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P-glycoprotein (Pgp) mediated drug efflux affects the absorption, distribution, and clearance of a broad
structural variety of drugs. Early assessment of the potential of compounds to interact with Pgp can aid in
the selection and optimization of drug candidates. To differentiate nonsubstrates from substrates of Pgp, a
robust predictive pharmacophore model was targeted in a supervised analysis of three-dimensional (3D)
pharmacophores from 163 published compounds. A comprehensive set of pharmacophores has been generated
from conformers of whole molecules of both substrates and nonsubstrates of P-glycoprotein. Four-point 3D
pharmacophores were employed to increase the amount of shape information and resolution, including the
ability to distinguish chirality. A novel algorithm of the pharmacophore-spetifitatistic was applied to

the actual structureactivity data and 400 sets of artificial data (sampled by decorrelating the structure and
Pgp efflux activity). The optimal size of the significant pharmacophore set was determined through this
analysis. A simple classification tree using nine distinct pharmacophores was constructed to distinguish
nonsubstrates from substrates of Pgp. An overall accuracy of 87.7% was achieved for the training set and
87.6% for the external independent test set. Furthermore, each of nine pharmacophores can be independently
utilized as an accuratmarkerfor potential Pgp substrates.

INTRODUCTION approach to overcome the undesired MDR phenotype is the
. . use of MDR reversal agents that inhibit Pgp transport.
P-glycoprotein (Pgp),® the product of the multidrug  aAnother approach to circumvent MDR is to identify potential
resistance (MDR) genes, is a member of the ATP-binding pgp sypstrates early in the drug discovery process and to
cassette superfamily of active transporter proteins. It is gglect drug candidates that are less likely to be transported
located in the_plasma membrane o_f mammalian cells vy|th apy Pgp. The transport activity assessment of MDR reversal
molecular weight of 170 kDa and is assumed to consist of 4gents (i.e., Pgp inhibitors) or Pgp substrates can be achieved
two hpmologpus halves joined by a_Ilnker region, each half experimentally throughin zitro or in zivo assays, or
containing six transmembrane-helix segments and a  computationally through simulations based on silico
consensus nucleotide binding domain. Pgp is normally oqels of quantitative structuractivity relationships (QSAR).
expressed at many physiological barriermcluding the In general, three types af vitro assays have been utilized
apical membranes of the epithelia, the luminal surface of {4 screen the binding activity of substrates and inhibitors to
the small intestine, colon, capillary endothelial cells of the Pgp? They are (1) transport assays on confluent cell
brain, ‘and kidney proximal tubules. Besides expelling monolayers (e.g., monolayer efflux assay), (2) accumulation
xenobiotic and cytotoxic endogenous chemical agents, theznq effiux assays using fluorescent probes (e.g., Calcein-
Pgp-mediated efflux pump can efficiently transport a wide Ap assay), and (3) ATPase assays that monitor the ATPase
var!ety of clinically importapt drugs Ieadipg to multidrug activity of Pgp proteins. The monolayer efflux assay,
resistance and changes in pharmacokinetics. Substrate§herehy the apparent permeability ratio of basolateral-to-
transported by Pgp can be as diverse as cancer therapeuticgyica| direction (B— A) to apical-to-basolateral direction
(doxorubicin and paclitaxel), HIV protease inhibitors (am- (A — B) of the drug is compared with one in the presence
p_renavir and indilnavir), cardiac drugs (digoxin and quini- o 4 Pgp inhibitor, is currently the definitive way for
dine), and chemicals from many other drug classes. Thejentitying Pgp substrates. However, the monolayer efflux
understanding of Pgp-mediated drug efflux can have impli- 5553y s labor-intensive and very low throughput. In addition,
cations for improving blooétbrain-barrier penetration of i oniy provides concordant resuilts for those compounds with
central-nervous-system (CNS) drugs, designing chemotheraz ,narent passive permeability between 20 and 300 nm/s and
peutical anticancer drugs, enhancing renal and biliary excre-5 455 recovery rate exceeding 59%or compounds
tion o_f substrate drugs, and minimizing Pgp-related drug exhibiting high passive permeability>800 nm/s), the
drug interactions. Calcein-AM assay is recommended to detect the percentage
Pgp-mediated drug efflux has been one of the major inhibition of fluorescence response relative to a positive
obstacles to the success of cancer therapeutics, as higlzontrol that is considered to give a maximum response, while
expression of Pgp is observed in many cancer églisie the ATPase assay measures changes in basal ATPase activity
in the presence and absence of potential substrates. Both
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are readily automated. However, both tend to underestimatesubstrates and nonsubstrates at the class level in terms of
the substrate activity of compounds with low permeability. the relative information content conveyed by each pharma-
Moreover, the ATPase assay also suffers from high intra- cophore. A compound matching at least 20 pharmacophores

and interassay variability. in the ensemble was considered to be a potential Pgp
The ultimate determination of the impact of Pgp-mediated substrate. The model offered an overall classification ac-
efflux on drug pharmacokinetic properties requinesivo curacy of 80% for the training set, but only 63% for a hold-

examinations based on transgenic or mutant animal médels. out test set.
Transgenic animal models have been produced through gene de Cerqueira Lima et &l.recently explored a combina-
knockout by removing or silencing genes that express Pgp,torial QSAR modeling of Pgp substrates which employs four
while mutant animal models are naturally deficient in the typical techniques (k-nearest neighbor classification, decision
expression of a drug efflux transport proteins (e.g., Pgp). tree, binary QSAR, and support vector machines) and four
Measuring the CNS uptake of a compound that penetratessets of commonly used descriptors that include 381 molecular
the blood-brain barrier is one such way that is frequently connectivity indices, 173 atom pair descriptors, 72 VolSurf
utilized. The concentration at half time or area under the descriptors, and 189 molecular operation environment de-
curve (AUC) of a compound in brain, blood, or plasma can scriptors, respectively. Among 16 combinations, the model
be analyzed from animal models with comparison to wild- using support vector machines and atom pair descriptors
type animals. For a substrate of Pgp, the concentration (oryielded the best predictive accuracy of 81% for their test
AUC) ratio of brain to blood (or brain to plasma) in animal set. While these types of methods can be powerful and
models can be observed to increase significantly when accurate, the use of a large number of descriptors (often
compared to those in wild-type animals. >100) and resulting complex models may be not easy for
Thein vitro andin vivo assays described above are costly, the medicinal chemists to visually or physically interpret.
laborious, and time-consuming. They are considered moreSvetnik et al® investigated boosting tree or bagging tree
appropriate for use in the later stages of lead optimization techniques for Pgp substrate classification, each of which
when the candidate compounds exhibit adequate potency anaonsisted of a sequence of about 100 tree classifers based
other superior pharmacokinetic properties. On the other hand,on 1522 binarized atom pair descriptors. Though this type
in silico models for Pgp substrate/inhibitor prediction can of method can show higher accuracy than other QSAR
provide a means of rapid and cost efficient assessment earlynethods, such tree ensemble models make predictions by a
on during the lead optimization process. X-ray crystal consensus and do not offer chemists a single straightforward
structures of the transmembrane of Pgp are not yet availablerelationship between compound activity and the structural
at atomic resolution. Consequently, the existingsilico descriptors.
models are ligand-baséd® and are derived primarily from This study aims to develop a global SAR model with
structure-activity relationships, structural recognition ele- improved accuracy that is capable of representing the
ments, and multiple pharmacophores of Pgp substrates. Instructural diversity of Pgp substrates. A pharmacophore
contrast to most other transport proteins that recognize a fewapproach was chosen as it offers a 3D model that can be
structurally similar substrates, Pgp recognizes a broad rangentuitive to visualize and simple to interpret. This can
of pharmacologically and structurally diverse compounds. significantly assist chemists involved in the lead optimization
Multiple SAR studies of related series have revealed the stage of a project.
amphiphilic nature of Pgp substrates: the presence of The strategy we employed to enhance prediction accuracy
aromatic rings, hydrophobic groups, and nitrogen atoms or applies supervised machine learning techniques to the 3D
hydrogen-bond acceptors. pharmacophore descriptors. In this study, only four-point
From an analysis of 3D structures for a large diverse set pharmacophores were used. The reasoning is as follows: (1)
of drugs, Seelitf proposed a general pattern for Pgp substrate Mason et al? observed that it was important to move from
recognition comprising two or three electron-donor (or three-point to four-point pharmacophores to increase the
hydrogen-bonding acceptor) groups with a fixed spatial amount of shape information and resolution, including the
separation of 2.5 0.3 (as a type-| pattern) or 46 0.6 A ability to distinguish chirality (a fundamental requirement
(as a type-ll pattern), respectively. for many ligand-receptor interactions); (2) preliminary
Ekins et af? utilized HIPHOP or HYPOGEN methods model development showed that moving from three-point
in Catalyst® to build pharmacophore QSAR models for to four-point pharmacophores resulted in a significant
qualitatively ranking inhibitors that inhibit Pgp-mediated increase in accuracy; (3) the exclusive use of four-point
substrate transport. A single substrate pharmacophore wagharmacophores rather than a mixture of two-, three-, and
produced by overlaying likely common structures of vera- four-point pharmacophores avoids the problematic issue of
pamil and digoxin, followed by fitting vinblastine to this correlated (or dependent) descriptéts.
substrate model. Pharmacophore alignment of these com- Unlike traditional pharmacophore approachewhere
pounds revealed multiple hydrophobic and hydrogen-bond activity prediction models were optimized by perturbing and
acceptor features as important characteristics of Pgp sub-annealing the chemical features and locations of a very small
strates. set of top-ranking pharmacophores, our approach consisted
Penzotti et al? reported an ensemble model of 100 of three sequential procedures: (1) the exhaustive enumera-
pharmacophores, consisting of a set of two-, three-, and four-tion of all possible pharmacophore configurations for both
point pharmacophores, to discriminate between Pgp sub-substrate and nonsubstrate compounds (similar to Penzotti
strates and nonsubstrates. This pharmacophore ensemble wast al.’s work), (2) the identification of a statistically
derived from a full ensemble of conformers of 144 com- significant optimal ensemble of pharmacophores able to
pounds and developed through a pairwise comparison of bothdifferentiate Pgp substrates from nonsubstrates, and (3) the



PHARMACOPHORE MODELS FORPGP SUBSTRATES J. Chem. Inf. Model., Vol. 47, No. 6, 2002431

development of a simpla silico model for Pgp transport  a length of 20 A, and six feature types: hydrogen-bond
activity prediction. In the second procedure, millions of acceptor (HBA), hydrogen-bond donor (HBD), hydrophobic
pharmacophores were evaluated for Pgp efflux activity (HYD) including aromatic rings and aliphatic chains, nega-
through a frequency analysis of pharmacophore occurrencetive ionizable (NEGI), positive ionizable (POSI), aromatic
and then a pharmacophore-specifistatistic. A set of the  ring centroid (RING), and aromatic ring projection point
top-ranked, significant pharmacophores was selected as th§RNGP). A total of 12.6 million potential four-point phar-
basis for the construction of a classification tree. The derived macophores were generated from the training set. The
pharmacophores and classification tree were then evaluatednapping of a pharmacophore to any conformer of a
for predictive performance against an independent test setcompound turns that bit “on” in the index string where each
of 97 uncorrelated known drugs. index identifies a unique pharmacophore in Cerius2.

The intention of this article is to present a pragmaitic As mentioned previously, nontraditional pharmacophores
silico model, which has been performing extremely well in  \ere considered here, consisting of aromatic ring projection
our own internal lead optimization projects. It should be points without requiring that the corresponding aromatic
noted, however, that some of the top-ranking pharmacophoregeature also be present. The analysis showed that these
make use of a nontraditional chemical feature (a ring pharmacophores are still statistically significant. The presence
projection point without the corresponding aromatic ring of this feature in specific cases may imply that the nature of

feature). These pharmacophores function very well and arethe |igand/receptor interaction is important but not the
predictive but perhaps should be best interpreted as QSARgijrectionality.

descriptors rather than traditional pharmacophores.

. . . Ph h ignifi Analysis. In traditional
The paper is organized as follows. The Materials and armacophore Significance Analysis. In traditiona

. . o pharmacophore approaches, typically a small number of
Methods section provides a description of the data set andcompounds are chosen by hand for the training set, and a

details of the pharmacophore generation and mOdeIIngsmall number of initial conformational alignments are

methodologies. The Results and Discussion section providesgenerated Using a methodology like HIPHOP/HYPOGEN
details of t_h_e p_erformance of the significant p_harmaco_phoresfrom the Catalyst package, the pharmacophore SAR model
a::nd CI?SS'f'iat'on l?de(;I a.n? alsotg comptarlséo'r& of this type can then be iteratively refined for the best activity prediction
of analysis 1o ranking by information content. A summary by varying the location and identity of the chemical features,
is provided and future work is discussed in the final section. followed by a simulated annealing approaAlternatively
as in GASP’ from the Sybyl packag®, common feature
METHODS AND MATERIALS pharmacophore patterns candeneticallyuncovered from

Data Set. Available data from the literature were used the local optimization of the conformational overlay of

for the training and test sets consisting of ¥68nd 9722 several flexible molecules by mimicking the process of
compounds, respectively. All acid and base functional groups evolution?” However, the goal of this work is to seek a
were neutralized. predictive model across a training set of 163 diverse

The 163 training set Compounds were obtained from Compounds Containing pOtentiaIIy millions of pharmaCOphore
Penzotti et al.'s work and consisted of 91 substrates and hypotheses. This is beyond the capacity of the above
72 nonsubstrates (Supp|ementary Table A, Supporting In- methods. With inSpiration from Tibshirani et al.’'s wétk
formation). CONCOREP was used to create single 3D initial ON microarray data analysis, a significance analysis of
geometry from the starting SMILES (Simplified Molecular Pharamacopores (SAP) for activity model generation was

Input Line Entry System) strings. designed and implemented to elucidate comprehensive pat-
The test compounds were compiled from two sources. t€rns from large sets of pharmacophores.
Mahar Doan et a#?> measured Calcein AM inhibition and The method was conceived to unveil 3D structural patterns

apparent permeability ratios on MDR1-MDCKII cells for 93  of compounds in different activity classes, and such patterns
marketed drugs. Gombar et*dldeveloped a QSAR Pgp are assumed to be pharmacophore-specific. To discover these
model using 58 compounds whose structures were obtainedpatterns, we adopt a two-classtatistic based on the ratio
from the Derwent World Drug Index databadeFrom of change in pharmacophore occurrences to standard devia-
comparison of these two collections to each other and thetion in compound classes for that pharmacophore. A full
training set and by removing compounds with a molecular implementation of the method has been documented by
weight above 700 Da, 97 unique compounds were obtainedTibshirani’'s group and is available at the following Web
(Supplementary Table B, Supporting Information). site: http://www-stat.stanford.edutibs/SAM/index.html. A

Pharmacophore Generation.Low-energy conformers of ~ concise description of relevant procedures along with our
each compound were generafedsing Catalyst and stored ~customization is given below.

in Catalyst binary databases. For each compound, the The ranking score| for pharmacophorgis computed as
maximum number of conformers generated was limited to

100, with a maximum conformational energy cutoff of 20 ijsD_ ijND
kcal/mol. The average number of stored conformers per d=

compound was 52.7 for the training set and 48.2 for the test J St%
set.

Pharmacophore generation for the training and test setswhere <st> and <x'> are defined as the average occur-
was conducted with Ceriug2.Four-point pharmacophores rences for pharmacophojein Pgp substrate class S and
were enumerated using the chirality flag, the minimal feature nonsubstrate class N, respectivegys the standard deviation
separation requirement of 3.0 A, eight distance bins covering of occurrence measurements:
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1. + 1/n are considered negligible. Seelig et @uggested that the
_ 1 z[ (x‘S— X+ S - X7 classical QSAR methods were not adequate to describe the
3 n+n,—2 Z j i Z X~ D action mechanism of Pgp as the protein transports not one
! 2 specific compound but many diverse substrates. This is

consistent with the publications from various groups that

S N H
where x” and X~ are the booleans (1 or 0) of mapping hoint to the evidence of multiple drug binding sites for
pharmacophorg to a substrate or a nonsubstralies and pghs0-32 Fyrthermore, Pgp differs from other transporters

In are summations of the occurrence measurements ini,"yhat it recognizes substrates dissolved in the lipid
classes S and N, respectively, andndn; are the numbers e mhrane and not in aqueous solufdriThe multiple

of compounds in classes S and N. The consigista fudge  inging mechanisms and membrane partitioning effects
factor, and its value was chosen to minimize the coefficient present a significant challenge for creating a simplified but

of variation ofd. . accurate QSAR model.
Pharmacophores with scordsgreater than a threshold In this study, a tree-based methedassification tree-

are considered potentially significant. Meanwhile, a fraction was taken to circumvent some of the problems associated

of pharmacophores can be called significant by chance. Toy i raditional QSAR models. The classification tree splits
estimate the c_:alled-b_y-.chan.ce_fracnon, controll (_jata ar€ the compounds into different subsets by grouping together
required to assign statistical significance to the activity effect he compounds that map to a specific pharmacophore. These
of each pharmacophore. We generated a large number Otyn . macophores can be independent of each other, and this
controls by computing the ranking scores from 400 sets of 55, for a single tree to account for the potential of multiple
permutations of class labels, S and N, with replacement ;i ing modes and membrane partitioning effects. In addi-
across all compounds. Such permutations of class labels hav‘?ion, the splitting descriptors are SAP-selected pharmacoph-

been assumed to deco_r.relate activities to the_ .or|g.|nal ores, and their high significance can make the interpretation
compounds and were utilized for significance verification of the splits less precarious

of in silico SAR modeling??® e , .
- ianificant ch i oh h The classification tree was constructed using a recursive
0 measure signiicant changes in pharmacophore OCCur'gartition tree (rpart§# the algorithm for which has been

rences, pharmacopho_res are sorted in qlecreasing_order Obublished by Breiman et &.The Pgp transport activity (or
their g, value_s, and |nd|c_ejsof g are accordmgly reassigned class label) of compounds is input as a target variable, and
to consecutive as_cendlng numbers starting from 1. Atter the optimal set of significant pharmacophores identified
reindexing d is thejth largest true score. For each permuta- 5,0 SAP is used as the pool of potential splitting
tion set, artificial ranking scored;P are also ca_IcuIated, and descriptors. The categorical attribute of the target variable
the'pharr'nacophores are again sorted gnd reindexed such th{(‘F.e., substrate or nonsubstrate) leads to a model of the
dP is theith largest score for permutatign The expected classification tree. The root of such a tree starts with a full

ranking scored®, is computed asi® = 3, d?/400. set of training compounds. Compounds satisfying the specific
To identify potentially significant changes of pharma- cyjterion at each junction are assigned to the right branch,
cophore occurrences, the true scdrés compared t0 the  anq the others to the left branch. At each junction, the
expected scorg. Though for most of thenidi| > |d, & criterion referred to is the presence or the absence of a
smaller portion of pharmacophores can have their dlsplace-speciﬁC pharmacophore in any sampled conformers of a
ments|di — df| exceeding a greater threshold (labetey compound. The classification tree grows by recursively
conveying a higher statistical significance. To determine the partitioning the compounds. In growing the tree, the clas-
number of falsely significant pharmacophores, a horizontal sjfication gain of the Gini index, measuring class purity of
cutoff is defined as the smallest among the significant e resultant junctions, is maximized at each partitioning step.
pharmacophores that contribute to activity and the least pcross all significant candidates, the pharmacophore confer-
negative d among the significant pharmacophores that ing the largest gain in the Gini index is selected as the
contribute to inactivity. The _number of called-by-ch_ance primary criterion to split the compound set at the current
pharmacophores corresponding to each permutation is COMyynction. If the node has more than 10 compounds, it is
puted by counting pharmacophores whose artificial scoresgjigible to be further split. The minimal size of each child
exceed the horizontal cutoff. The number of falsely signifi- ode is set to three compounds. And the resultant tree is

cant pharmacophores is estimated at a specific percentile Ofback-pruned if its cost complexity decreases by less than
the numbers of called-by-chance pharmacophores from allg o

400 permutations. By varying, the number of significant

pharmacophores can be changed as well as the r)umper of RESULTS AND DISCUSSION

the falsely called pharmacophores. The number of significant

pharmacophores may be optimized when the number of the Compound Diversity. To illustrate compound diversity

falsely called pharmacophores is minimizedAagcreases in the training set, the Tanimoto pairwise similarity was

in a bottom-up manner. calculated using Daylight fingerprints. The mean pairwise
Classification Tree. Conventional SAR studies for Pgp  similarity was 0.21, and the median was 0.17. This indicated

have been performed on the basis of classical QSAR that there was significant chemical diversity in the training

principles which were designed for transporters or receptorsset and the compounds were not from congeneric series.

which naturally bindonespecific substrate or analog series  The 97 compounds from the test set are shown in

from an aqueous environment. In these types of studies, theSupplementary Table B (Supporting Information). To ensure

same binding mechanism or mode is often assumed for alldiversity for this set, all compounds were compared to each

modeled conformations, and solvent or membrane effectsother and to the training set compounds. Within the test set,
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the average pairwise similarity is 0.21 with a median value
of 0.20—indicating sufficient diversity. When the same
similarity metric is used, the structural relationship of the
test set to the training set was analyzed by computing the
similarity between each test compound and the most
structurally similar compound in the training set. The
pairwise Tanimoto similarity between such compounds is
denoted as the maximal similarity of a test compound to the
training set. Among 97 test compounds, 81 compounds have
a maximal similarity less than 0.70, while only six com-
pounds exceed a maximal similarity of 0.8 he magnitude
of similarity coefficients reveals that the test set is structurally
diverse itself and distinct from the training set. 5 a0 G5 o0 o5 15 13
Potential Pharmacophores Of the 12.6 million possible Expected score

pharmacoph_ores, >.48 _mllllon are unique, and 3.32 million Figure 1. Scatter plot of reat-statistic scores versus expected
are present in only a single compound. The most frequentscores for 68 053 pharmacophores. The solid line indicates an
pharmacophore maps to 67 compounds. expectation reference, while dashed lines show the optimal cutoff
The ideal pharmacophore is one that is able to discriminate (A = 0.51) to call the ensemble of 598 significant pharmacophores.
between actives and inactives and is present in a moderate
number of compounds. In contrast, pharmacophores with a
very low occurrence (e.gs 2%) or very high occurrence  chance pharmacophores was computed at the 95th percentile
(e.g., >98%) are assumed to be relatively weak class among 400 permutations. As the threshold increases, the
discriminators and not useful for model generation. In this possibility of called-by-chance remains high and nearly
study, the most frequent pharmacophore appears 67 timesunchanged unti\ = 0.47; after that, it decreases in a much
well below the median numberN(= 81) of training faster pace than the real significant pharmacophores\ As
compounds, and thus no advantage can be taken from thébecomes greater than 0.51, the number of falsely called
cutoff for maximal pharmacophore occurrence. The cutoff pharmacophores drops to zero, and this results in an optimal
for minimal pharmacophore occurrence was set to 15 to helpset of 598 pharmacophores.
reduce the memory requirements of the calculations, resulting Feature components and spatial arrangements of these
in 63 085 pharmacophores of interest. significant pharmacophores are summarized in Supplemen-
Elucidation of Significant Pharmacophores. This re- tary Table C (Supporting Information). A total of 83% of
duced set of 63 085 potential pharmacophores was takenthe significant pharmacophores contain RING or RNGP
forward into the significance analysis. A numeric matrix with features. A total of 67% contain the HYD feature. The HBA
a dimension of 63 085 rows by 163 columns was constructedfeature is present in 86% of the significant pharmacophores,
representing the pharmacophore indices and compoundsyhile the HBD feature appears in a lower 28%. The
respectively. Each pharmacophore is inspected against thggredominance of hydrogen-bond acceptor features rather than
index string of each compound, with the value of “1” hydrogen-bond donors supports the suggestitimat the
assigned to the matrix element of that index if the pharma- ligand acceptor interactions are the most significant. Fur-
cophore is present; otherwise, it is set to “0". thermore, 218 significant pharmacophores each have two
SAP was applied to the above matrix, supervised by classH-bond acceptors, and 23 exhibit the type-II pattern described
labels for 163 compounds of Pgp substrates versus nonsubby Seelig!® None relate to the type-I pattern. A total of 45
strates. A total of 400 permutations of class labels were significant pharmacophores each have three H-bond accep-
generated as null reference data. The true classes otors; among them, 30 exhibit the type-Il pattern, and only
compound activities yielded a reiastatistic score while the  one shows the type-l pattern. In the pharmacophore enu-
permutations were used to determine an expected score fomeration process, the minimum feature separation require-
each pharmacophore. Figure 1 depicts the scatter plot of reament of 3.0 A may prevent the generation of pharmacophores
scores of pharmacophores versus their expected scores. Thihat represent the type-I pattern.
solid line suggests an expectation reference, and each The statistics of chemical features exhibited in pharma-
diamond marks a pharmacophore. The pharmacophoresophores of Pgp substrates are mostly in accordance with
contributing to active conformers of Pgp substrates stand in the findings of other similar studies. Biophysical parameters
the upper right-hand corner, while the pharmacophoressuch as hydrophobicity indices, lipid diffusibility, and
associated with Pgp nonsubstrates sit at the bottom left-hanchydrogen-bond acceptor strength have been used to charac-
corner. terize structural features of drugs that mediate their interac-
Nearly 100% of 63 085 pharmacophores were displacedtion with Pgp3”2® Another interesting observation is that,
from the expectation line. The relative statistical significances although only 35% of the significant pharmacophores contain
of these pharmacophores can be determined by the magnitudéhe POSI feature (generally derived from a basic nitrogen
of the displacements. The largest displacement of orderedatom), it is present in 11 out of the top 12 most significant
real scores to null scores is 0.645. Threshald were set pharmacophoresa strong indication of its key role in certain
to 100 intervals equally spaced from 0 to 0.645. At each binding modes to Pgp. Actually, it has been addressed by
interval A, pharmacophores whose scores exceeded thePearce et al.’s findings that a basic nitrogen atom constituted
horizontal cutoff were counted separately for the real data the common pharmacophore of Pgplhe explanation for
set and 400 permutation sets. The number of called-by-this feature presence could be that weak bases can cross

Real score
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(n=163)
Ph1

S(1 0,24)

S(1.0,15)

S(1.0,9)
S(0.77,13)

[
Ph7 S$(0.86,7)

[ S103
Ph8 ‘ (1.0.3)
Ph9 S(1.0,3)
N(0.81,77)

S(0.75,8) N(1.0,4)

Figure 2. Classification tree for differentiating Pgp substrates derived from 163 training compounds. Each splitting junction has a
pharmacophore classifier as indicated. If a compound has the classifier pharmacophore, then it goes to the right branch; otherwise, it goes
to the left branch. The text under each leaf node denotes the classification statd witionsubstrate class, aBda substrate class of

Pgp. The first fraction in parentheses expresses the posterior classification probability, and the second integer corresponds to the number
of training compounds in the leaf. The junction height is proportional to its magnitude of the gain of Gini index.

Table 1. Chemical Features and Spatial Arrangements of Nine Pharmacophore Markers of Pgp Substrate

chemical feature inter-feature distance (A)

Ph label fi f2 3 fa di2 di3 di4 d23 d24 d34 chiral
Phl POSI RNGP HBA RING 5 5.59 6.12 5.59 3.54 4.33 -
Ph2 HBA HBA HBA HBD 5 9.01 9.01 7.5 5.59 3.54 +
Ph3 POSI RNGP HBA HYD 5 7.07 6.12 5 3.54 3.54 -
Ph4 HBA HYD HYD HYD 5 9.01 8.29 5.59 4.33 3.54 —
Ph5 RNGP HYD HBD HBA 25 5.59 6.12 5 4.33 4.33 -
Ph6 HYD POSI RNGP HBA 5 9.01 10.61 5.59 6.12 4.33 +
Ph7 HBD HBA HBA HYD 5 10.61 12.75 7.91 9.35 3.54 -
Ph8 HBA HYD RNGP HBA 7.5 9.01 10.61 5 4.33 4.33 -
Ph9 HBA RNGP HBA HBD 5 7.07 8.29 5 4.33 4.33 +

Four feature points are labeledfasf2, {3, andf4. The features are abbreviated as H-bond acceptor (HBA), H-bond donor (HBD), hydrophobic
group (HYD), aromatic ring group (RING), aromatic ring projection point (RNGP), and positive ionizable atom (POSI). Distances fietmelen
f2 are labeled ad12, and this pattern is followed similarly for remaining distances. In each tetrahedral scheme, the “sign” refers to the sign of the
z coordinate of featuré: “+” for z > 0 and “~" otherwise, given thafl is placed at (0,0,0¥2 hasx > 0, andf3 hasy > 0.

the lipid membrane in the uncharged form and reprotonate and the chirality. All nine pharmacophores contain a
in the negatively charged cytosolic leaflet of the membrane. hydrogen-bond acceptor feature, and this implies that this
Classification Tree. Recursive partitioning was applied is an important recognition feature for Pgp-mediated
to the set of 598 discriminate pharmacophores, and theefflux. The ring projection point appears in six pharmacoph-
resulting classification tree that best partitions the 163 ores and indirectly shows the importance of aromaticity
training compounds contains nine significant pharmacoph- for efflux. The hydrophobic feature is also present in
ores, labeled Ph1Ph9, and is shown in Figure 2. Phl and six pharmacophores. The high representation of these fea-
Ph3 were ranked as the top two from the significance ture types is consistent with the findings from other published
analysis, but Ph2 (rank 29), Ph6 (rank= 59), Ph7 (rank  studies’'! The positive ionizable feature appears in
= 64), and Ph9 (rank= 80) come from the top 100, and three pharmacophores, and although it is not prevalent in
Ph4 (rank= 530), Ph5 (rank= 498), and Ph8 (rank 555) other pharmacophore studi€®¥, Pearce et al. showed that
are scattered far behind the others. a basic nitrogen was an essential feature in his Wbrk.
Table 1 breaks down the components of the significant Unfortunately, in terms of features and interfeature dis-
pharmacophores showing feature type, interfeature distancestances, we failed to align any of these nine pharma-
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Pgp substrates Non-substrates The classification tree using multiple pharmacophores

Ph9 correctly classifies 87.7% of the compounds as substrates

Ph8 p or nonsubstrates. The false negative rate is reasonable at
Ph7 .g 15.4%, as 14 out of 91 Pgp substrates are incorrectly
Phé ] classified as nonsubstrates. The false positive rate is very
E low at 8.3%, with only six out of 72 nonsubstrates misclas-
Ph5 £ o
= sified.
E:; o Pharmacophore Markers. As demonstrated in Figure 2,

the classification tree displays a unique structure. Its extreme
asymmetry and simplicity enable each pharmacophore clas-
i sifier to be considered asmarker Similar to the concept
compound of a biomarkerin a clinical diagnostic test, we are able to
Figure 3. Pharmacophore pattern of Pgp substrates versus non-use these classifiers as pharmacophore markers for Pgp
substrates for 163 compounds, with red spots denoting the presenceubstrates. That is to say, independent from the mapping
and green the absence of the corresponding pharmacophore in thetatys of other pharmacophores, the presence of any phar-

row to conformers of each compound in the column. Pgp substrates ;
are clustered in the left region and nonsubstrates in the right region,macophore marker in a 3D molecular structure can detect a

and two regions are separated by a white dashed line. PharmaSubstrate of Pgp with high confidence. As in a diagnostic
cophores PhtPh9 are placed bottom-up in the row. test, the positive predictive value (PPV) or negative predictive

value (NPV) is used to estimate the predictive performance
of the pharmacophore markers.
cophores with Ekins and co-workers’ models for Pgp  In this work, the test criterion is whether or not a given
inhibitors®° compound maps to a specific pharmacophore. If the com-
Figure 2 shows the optimized classification tree. Given a pound matches the pharmacophore, the test result is consid-
test compound, its low-energy conformers are first sampled ered positive and the compound is classified as a substrate.
through conformational analysis in Catalyst. The resultant The PPV of a pharmacophore marker is the probability that
conformers are then mapped to the leading pharmacophorea compound predicted to be a substrate can be confirmed
Phl. If any of the conformers & present a match to Phl, with real efflux assays. Table 2 summarizes the predictive
the compound is classified as a substrate. If there are noperformance of each pharmacophore when employed inde-
matches, the compound progresses down the tree, with everypendently to discriminate Pgp substrates. Three categories
conformer tested against each subsequent pharmacophore fasf pharmacophore markers can be inferred by their prediction
potential classification as a substrate. If none of the nine performance and SAP rankings: strong descriptors (Phi,
pharmacophores are matched, then compoAindould be Ph2, Ph3, Ph6, and Ph7) with a perfect PPV of 1.00,
classified as a non-substrate. The possibility of each assign-moderate descriptors (Ph4 and Ph5) with a PPV of around
ment is indicated as a decimal fraction in the bracket of each0.90, and weak descriptors (Ph8 and Ph9) with a PPV of
leaf node. around 0.80. The scale from strong to weak denotes the
Figure 3 shows a heat map representation of the ninerelative confidence, from high to low, of compounds clas-
pharmacophores mapped to the 163 training set compoundssified as Pgp substrates to be confirmed by Pgp activity
The columns correspond to the compounds and the rows toassays.
the pharmacophores, with a green block denoting a match;  Similarly, the NPV of a pharmacophore can be interpreted
otherwise, the block is colored red. Pgp substrates areas the probability that a compound predicted to be a
clustered in the left region and nonsubstrates in the right nonsubstrate is truly a nonsubstrate. But each of the nine
region, with the two regions separated by a white dashed pharmacophores has a NPV value of only around 0.50 despite
line. This figure shows that the model does very well in the fact that each has a high PPV. While, individually, the
discriminating between substrates and nonsubstrates. probability of a pharmacophore correctly predicting a non-
Phl maps to 24 substrates and one example of thesubstrate is low, negative mappings to all pharmacophores
alignment are shown in Figure 4. Ph2 maps to 19 substratestogether can predict a nonsubstrate with a high confidence
and only four compounds overlap between the two pharma-of 0.81.
cophores. Ph3 maps to 23 substrates, but 14 of those are Model Evaluation. The actual classes of Pgp activity of
mapped by Phl as well. And 14 substrates are not identifiedthe test compounds have been corroborated mainly by
by any of the pharmacophores. A total of 63 nonsubstrate multiple experiments reported frorm vitro assays of
compounds do not match any of the pharmacophores andmonolayer efflux or Calcein-AM anith zizo assays in animal
thus are correctly classified as such. models. Compounds having their membrane permeability A
In addition, an unusual pharmacophore pattern can be— B in the range of 20 to 300 nm/s were assigned an actual
observed from the upper-right corner of the heat map (in class in terms of their efflux ratios, B~ A/A — B. This is
Figure 3). If a compound has Ph8 and Ph9 both matchedthe same criteria as in Polli et al.’s wotkjamely, if B—
but the seven other pharmacophores not matched, it can beA\/A — B > 1.5 and collapses t&-1.0 in the presence of a
classified as a nonsubstrate. Four compounds in the trainingPgp inhibitor, the compounds are then assigned to Pgp
set, NSC268251, NSC630148, NSC630721, and NSC674508substrate; otherwise, they were assigned to Pgp nonsubstrate.
show such a pattern. Though the pattern is statistically For highly permeable compounds-A B > 300 nm/s, the
significant in differentiating the Pgp substrate in the model, Calcein-AM assay result is the alternative reference for efflux
further investigation is recommended to determine whether activity, resulting in a Pgp substrate if a positive response
or not it could merely be a statistical artifact. (>10% maximum inhibition response) is detected. For very

Ph2
Ph1
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reserpine pimozide @RNGP

Figure 4. (Top) Alignments in Catalyst of pharmacophore Ph1 to two Pgp substrates: reserpine from training set and pimozide from test
set. In both overlays, the positive charge ionizabilty point in red aligns with the aliphatic tertiary aniitiy,(blue atoms). The light blue

arrow points from an aromatic ring centroid to its projection point; the hydrogen-bond acceptor aligns with the carbonylg@a@s (

red double bond), and its attached cone indicates a hydrogen-bonding direction. The spheres indicate feature points mapped to Ph1. (Bottom)
2D structures of reserpine and pimozide, and sketches of their alignments with Ph1.

Table 2. The Summary for the Alignments of Pharmacophore bicin, labetolol, mequitazine, methysergide, nalbuphine,
Markers to the Training Compounds, and Their Posterior Positive protriptyline, and acrivastine were misclassified as nonsub-
Predictive Values for Pgp Substrate ' . e

strates. Meanwhile, 33 compounds were classified as Pgp

positive . .

Ph  absence from absence from presence in presence in predictive substrates, and 30 of them were confirmed as true positives,
labels nonsubstrates substrates nonsubstrates substrates  value resulting inan accuracy of PP¥ 90.9. lllustrated in Figure
F’Eé 72 6; 8 2;1 1-88 4, test compound pimozide and training compound reserpine
P 7 7 1 1. T .
Ph3 72 68 0 23 100 are d.|53|m|lar in their 2D molecular structure, but both
Ph4 69 72 3 19 0.86 contain pharmacophore Phl. Reserpine is a substrate and
P z I 5 e 957 pimozide was correctly predicted as a substrate as well. Three
Ph7 72 73 0 18 1.00 nonsubstrates including doxylamine, oxprenolol, and warfarin
Ph3 65 66 7 25 0.78 were misclassified as substrates of Pgp. The overall success
Ph9 66 64 6 27 0.82

rate is up to 87.6% for the independent test.

low permeable compounds A~ B < 20 nmis, their Cpmparison to Ranking by Information Content. To.
assignments were taken from the consensus of the above twéarify the performance of the SAP method, SAP-derived
studies, or from the literature such as Seelig et al.’s work if ranking has been compared to another ranking via informa-
conflicting assignments exist. There are several specialtion content®#2To address this question, the same number
assignments in Supplementary Table B (Supporting Informa- of 63 085 four-point pharmacophores were ranked by
tion). The compound metegoline was assigned to Pgpinformation conterff and examined individually against the
substrate because it showed the largest percentage (84%) afanking from SAP. The overlap between the methods was
inhibition among all Calcein-AM assays in Mahar Doan et determined for a series of ensemble sizes ranging flom
al.’s work. The compound zolmitriptan, with a membrane 1 to 1000. For example, for a size Nf= 100, there are 49
permeability A— B = 2.52 nm/s, was reportedly crossing pharmacophores present in both the SAP ensemble and the
the brain-blood barrie?® and clinically categorized as a jnformation-content ensemble: therefore, the overlapping rate
nonsubstrate of Pgff.in contrast, the molecule sumatriptan,  can he computed as 0.49. It turns out that both rankings yield

with a relatively higher membrane permeability-A B = ; ; )
3.99 nm/s, was reported not to cross the brditood barrier the same t(_)p two pharmacophores. As dgplcted in Supple
mentary Figure A (Supporting Information), when the

in the preclinical studi¢$ and exhibited the least CNS- ensemble size grows froM= 4 toN = 30, the overlapping

adverse effects among all triptan analogs, which may imply ) .
a borderline substrate. rate averages to about 0.65; frodn—= 30 to 180, it averages

The predicted and experimental results for the test set arel© 0-52 and can drop as low as 0.4@\at= 95; whenN >
given in Supplementary Table B (Supporting Information). 200, it shows a tendency to increase with an average of 0.68
In this set, 64 compounds were classified as Pgp nonsub-and rises to 0.80 & = 1000. In addition, different rankings
strates, and 55 of them were experimentally confirmed as for Ph2 and Ph4 through Ph9 are identified as 11, 717, 266,
true negatives, resulting in an accuracy of NPV85.9%. 30, 25, 1322, and 457, respectively. As a whole, both
Nine substrates including cetirizine, chloroquine, daunoru- pharmacophore rankings are consistent but not identical.
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CONCLUSION

In this study, a 3D pharmacophore approach was combined
with a statistical analysis methodology to develop a model

that differentiates Pgp substrates from nonsubstrates. Instead

of merely estimating the statistical significance of pharam-
cophores, permutations of activity classes of compounds were
utilized to compute the probability of called-by-chance
pharmacophores, and further to determine the optimal size

of the pharmacophore ensemble. The analysis revealed that

hydrogen-bond acceptors, aromatic rings, and hydrophobic

groups are essential features for substrate activity and that a

positive ionizable feature can also play a distinct role. A

simple and characteristic classification tree that comprises
only nine unique pharamcophores was developed from the
optimal ensemble of pharmacophores and achieved an overal
success rate of 87.7% for the training set and 87.6% for the

independent test set. In addition, the nine pharmacophores

from the classification tree also performed well individually
in identifying Pgp substrates. Furthermore, the Pgp model

has also demonstrated in-house success. A few hundred

compounds from more than 10 internal projects were
evaluated by the model, and 82% of the compounds flagged
for Pgp activity were confirmed in eithén vitro orin vivo
assay$?

The Pgp pharmacophore model developed here exhibits
particularly high degree of accuracy. Moreover, the model
also performs well on the independent internal data set,
further supporting the robust nature of the methodology. We
speculate that the exhaustive enumeration of the four-point

pharmacophore hypotheses and the robustness of the SAP

method are pivotal to success. The principle of the approach
is general and can be applicable to multiclass classification

as well as a regression analysis of quantitative targets such

as 1Gp assays or affinity measurements of ligairéceptor
binding.
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