=0.04), nypp (r= —0.13) and nypa (r=
0.12). Our findings are not consistent with the reported phar-
macophore models of P-gp inhibitors because all these pharma-
cophore models have H-bond acceptor features. The basic
reason for the inconsistence is that the three descriptors, PBSA,
ngpp and ngpa, are too general to characterize the spatial
constraint among these H-bond elements while the pharmaco-
phore model is able to characterize.

2. Recursive Partitioning Models. According to our analysis
above, it is obvious that a single molecular property is not a good
criterion for classification. In order to develop more precise and
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Figure 3. The Matthews correlation coefficient (C) of the thirteen
decision trees based on molecular properties and twelve sets of
fingerprints for (a) the training set and (b) the test set.

understandable classification models, we applied the RP techni-
que to establish decision trees to classify molecules into different
groups. Compared with “the blind operations” of ANNs and
SVMs, the results of RP can be converted to simple hierarchical
rules, which are easily interpreted. First, we constructed a
decision tree based on the thirteen molecular properties, and
the tree depth was set to 7. The performance of the RP model is
shown in Table S1 in the Supporting Information. For the
training set, the sensitivity and specificity are 87.8% and 84.9%,
respectively. However, the prediction accuracy of the model for
the test set (C=0.397, SE e = 75.0% and SP. = 65.2%) is much
worse than that for the training set. The molecular properties we
used can depict whole-molecule properties, but they cannot
characterize the important substructures or molecular fragments
that are important to P-gp transport. Then, molecular finger-
prints, together with molecular properties, were used simulta-
neously as the descriptors in RP analysis. Here we compared the
performance of 12 sets of fingerprints for classification. Ob-
viously, the addition of fingerprint can improve the performance
of the RP models because the C values of the RP models after
considering fingerprints are higher than that of the PR model
only based on thirteen molecular properties (Figure 3a). Accord-
ing to the C values shown in Figure 3a (C = 0.730), the
fingerprint set ECFP_4 performs better than the others. More-
over, in order to compare the actual prediction capability of
fingerprints, all models shown in Table 1 were used to make

dx.doi.org/10.1021/mp100465q |Mol. Pharmaceutics 2011, 8, 889-900
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Table 1. The Performance of the Bayesian Classifiers for the Training and Test Sets

training set test set
descriptors TP EN N FP SE Ny Q4 Q- € TP EN TN FP SE SP Q4+ Q- ¢

MP? 510 99 281 83 0.837 0.772 0.860 0.739 0.604 145 43 78 34 0771 0.696 0.810 0.645 0.461
MP+ECFP_4  S11 98 302 62 0.839 0.830 0.892 0.755 0.658 155 33 81 31 0824 0723 0833 0711 0.546
MP-+EPFP_4 444 165 304 60 0.729 0.835 0.881 0.648 0.546 129 59 85 27 0.686 0.759 0.827 0.590 0431
MP-+FCFP_4  S1§ 94 299 65 0.846 0.821 0.888 0.761 0.658 157 31 82 30 0.835 0.732 0.840 0.726 0.566
MP-+FPFP_4 418 191 337 27 0.686 0.926 0939 0.638 0.595 129 59 97 1S 0.686 0.866 0.896 0.622 0.535
MP+LCFP_4  S0S 104 302 62 0.829 0.830 0.891 0.744 0.647 151 37 83 29 0803 0.741 0.839 0.692 0.537
MP-+LPFP_4 461 148 29§ 69 0.757 0.810 0.870 0.666 0.551 142 46 81 31 0755 0723 0.821 0.638 0.468
MP+ECFP_6 490 119 312 52 0.805 0.857 0.904 0.724 0.645 148 40 90 22 0.787 0804 0871 0.692 0.577
MP+EPFP_6 448 161 299 65 0.736  0.821 0.873 0.650 0.540 133 5§ 82 30 0.707 0.732 0.816 0.599 0427
MP+FCFP_6 484 125 318 49 0.795 0.865 0908 0.716 0.642 157 31 82 30 0835 0732 0840 0.726 0.566
MP+FPFP_6 449 160 312 52 0.737 0.857 0.896 0.661 0.576 147 41 90 22 0782 0804 0870 0.687 0.571
MP+LCFP_6 508 101 302 62 0.834 0.830 0.891 0.749 0.652 141 47 85 27 0750 0.759 0.839 0.644 0.496
MP+LPFP_6 426 183 318 46 0.700 0.874 0.903 0.635 0.5SS 1S3 35 83 29 0814 0741 0841 0703 0.549
MP+FCFP_4b 4819 127.1 3135 S05 0.791 0.861 0905 0.712 0.634 152.6 354 91 21 0812 0813 0.879 0.720 0.611

“ MP represents molecular properties. ® The results based on 20 times of the training—testing process.

predictions for the 300 tested compounds, and the correspond- 0-90

ing C values are shown in Figure 3b. It is interesting to find that all 0853 Cirim

models based on molecular properties and fingerprints perform 0.80

better than the model solely based on molecular properties. 0.75 ] P S °

Among all these fingerprint sets, FPFP_4 performs best for the 070.] - *

test set, indicated by the highest C value (0.511). When T —

molecular properties and FPFP_4 fingerprint set were used as 0857 - /

the descriptors, for the 300 tested compounds the RP model o %60 /

achieves a sensitivity of 83.5%, a specificity of 67.0%, a prediction 0.55 o

accuracy of 80.9% for the inhibitor class, and a prediction 0.50 i A Ay

accuracy of 70.8% for the noninhibitor class. 045 ] A

In RP analysis, the depth of decision tree is a very important 0.40.] >

parameter, and it dominates the complexity of a decision tree. )

Usually, large tree depth tends to increase the accuracy on the 035

training data but at the risk of overfitting. Small value tends to 07— T T T T T

2 3 4 5 6 7 8 9 0 1

increase the applicability of a tree to new data sets, but at the risk
of decreased accuracy and of failing to identify important features
in the training data. So the tree depth should be carefully
calibrated according to the predictions on the tested compounds.
Here, the tree depth was changed from 3 to 10 and the
corresponding performance of the model to the training and
test sets was evaluated (Table S2 in the Supporting Information).
The change of C versus tree depth is shown in Figure 4. For the
training set the value of C increases as the tree depth increases;
however for the test set the values of C do not always increase.
For the test set the value of C increases significantly from depth 3
to 6, and then increases slightly to reach the maximum at depth 7
(C=0.511). When depth is larger than 7, the C values for the test
do notincrease anymore. So for our analysis, depth of 7 is the best
choice.

The decision tree with tree depth 6 is shown in Figure 5 as an
example. This decision tree has 20 inner nodes and 21 leaves. In
this decision tree, the discriminant descriptors include seven
molecular properties (log S, MW, AlogP, log D, 0, MSA and
nring) and eight structural fragments. In the seven molecular
properties chosen by the decision tree, log S, AlogP and log D are
properties to describe hydrophobicity, MW, MSA and ;g are
properties to describe bulkiness, and ny; o describes the electro-
static or H-bonding features. Therefore, the hydrophobicity, size,

Depth of decision tree

Figure 4. The change of C versus the tree depth for (a) the training set
and (b) the test set. The RP model was constructed based on molecular
properties and the FPFP_ 4 fingerprint set. The models with the highest
C values are colored in red.

and electrostatic properties are important for P-gp transport.
Moreover, the eight fingerprints shown in Figure S are also
important to discriminate inhibitors from noninhibitors.

3. Naive Bayesian Classifiers. The decision tree given by RP
is easily understandable. However, RP splits data at each node to
“good” or “bad” class linearly. Moreover, RP is sensitive to some
predefined parameters. Here, a more complicated statistical
technique, naive Bayesian classification, was used to develop
classification models. Naive Bayesian classification is an unsu-
pervised learner, without fitting process and tuning parameters.
The process of Bayesian learning is to search through each
feature in an unbiased way for those with separation power.

Similar to the RP analysis, the performance of the naive
Bayesian classifiers with different sets of fingerprints was eval-
uated and compared. The statistical results for these Bayesian
classifiers are listed in Table 1. In Table 1, the statistical results for

dx.doi.org/10.1021/mp100465q |Mol. Pharmaceutics 2011, 8, 889-900



Molecular Pharmaceutics

MSA

[>=377.16 ] [ <377.16 | [<265.91] [>=265.91

[logD| [ 153 | [ 42 | [Fragment 2|

< -6.0415

Fragment 1

[7xs0 | [Fragment 3]

|

[16 |[ 8 | [Fragment 5

fragment 1 fragment2  fragment 3

fragment 4

fragment 6 fragment 7

fragment 5

Figure S. Decision tree to classify compounds into inhibitor and noninhibitor classes by using RP (tree depth is set to 6).

the training set were obtained using the leave-one-out (LOO)
cross-validation process. It is obvious that the performance of the
various fingerprint sets is quite different. According to the C
values by the LOO cross-validation, ECFP_4, FCFP_4 and
LCFP_6 are associated with better classifiers. The best classifier
based on molecular properties and FCFP_4 fingerprint set has a
sensitivity of 84.7, a specificity of 82.1, a prediction accuracy of
inhibitors of 88.9%, and a prediction accuracy of noninhibitors of
76.1 for the training set. Compared with the classifier based on
molecular properties, the addition of fingerprints can signifi-
cantly improve the classification. All the Bayesian classifiers were
then validated by the predictions on the external test set,
and the validation results are shown in Table 1. According to
the validation, four classifiers (MP+FCFP_4, MP-+ECFP_6,
MP+FCFP_6 and MP+FPFP_6) can give C values larger than
0.566 for the 300 tested compounds. Compared with the
prediction accuracy of the PR models, the best Bayesian classifier
performs much better. For the test set, the classifier based on
molecular properties and FCFP_ 4 fingerprints gives a sensitivity
of 83.5% and a specificity of 73.2%, and an overall prediction
accuracy of ~80% ([TP + TN]/[TP + TN + FP + FNJ).
Then, we designed a more rigorous training-testing procedure to
assess the statistical significance of the Bayesian classifiers. The
whole data set was randomly split into a training set of 973
compounds and a test set of 300 molecules. The training—testing
process was iteratively executed for 20 times to evaluate the
average performance of the Bayesian classifier. As shown in
Table 1, for the test set the Bayesian classifier based on molecular
properties and FCFP_4 fingerprints gives an average sensitivity
of 79.2% and an average specificity of 83.8%, and an average
prediction accuracy of ~81%.

In our study, two threshold values of 4.0 and 5.0 were used to
determine whether a compound is an inhibitor or not. To estimate
the influence of these values on the performance of the classification
models, the other four sets of threshold values (5.0 and 6.0; 6.0 and
7.0; 7.0 and 8.0; 8.0 and 9.0) were used to split the whole data into
the inhibitor and noninhibitor classes and the classification models
were reconstructed based on molecular properties and FCFP_4
fingerprints (Table S3 in the Supporting Information). As shown in
Table S3 in the Supporting Information, the best performance for
the training set can be achieved when the threshold values of 5.0 and
6.0 are used. However, the model with the threshold values of 7.0
and 8.0 has the best predictive capability for the tested molecules. It
should be noted that the threshold values are really arbitrarily
defined and we cannot determine which values are the best, but at
least the data in Table S3 in the Supporting Information show that
the classification models with reliable prediction for the tested
molecules can be constructed even when a different set of threshold
values were used.

The prediction accuracy of the Bayesian classifier based on
molecular properties and FCFP_4 to discriminate inhibitors
from noninhibitors was evaluated with two bimodal histograms
of the training and test data sets (Figure 6). The histograms show
that the inhibitors tend to have more positive values, while the
noninhibitors tend to have more negative values. For the training
set both classes of compounds have strong overlaps between —5
and 0. So the region between —5 and 0 can be defined as the
“uncertain zone”. When the Bayesian score of a molecule is in the
uncertain zone, the prediction for this molecule is not reliable.
For the 300 molecules in the test set, 100 of them are predicted in
the uncertain zone. If these 100 molecules without accurate
predictions were eliminated from the test set, the sensitivity and
specificity were increased to 91.7% and 85.7%, respectively.
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Figure 6. The distributions of Bayesian score predicted by the Bayesian
classifier based on molecular properties and the FCFP_ 4 fingerprint set
for the inhibitor and noninhibitor classes for (a) the training set and (b)
the test set. The Bayesian scores for the training set were obtained by
using the leave-one-out (LOO) cross-validation process.

4. Analysis of the Important Fragments Given by Naive
Bayesian Classifier. An advantage of fingerprints is that they can
be easily translated into 2-D fragments. The important fragments
given by the Bayesian classifier may be useful for experimental
scientists when designing molecules with better P-gp inhibition.
The 15 good and 15 bad fragments ranked by the Bayesian scores
are summarized in Figure 7.

By analyzing the fingerprints with positive contributions to
P-gp inhibition shown in Figure 7a, we can observe that many
fragments have nitrogen atoms, and these fragments include the
top five fragments and fragments 7 and 8. According to previous
studies, it is believed that a nitrogen atom attached to saturated
carbons is a potential “binding center” with P-gp.’"** By
analyzing 12 molecules with nitrogen atom, Ecker concluded
that the interactions between nitrogen atom and P-gp were
nonionic and were determined by the capability of the hydrogen
acceptors.”’ Klopman and co-workers also reported that pre-
sence of a nitrogen atom linked to aliphatic atoms is relevant to
MDR reversal activity.”> Obviously, the nitrogen atoms in these
important fragments can serve as strong hydrogen acceptors and

form stable H-bonding interactions with P-gp. Another impor-
tant fragment (fragment 6) includes an ester group linked to
aromatic environment. The oxygen atom in this ester group is an
electron donor and therefore acts as a H-bonding acceptor.
Klopman and co-worker have observed a similar biophore for
P-gp inhibition: a carbonyl group attached to a meta substituted
aromatic ring. 2

The 1S fingerprints shown in Figure 7b indicate that the
existence of these fragments is unfavorable for P-gp inhibition. It
is quite interesting to find that all the top five fragments have a
negatively charged oxygen atom in an acid group, indicating that
introducing an acid group would decrease the P-gp inhibition of a
compound significantly. Sun analyzed 424 compounds as a
training set by Bayesian classification and found that an acidic
group would cause a compound to lose MDR activity.'” In the 15
fingerprints shown in Figure 7b, we found that two of them have
a nitrogen atom in a quaternary ammonium cation (fragments 9
and 13) and three of them have tertiary amine group (fragments
10, 14 and 15). Therefore, not all nitrogen atoms are favorable to
increase the MDR activity of a molecule, and nitrogen in primary
and secondary amines might be more favorable for P-gp
inhibition.

5. Why Some Inhibitors Cannot Be Predicted Correctly.
Finally, we checked the error sources of the Bayesian classifiers.
The predictions using the best four Bayesian classifiers (classifiers
based on MP+FCFP_4, MP+ECFP_6, MP+FCFP_6 and
MP+FPFP_6) in Table 1 for the test set are listed in Table S4
in the Supporting Information. We found that in total 17
molecules out of 112 noninhibitors and 24 molecules out of
188 inhibitors cannot be correctly predicted by any of the four
Bayesian classifiers. We believe that the following reasons
account for the misclassification. First, the quality of the data
set may be a primary source of prediction errors. In our analysis, if
MDR-reversal ratio was less than 4.0, the compound was defined
as a noninhibitor; if MDR-reversal ratio was larger than 5.0, the
compound was defined as an inhibitor. MDR-reversal ratio is an
important indicator but not a direct measure of P-gp inhibition.
The cutoff of MDR-reversal ratio to define the noninhibitor class
is also arbitrary. This cutoff used by Sun is 2."” For these 17
misclassified noninhibitors, seven of them have MDR-reversal
ratio larger than 2.0, and these molecules are opipramol, box-
idine, SPS 1841, methixene, keoxifene, chlorcyclizine and tixadil.
It is understandable that these molecules are easily misclassified
as inhibitors. Similarly, for these 24 misclassified inhibitors, some
of them have relatively low MDR-reversal ratio (lower than 6.0),
such as terodiline, halopemide and Ro-04-2287, and these
compounds are easily to be predicted as noninhibitors. More-
over, the quality of the compounds collected from the literature
without MDR-reversal activity cannot be completely guaranteed
because of possible experimental errors. Finally, the misclassifi-
cation may be caused by the intrinsic drawback of the models.
The fingerprints can characterize the important structural frag-
ments favorable or unfavorable for P-gp inhibition, but they
cannot characterize the spatial arrangement of these important
fingerprints if multiple important fingerprints are found simulta-
neously in one molecule.

Bl CONCLUSIONS

In this work, we report an extensive P-gp inhibition database,
which consists of 1273 molecules. On the basis of the large set of
P-gp inhibition data, the relationships between eight important

dx.doi.org/10.1021/mp100465q |Mol. Pharmaceutics 2011, 8, 889-900
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Figure 7. (a) The 15 good and (b) 15 bad fragments for P-gp inhibition identified by the Bayesian classifier based on molecular properties and the

FCFP_4 fingerprint set.

molecular properties and P-gp inhibition have been examined
systematically. We observed that some of them, especially
solubility, log D and molecular weight, are important contribu-
tors of P-gp transport but a single molecular property is not
enough to distinguish inhibitors from noninhibitors. Then, RP
technique was applied to construct the decision trees to classify
the whole data set into the inhibitor and noninhibitor classes. In
order to characterize the structural features important for P-gp
transport, structural fingerprints were introduced into our anal-
ysis. We found that the introduction of fingerprints improves the
prediction accuracy significantly. Finally, naive Bayesian categor-
ization modeling was applied to establish classifiers for P-gp
inhibitors. The Bayesian classifier, based on molecular properties
and fingerprints, demonstrates good predictivity, indicated by
the high prediction accuracies for the training set and the test set
(average correct prediction for 81.7% of 973 compounds in the
training set using a leave-one-out cross-validation procedure and
81.2% of 300 compounds in the test set). The comparison

analysis shows that naive Bayesian categorization modeling out-
performs RP, indicating that the naive Bayesian classifiers show
great potential for the predictions of P-gp inhibitors. The
important molecular fragments favorable or unfavorable for
P-gp transport given by Bayesian classifiers will be very helpful
for the design of new inhibitors with better P-gp inhibitory
activity.

The P-gp database of 1273 compounds with classification data
and the P-gp database of 557 compounds with quantitative
MDR-reversal activities are available online: http://modem.
ucsd.edu/adme.

B ASSOCIATED CONTENT

© Supporting Information. The classification performance
of thirteen RP models (Table S1). The classification perfor-
mance of eight RP models using different tree depth (Table S2).
The classification performance of five Bayesian classifiers based
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on five sets of threshold values (Table S3). The predictions for
the 300 tested compounds using the top four Bayesian classifiers
(Table S3). The decision tree based on RP with a tree depth of 7
(Figure S1). This material is available free of charge via the
Internet at http://pubs.acs.org.
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