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ABSTRACT
Using in vitro data, we previously built Catalyst 3-dimensional
quantitative structure activity relationship (3D-QSAR) models
that qualitatively rank and predict IC50 values for P-glycoprotein
(P-gp) inhibitors. These models were derived and tested with
data for inhibition of digoxin transport, calcein accumulation,
vinblastine accumulation, and vinblastine binding. In the
present study, 16 inhibitors of verapamil binding to P-gp were
predicted using these models. These inhibition results were
then used to generate a new pharmacophore that consisted of
one hydrogen bond acceptor, one ring aromatic feature, and
two hydrophobes. This model predicted the rank order of the
four data sets described previously and correctly ranked the
inhibitory potency of a further four verapamil metabolites iden-

tified in the literature. The degree of similarity in rank ordering
prediction by these inhibitor pharmacophore models generated
to date confirms a likely overlap in the sites to which the three
P-gp substrates used in these studies (verapamil, vinblastine,
and digoxin) bind. Alignment of the three substrate probes
indicated that they are likely to bind the same or overlapping
sites within P-gp. Important features on these substrates in-
clude multiple hydrophobic and hydrogen bond acceptor fea-
tures, which are widely dispersed and in agreement among
most of the five inhibitor pharmacophores we have described
so far. These 3D-QSAR models will be useful for future predic-
tion of likely substrates and inhibitors of P-gp.

P-glycoprotein (P-gp) is an efflux transporter highly ex-
pressed at the interface of many important organs with their
environment, where it acts as a barrier limiting exposure to
xenobiotics (Wandell et al., 1999a. In addition, P-gp expres-
sion in malignant cells has been associated with the multi-
drug resistance phenomenon resulting from the P-gp-medi-
ated active transport of anticancer drugs from the
intracellular to the extracellular compartment (Wandell et
al., 1999a. Interestingly, CYP3A4, a drug-metabolizing en-
zyme with broad substrate specificity, seems to coexist with
P-gp in organs such as the intestine and liver. These obser-
vations lead to the hypothesis that there may be an interre-
lationship between these two proteins in the drug disposition
process. Wacher et al. (1995) described the overlapping sub-
strate specificity and tissue distribution of CYP3A4 and P-gp.
Schuetz et al. (1996) found that modulators and substrates

coordinately up-regulate both proteins in human cell lines.
Similarly, P-gp mediated transport was found to be impor-
tant in influencing the extent of CYP3A induction in the
same cell lines as well as in mice (Schuetz et al., 1996). More
recent data have suggested that there may be a dissociation
of inhibitory potencies for molecules against these proteins.
Although some molecules can interact with CYP3A4 and
P-gp to a similar extent, for the most part the potency of
inhibition for CYP3A4 did not predict the potency of inhibi-
tion for P-gp and vice versa (Wandell et al., 1999a. Moreover,
not all CYP3A substrates, such as midazolam and nifedipine,
are P-gp substrates (Kim et al., 1999). Thus, although there
seems to be a relationship between the active sites of
CYP3A4 and P-gp, it is not absolute.

To account for the observed broad substrate specificities for
both CYP3A4 and P-gp, the presence of multiple drug bind-
ing sites has been proposed (Greenberger et al., 1990; Ekins
et al., 1998; Korzekwa et al., 1998; Houston and Kenworthy,
2000). The first elegant signs of a complex behavior deter-
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mined experimentally for P-gp appeared in 1996, when coop-
erative, competitive, and noncompetitive interactions be-
tween modulators were found to interact with at least two
binding sites in P-gp (Ayesh et al., 1996). The multiple site
hypothesis was confirmed by other groups (Dey et al., 1997;
Scala et al., 1997; Shapiro and Ling, 1997). Subsequent re-
sults have indicated there may be three or more binding sites
(Shapiro et al., 1999). Steady-state kinetic analyses of P-gp
mediated ATPase activity using different substrates indi-
cates these sites can show mixed-type or noncompetitive
inhibition indicative of overlapping substrate specificities
(Wang et al., 2000). Other researchers have determined that
immobilized P-gp demonstrates competitive behavior be-
tween vinblastine and doxorubicin, cooperative allosteric in-
teractions between cyclosporin and vinblastine or ATP, and
anticooperative allosteric interactions between ATP, vinblas-
tine, and verapamil (Lu et al., 2001). Clearly allosteric be-
havior by multiple substrates, inhibitors, or modulators of
CYP3A4 or P-gp complicates predicting the behavior and
drug-drug interactions of new molecules in vivo and has
important implications for drug discovery.

Recently we have described how computational approaches
can be used to predict inhibition of P-gp–mediated transport
of digoxin, calcein accumulation, vinblastine accumulation,
and vinblastine binding (Ekins et al., 2002). From this work,
we hypothesized that vinblastine and digoxin are likely to
bind a single site because strong correlations between the
two models were observed. In the present study, the utility of
the newly-derived computational models was tested further

using available literature data on verapamil–P-gp binding in
vinblastine-induced Caco-2 cells (Neuhoff et al., 2000). In
addition, a new P-gp inhibition pharmacophore was con-
structed using the verapamil binding data and tested with
the previously generated data. Finally, a P-gp substrate
pharmacophore was produced using an alignment of vera-
pamil and digoxin onto which vinblastine was fitted. Analy-
ses of data using these computational models confirms that
verapamil may interact with the vinblastine/digoxin binding
site(s) in P-gp.

Materials and Methods
In Vitro Studies. In vitro procedures for inhibition of P-gp using

digoxin, calcein, and vinblastine as substrate probes with different in
vitro systems have been described previously in detail (Ekins et al.,
2002). Other experimental data was obtained from the literature for
inhibition of racemic [3H]verapamil binding to P-gp in vinblastine
induced Caco-2 cells (Neuhoff et al., 2000).

Molecular Modeling. The computational molecular modeling
studies were carried out using Silicon Graphics Octane and O2 work-
stations. Molecular structures were used as SMILES (Simplified
Molecular Input Line Entry System) string format (Weininger, 1988)
or imported from the ISIS MDDR-3D database (version 2000.2; MDL
information Inc., San Leandro, CA).

Modeling with Catalyst. Briefly, models were constructed as
described previously (Ekins et al., 2002) using Catalyst version 4.5
(Molecular Simulations, San Diego, CA) after importing the molec-
ular structures for molecules (Fig. 1) used in the in vitro studies
(Ekins et al., 2002) and from the literature (Wandell et al., 1999a

Fig. 1. Molecules used for modeling with an LY number.
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Neuhoff et al., 2000). The three-dimensional molecular structures
were generated as described previously for CYP3A4 (Ekins et al.,
1999a). In this study, the data for 16 inhibitors of verapamil binding
(Table 1) were each treated as follows. For each molecule in either
the training or test sets, the number of conformers generated using
the ‘best’ functionality for each inhibitor was limited to a maximum
number of 255 (with an energy range of 20 kcal/mol). Ten hypotheses
were generated using these conformers for the 16 inhibitor training
sets and the IC50 values. This was possible after selection of the
following features for the inhibitors; hydrogen bond donor, hydrogen
bond acceptor (defined by Catalyst as nonbasic amines that have a
lone pair, sp or sp2 nitrogens, sp3 oxygens or sulfurs, and sp2
oxygens), hydrophobic (aromatic rings and aliphatic chains), and
ring aromatic. After assessing all 10 hypotheses generated, the low-
est energy-cost hypothesis was considered the best, because it pos-
sessed features representative of all the hypotheses. The total energy
cost of the generated pharmacophores can be calculated from the
deviation between the estimated activity and the observed activity,
combined with the complexity of the hypothesis (i.e., the number of
pharmacophore features). A null hypothesis can also be calculated
that presumes that there is no relationship in the data and the
experimental activities are normally distributed about their mean.
Hence, the greater the difference between the energy cost of the
generated hypothesis and the energy cost of the null hypothesis, the
more likely it is that the hypothesis does not reflect a chance corre-
lation.

The quality of the structure activity correlation between the esti-
mated and observed activity values was estimated by means of an r2

value. Statistical significance of the retrieved hypothesis was veri-
fied by permuting (randomizing) the response variable 10 times (i.e.,
the activities and structures of the training set compounds were
mixed 10 times), so that each value was no longer assigned to the
original molecule, and the Catalyst hypothesis generation procedure
was repeated.

Structural relationships between the P-gp substrates verapamil,
vinblastine, and digoxin were initially assessed using the common
features function (HIPHOP(Ekins et al., 1999b)] in Catalyst. Ulti-
mately, however, vinblastine required fitting to the result of the
digoxin and verapamil alignment. This alignment was then used
with fast-fit and best-fit procedures to assess how the substrates
might orient within the P-gp binding site. Fast-fit refers to the
method of finding the optimum fit of the substrate to the hypothesis
among all the conformers of the molecule without performing an
energy minimization on the conformers of the molecule. The best-fit

procedure starts with fast-fit and allows individual conformers to
flex over a given energy threshold of 20 kcal/mol. This allows exam-
ination of more conformational space and minimizes the distance
between the center of the hypothesis features and their mapping to
atoms on the molecule. The result of the best-fit procedure is a
conformer whose energy is generally higher than the starting one
(Catalyst tutorials release 3.0; MSI, San Diego, CA.).

Validation of the Catalyst Models. The various test sets con-
tained molecules with IC50 or Ki values not included in the initial
training sets as described previously. These test set molecules were
fit by the fast-fit algorithm to the respective Catalyst models to
predict an IC50 value as described previously for CYP3A4 (Ekins et
al., 1999a).

Statistical Evaluation of Test Set Predictions. Observed and
predicted inhibition data were graphed (data not shown) and fit
using Excel 97 (Microsoft, Redmond, WA) to generate an r2 value. In
all cases, the few molecules that were present in the training set
were excluded from the subsequent correlation analysis. This data
was also analyzed using the nonparametric Spearman’s Rho test
available in JMP 4.0.2 (SAS Institute Inc., Cary, NC). This test
represents a correlation coefficient computed on the relative rank of
the data values and not the values themselves.

Results
To elucidate likely binding sites of P-gp, the present study

used a computational approach to model in vitro data ob-
tained from the literature and our own laboratories. The
Catalyst pharmacophore method generates models of the
position of important ligand features in three-dimensional
space, which may ultimately relate to features within P-gp
itself. These three-dimensional models were achieved by as-
sessing multiple conformations of each ligand alongside the
experimental inhibition data. The end result is a computa-
tional model that can be used to predict how other molecules
might inhibit P-gp solely by providing the structure to the
software, which then attempts to fit the numerous conforma-
tions of the molecule as close to the centroids of the pharma-
cophore features as possible. Computational models derived
from inhibition of digoxin transport in Caco-2 cells, vinblas-
tine, and calcein accumulation in P-gp–expressing LLC-PK1
cells as well as vinblastine binding in vesicles derived from

TABLE 1
Inhibition of verapamil binding (Neuhoff et al., 2000) predicted using previously generated pharmacophore models

Molecule Observed
IC50

Predicted IC50 Predicted Ki

Digoxin
Transport

Model

Vinblastine
Binding
Model

Vinblastine
Accumulation

Model

Calcein
Accumulation

Model

�M �M

4-Hydroxycarvedilol 127.86 34 8.3 30 81
5-Hydroxycarvedilol 188.3 19 8.4 24 55
Acebutolol 2792 340 8.4 700 410
Carvedilol 13.73 37 8.4 11 78
Desmethylcarvedilol 97.6 34 8.4 25 79
Diacetolol 3520 7700 1700 890 420
Dilevalol 1185 4500 9 57 410
Gallopamil 1.63 6.8 5.6 1 11
Labetalol 2194 5200 8.4 62 400
Norgallopamil 5.46 21 8.4 0.95 11
Norverapamil 4.24 8.3 4.1 2.9 35
Omeprazole 89 26 8.3 10 22
Propranolol 573 250 1700 90 410
Talinolol 2271 1100 8.7 890 410
Verapamil 1.48 –a –a 0.84 7.9
Tiapamil 12.02 6.3 8.4 1.5 130

a Molecule in the training set.
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CEM/VLB100 cells (Ekins et al., 2002) were used to rank the
experimental data for inhibition of verapamil binding in
Caco-2 cells (Neuhoff et al., 2000). Additionally, these same
data sets were used to test the pharmacophore built using
literature data for the inhibition of verapamil binding in
Caco-2 cells (Neuhoff et al., 2000).

The previously generated digoxin pharmacophore (Ekins
et al., 2002) was assessed; the data from the inhibition of
verapamil binding was derived from a recent publication
(Neuhoff et al., 2000) (Table 1). The digoxin pharmacophore
model provides a good rank ordering of P-gp inhibition; all
predictions are within a log cutoff of the observed value.
When these predictions are analyzed, the r2 value was 0.55
and the Spearman’s Rho coefficient of 0.87 (p � 0.0001)
suggesting the previously generated Catalyst model for inhi-
bition of digoxin transport produces a significant rank order
for these 15 molecules. The Catalyst pharmacophore for in-
hibition of vinblastine binding was less predictive of the
verapamil binding inhibition data; eight molecules fell out-
side the log unit cutoff and r2 value was 0.15 (Table 1).
However, the Spearman’s Rho coefficient of 0.70 (p � 0.0034)
indicated a significant rank ordering. The vinblastine accu-
mulation pharmacophore (Table 1) predicted the data well;
only two molecules were outside the log unit cutoff, yielding
an r2 value of 0.76 and a Spearman’s Rho coefficient of 0.96
(p � 0.0001). The calcein accumulation pharmacophore (Ta-
ble 1) also predicted the data well, with only two molecules
predicted outside the log cutoff, yielding an r2 value of 0.72
and a Spearman’s Rho coefficient of 0.89 (p � 0.0001).

Next, a P-gp model was built using Catalyst with the
inhibition of verapamil binding data (Neuhoff et al., 2000).
These data generated a pharmacophore with 4 features: two
hydrophobic, one hydrogen bond acceptor, and one ring aro-
matic feature (Fig. 2). The correlation of observed and pre-
dicted data possessed an r2 value of 0.96 and fitted the
inhibitors well (Fig. 3). The total energy cost of this pharma-
cophore was 75.2 units, lower than the null cost (101.1 units).
Permuting the activity and structures for the published data
for inhibition of verapamil binding 10 times resulted in a
lower r2 value (0.72) and higher energy cost (87.4).

The inhibition of verapamil binding pharmacophore
seemed valuable in predicting the inhibition of vinblastine
binding (Table 2). Although 14 of 21 molecules were pre-
dicted outside the log unit cutoff, an r2 value of 0.89 and a

Spearman’s Rho coefficient of 0.55 (p � 0.011) were obtained.
Predictions by the inhibition of verapamil binding pharma-
cophore for the inhibition of digoxin transport data set ex-
ceeded the log unit cutoff in most cases (Table 3), yielding an
r2 value of 0.28 and a Spearman’s Rho coefficient of 0.64 (p �
0.0005). Predictions by the inhibition of verapamil binding
pharmacophore for the inhibition of vinblastine accumula-
tion data (Table 4) were comparable with the digoxin trans-
port data [r2 � 0.28 and Spearman Rho coefficient of 0.68
(p � 0.0024)], even though nine molecules were poorly pre-
dicted. The ability of the inhibition of verapamil binding
pharmacophore to rank the calcein accumulation data (Table
4) was considerably poorer, because the r2 � 0.019 and the
Spearman Rho coefficient was 0.4 and not statistically sig-
nificant. However, this latter model had only four molecules
that exceeded the log unit cutoff for the prediction error.

When all five Catalyst pharmacophores generated by our
laboratories were used to rank the inhibition of P-gp–medi-
ated verapamil transport by verapamil metabolites (Table 5),
all models predicted D-703 and norverapamil as more potent
than D-617 and D-620, in keeping with experimental data
(Pauli-Magnus et al., 2000). All five P-gp inhibitor pharma-
cophores generated in this and a previous study were also
merged in Catalyst in an attempt to uncover features that
could occupy similar regions in space (Fig. 4). This analysis
suggested the presence of at least four distinct groupings of
features, consisting of two hydrophobic domains at the ex-
tremes of the figure along with a hydrogen bond acceptor
region and ring aromatic region, both near one of the hydro-
phobic domains.

The common features of pharmacophore alignment of the
P-gp substrates verapamil and digoxin and subsequent fit-
ting of vinblastine to this alignment revealed numerous con-
served pharmacophore features (Fig. 5, A and B). The fast
alignment (Fig. 5A) suggested a less extended conformation
for digoxin than using the best-fit approach (Fig. 5B). All
three substrates were predicted to possess multiple hydro-
phobic and hydrogen bond acceptor features at their extrem-
ities, pointing to these as important characteristics of sub-
strates binding at this site within P-gp.

Discussion
We have shown previously that structurally diverse P-gp

inhibitors can be used to generate three-dimensional quan-
titative structure-activity relationship models that signifi-
cantly rank the ability of agents not in the training set to
inhibit P-gp (Ekins et al., 2002). Subsequently, these models
provide us with a means to computationally predict whether
a molecule is likely to interact with P-gp in vitro from its
three-dimensional structure alone. Our four distinct pharma-
cophores derived from different in vitro systems contained a
combination of hydrogen bond acceptors, hydrogen bond do-
nors, hydrophobes, and ring aromatic features, and most
displayed cross predictivity (Ekins et al., 2002). This work
also indicated some degree of overlap for the binding site(s)
probed by digoxin and vinblastine. In the present study, we
have extended this work using literature data for inhibition
of verapamil binding, to produce a fifth P-gp pharmacophore
that has been used to predict the other four data sets (Neu-
hoff et al., 2000). In addition, we used this data and other
published data (Pauli-Magnus et al., 2000) to test our models

Fig. 2. P-gp verapamil binding inhibition pharmacophore; n � 16 data
points from Neuhoff et al. (2000) (orange, ring aromatic feature; green,
hydrogen bond acceptor; and cyan, hydrophobic features).
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to date. In the process of this work, we have suggested that it
is likely that some of the P-gp substrates used may bind at a
similar site and this was evaluated using an alignment of
substrates.

All four previously generated pharmacophores for P-gp
inhibition were useful in producing statistically significant
rank ordering of the verapamil binding inhibition data used
in this study (Table 1). The Catalyst model built with these
16 P-gp inhibitors of verapamil binding was also predictive
using the Spearman’s Rho rank-ordering of data generated in
our previous work based on inhibition of digoxin transport,
vinblastine binding, and vinblastine accumulation (Tables
2–4). Our findings suggest that vinblastine, verapamil, and
digoxin have an overlapping affinity for similar or identical
binding site(s) within P-gp. Merging all five pharmacophores
derived to date suggest the presence of clearly defined re-
gions in space occupied by clusters of identical features such
as hydrophobes, hydrogen bond acceptors, and ring aromatic

features (Fig. 4). This in itself is interesting, because this
figure represents the sum of different substrate probes and
experimental systems for evaluating P-gp. To some extent,
the inhibition pharmacophore for calcein accumulation over-
laps with the other four inhibition pharmacophores.

The hypothesis that some of the substrate probes for P-gp
bind similar sites was tested further by aligning verapamil
and digoxin to assess likely common features followed by
fitting vinblastine to this substrate model (Fig. 5, A and B).
All three molecules generated extended conformations; hy-
drophobic and hydrogen bond acceptor features were com-
mon to all. These in turn were distributed toward the extrem-

Fig. 3. Molecule Lu-47474 fitted to the
P-gp verapamil binding inhibition phar-
macophore; n � 16 data points from Neu-
hoff et al., (2000) (orange, ring aromatic
feature; green, hydrogen bond acceptor;
and cyan, hydrophobic features).

TABLE 2
Test set molecules for inhibition of vinblastine binding predicted using
inhibition of the verapamil binding model

Molecule Observed IC50 Predicted IC50

�M

Verapamil 22.6 –a

Vinblastine 6 93
Vincristine 15 390
Actinomycin D 17 83
Etoposide 6 120
Paclitaxel 24 400
LY 311306 1 4.4
Mitomycin C �400 5500
Doxorubicin 72 130
Colchicine 89 3000
TMBY (LY209662) 3.2 86
LY292540 4 4.8
LY296097 1.5 5.5
GF120918 0.009 72
LY335984 0.053 92
LY350344 0.12 72
LY335977 0.29 74
LY335981 0.33 96
LY335980 0.25 94
LY335979 0.059 93
LY335983 0.12 100

a Molecule in the training set.

TABLE 3
Digoxin transport IC50 predictions with the inhibition of verapamil
binding model

Molecule Observed IC50 Predicted IC50

�M

Caffeine �100 1800
S-mephenytoin �100 4500
Tolbutamide �100 290
Chlorzoxazone �100 5200
Morphine �100 700
Alfentanilb 112 93
Debrisoquine �100 6600
Sufentanilb 4.2 2700
Fexofenadine �100 110
Fentanylb 6.5 1300
Loperamideb 2.7 300
CP 69042a 2.3 69
Indinavir 44 100
Quinidinea 2.2 120
Nelfinavir 1.4 240
Saquinavir 6.5 100
Verapamila 2.1 –c

Mibefradil 1.2 160
Ketoconazole 1.2 110
CP 12379a 0.7 82
CP 147478a 0.14 10
CP 114769a 0.3 40
CP 117227a 0.074 59
CP 101556a 0.6 73
LY335979a 0.024 130
CP 114416a 0.036 76
CP 100356a 0.114 69

a IC50 data previously published in Wandell et al. (1999a).
b IC50 data presented as an abstract by Wandell et al. (1999b).
c Molecule in the training set.
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ities of the aligned molecules. Therefore, this P-gp substrate
pharmacophore (Fig. 5, A and B) seems to be consistent with
the features present in some of the inhibitor pharmacophores
generated previously (Ekins et al., 2002) and for verapamil in
this study (Figs. 2 and 3). The alignment of other known P-gp
modulators such as trimethoxybenzoylyohimbine (TMBY)
and reserpine was evaluated (Fig. 6) with the P-gp substrate
model derived from the verapamil and digoxin alignment.
Both TMBY and reserpine molecules fit to multiple features
in the extended conformations; these were found to be similar
to verapamil in the case of reserpine. This finding is in
agreement with previous work that had aligned reserpine
analogs using different computational software (Pearce et al.,
1989). In addition, this provides additional support to our
suggestion that vinblastine, verapamil, and digoxin are
likely to bind similar sites in P-gp. Our findings are also
consistent with available data, which show TMBY and vera-
pamil bind to a single or overlapping site in a human leuke-
mic cell line (Shepard et al., 1998) and that TMBY is a
competitive inhibitor of vinblastine binding to P-gp (Dantzig
et al., 1996). In addition, LY335979 has been shown to com-
petitively block vinblastine binding (Dantzig et al., 1996) and
vinblastine competitively inhibits verapamil stimulation of
P-gp–ATPase (Shepard et al., 1998). Our recent in vitro and
in silico approaches seem to confirm the chemical features

important for binding this site as either substrates or inhib-
itors.

When the P-gp models in this and previous studies are
compared with pharmacophores for inhibitors and substrates
of CYP3A (Ekins et al., 1999a,b), there is some similarity
between these pharmacophores (Ekins et al., 2002). Both
proteins share pharmacophores with multiple hydrophobic
features and at least one hydrogen bond acceptor feature but
in slightly different arrangements. This might explain why
potent CYP3A4 inhibitors are not necessarily potent P-gp
inhibitors (Wandell et al., 1999a or substrates (Kim et al.,
1999). This could also help clarify the independent nature of
the relationship between ligands of these two proteins.

The utility of the P-gp inhibitor pharmacophores produced
to date can be assessed by using them to predict the rank
order of potential P-gp inhibitors not present in the models. A
recent publication described data for the varying potency of
P-gp inhibition of verapamil metabolites (Pauli-Magnus et
al., 2000). We used each pharmacophore model to predict the
likely IC50 of the four verapamil metabolites D-617, D-620,
D-703, and norverapamil (Table 5). All five pharmacophores
were able to correctly identify the least potent P-gp inhibitors
as D-617 and D-620. These molecules are more likely to be
hydrophilic as suggested previously for low-affinity inhibi-
tors of binding at the verapamil site (Neuhoff et al., 2000).
Two of the pharmacophores based on inhibitors of digoxin or
verapamil binding provided useful quantitative predictions
for the inhibition of verapamil transport with verapamil me-
tabolites. The digoxin pharmacophore performed particularly
well with the potent inhibitors D-703 and norverapamil that
fit the majority of the features in the models. The third model
based on inhibitors of vinblastine binding failed with D-703

Fig. 4. Five merged P-gp inhibition pharmacophores defining common
areas of hydrophobicity, hydrogen bonding, and ring aromatic features
(orange, ring aromatic feature; green, hydrogen bond acceptor; purple,
hydrogen bond donor; and cyan, hydrophobic features)

TABLE 4
Vinblastine accumulation and calcein accumulation IC50 predictions
with the inhibition of verapamil binding model

Molecule

Observed Ki
Predicted IC50

Verapamil
Binding Model

Vinblastine
Accumulation

Model

Calcein
Accumulation

Model

�M �M

Ergometrine 100 115.5 4500
Troleandomycin 87.64 483.3 2000
Amiodarone –a 5.78 47
Clotrimazole 29.92 44 2800
Erythromycin 37.79 1000 320
Fluconazole 400 1000 2700
Ketoconazole 5.27 24.9 90
Miconazole 26.36 55.5 340
Reserpine 0.97 12.2 78
Dihydroergotamine 119.94 1000 120
Ergocornine 24.5 105.2 100
Ergocristine 13.33 42.8 82
Ergotamine 14.25 98.9 83
Bromocriptine 3.96 2.81 89
Ergocryptine 6.43 12.2 120
Dihydroergocristine 16 511 77
Dihydroergocryptine 19.82 360.5 94
Cyclosporin 1.3 4.66 160

a Data not generated.

TABLE 5
Prediction of the extent of inhibition of P-gp by the major metabolites of verapamil using pharmacophore models described in this and a previous
study

Molecule In Vitro IC50
a

Predicted IC50 Predicted Ki

Digoxin
Transport

Model

Vinblastine
Binding
Model

Verapamil
Binding

Vinblastine
Accumulation

Calcein
Accumulation

�M �M �M
D-617 �100 35 88 96 83 440
D-620 �100 16 95 88 87 420
D-703 1.6 0.74 79 5 1.7 35
Norverapamil 0.3 0.3 2 4.1 2.9 6.6

a Pauli-Magnus et al. (2000).
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in that the prediction exceeded 1 log order of magnitude.
These predictions for verapamil metabolites are perhaps not
totally unexpected in that all three of these models used
verapamil as a training set member. However, the digoxin
model used a much higher IC50 value for verapamil making
it one of the less potent inhibitors, which might explain its
lesser predictive ability in this case. Our models for inhibi-
tion of vinblastine and calcein accumulation differed in that

the latter, although generating the correct rank order, was
less quantitative in the nature of the predictions.

In conclusion, we have confirmed our previous suggestion
that digoxin and vinblastine are likely to bind a similar or
overlapping P-gp binding sites by using data from inhibition
of verapamil binding as an additional test case. It seems
increasingly likely that some P-gp substrates possess com-
mon structural features dominated by hydrophobic features
as well as hydrogen bond acceptor features. These features
are naturally present on many of the P-gp inhibitors evalu-
ated in this and other studies (Ekins et al., 2002). The correct
alignment of these molecular features with the P-gp binding
site will result in a potent inhibitory interaction. We now
have a computational means to predict likely inhibition of
P-gp substrate probes, and undoubtedly, at some point, quan-
titatively predictive substrate models will be generated that
will expand upon the simple substrate alignment model pre-
sented in this study. With the understanding that there may
be multiple binding sites within P-gp, we have shown that
pharmacophores represent useful tools for classifying and
characterizing substrate-binding site interactions. We have
also shown this technique has the potential to enhance our
understanding of a complex transporter such as P-gp in the
absence of a crystal structure.
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