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Abstract—Acquired long QT syndrome (LQTS) occurs frequently as a side effect of blockade of cardiac HERG K* channels by
commonly used medications. A large number of structurally diverse compounds have been shown to inhibit K* current through
HERG. There is considerable interest in developing in silico tools to filter out potential HERG blockers early in the drug discovery
process. We describe a binary classification model that combines a 2D topological similarity filter with a 3D pharmacophore
ensemble procedure to discriminate between HERG actives and inactives with an overall accuracy of 82%, with false negative and
false positive rates of 29% and 15%, respectively. This model should be generally applicable in virtual library counterscreening

against HERG.
© 2004 Elsevier Ltd. All rights reserved.

1. Introduction

Long QT syndrome (LQTS) is an abnormality of car-
diac muscle repolarization that is characterized by the
prolongation of the QT interval of the surface electro-
cardiogram.! LQTS is associated with a predisposition
for torsades de pointes, a ventricular arrhythmia that
can spontaneously degenerate to ventricular fibrillation
and cause sudden death.? Inherited LQTS is a genetic
disease that results from either delayed inactivation of
the inward Na® channel or a decrease in the current
carried by one or more K* channels representing gain
and loss of function mutations, respectively.’

Human ether-a-go-go related gene (HERG) encodes
a-subunits that assemble to form pores conducting the
rapid delayed rectifier K* current (/i) in the heart.*3
This channel contributes to phase 3 repolarization by
opposing the depolarizing Ca** influx during the pla-
teau phase.> Over 90 different reported HERG muta-
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tions, including deletions, insertions, and missense
mutations can cause Type 2 congenital LQTS, primarily
by disrupting trafficking of the HERG from the endo-
plasmic reticulum to the plasma membrane.®’

In recent years, several non-antiarrhythmic drugs have
been withdrawn from the market following reports of
QT interval prolongation.>® This effect has become a
surrogate marker for cardiotoxicity, and has received
increasing regulatory attention.* HERG has become the
focus of many in vitro studies as most of the QT-pro-
longing drugs have been shown to inhibit Z,.>!°
Although other potassium currents may also account
for a prolongation of cardiac action potential duration,
it is HERG K* channel blockade that appears to be the
major culprit. While HERG inhibition forms the basis
for the activity of class 111 antiarrhythmics, for all other
drugs it represents a significant shortcoming.?® Efforts
to screen out potential HERG inhibitors early in the
development process have generated considerable
interest.” !4

The molecular basis of HERG channel blockade is not
well understood, in large part due to the lack of an
experimental atomic resolution structure for the trans-
membrane complex. The key residues primarily
responsible for the high affinity interaction of HERG
channels with a number of known ligands, such as
cisapride, terfenadine, quinidine, dofetilide, and
MK499, were identified by site-directed mutagene-
sis.’>'7 Two such residues, Y652 and F656, both located
in the S6 transmembrane domain, have been shown to
be critical in forming the ligand-binding cavity.!
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Mutagenesis data was corroborated with homology
modeling based on the known structure of KcsA, a
bacterial K* channel.'”® The two aromatic residues were
implicated in m-stacking and cation-n interactions
with the ligands. In another recent study, Sanguinetti
and co-workers showed that positioning of Y652/F656
with respect to the central cavity of the channel was
responsible for different sensitivities to drug blockade
between HERG and structurally related eag channels.!”
In the absence of a high-resolution structure of the
HERG channel, several groups used ligand-based
approaches to rationalize the observed structure—activ-
ity relationship for HERG inhibition. Ekins et al. de-
rived a HERG pharmacophore model containing four
hydrophobic features and one positive ionizable feature
using in vitro HERG binding data for a training set of
15 molecules from the literature, and demonstrated its
predictive ability on a test set containing 22 molecules.’
Proposed positive-to-hydrophobe distances were 5.2,
6.2, 6.8, and 7.5A. Cavalli et al. constructed a phar-
macophore based on an initial set of 31 QT-prolonging
drugs for which the HERG K% channel blocking
activity was measured in transfected mammalian cells.'”
The proposed pharmacophore contained three aromatic
moieties connected through a positively charged
tertiary amine. Separation of 5.2-9.1, 5.7-7.3, and 4.6
7.6 A between the nitrogen and the aromatic moieties
was proposed.'” CoMFA analysis was then carried out,
and testing was performed by predicting activity of six
molecules not included in the training set. Pearlstein and
co-workers recently analyzed a set of 32 HERG blockers
using CoMSiA.!* Based on a complementary relation-
ship between CoMSIA results and a homology model of
HERG constructed from the crystal structure of the
open MthK potassium channel, the authors proposed
that the inhibitors bound to HERG orient the ligand
long axis along the pore axis, with hydrophobic features
located at the intracellular mouth of the channel, and a
m-cation interaction with Y652. Buyck et al. recently
reported a decision tree-based approach to constructing
a HERG binding model using calculated physicochem-
ical descriptors.!! The final model contained three
descriptors—calculated log P (Clog P), calculated molar
refractivity, and the pK, of the most basic nitrogen. The
molecules were flagged as HERG ligands if they satisfied
the following three conditions:

(i) ClogP >= 3.7 (sufficient lipophilicity),
(i) —110 =< Calculated molar refractivity <176 (size
constraint),
(iii) maximum pK, >="7.3 (positive charge).

Presence of an acidic functionality and larger topologi-
cal surface area (TPSA) were proposed as two addi-
tional features that favored HERG binding.!! Similar
conclusions were reached by Schneider and co-workers,
who developed a QSAR model based on a supervised
neural network for classification of HERG channel
blockers.?

Herein we compare performance of a number of differ-
ent computational filters for potential HERG inhibitors.
In a series of related methods a collection of 2D topo-

logical similarity screens was applied to the set of known
actives and inactives. Alternatively, an automated
pharmacophore ensemble generation procedure was
performed using the same training set. In all cases,
compound classification is approached in a binary
fashion, separating the dataset into actives and inactives
based on a chosen threshold. We demonstrate that a
combination of these approaches in a ‘veto’ format (a
molecule flagged by either method is considered a
potential HERG ligand) provides for an efficient model
for rapid screening of large virtual libraries designed to
screen out molecules with potential HERG liabilities.
The advantages of this approach include ability to
rationalize predictions based on structural similarity to,
as well as presence or absence of specific pharmacophore
features shared by known HERG blockers. To illustrate
this, a novel pharmacophore feature is being proposed
based on our results to better describe the pharmaco-
phore space associated with a potential to block HERG
K™ channels.

2. Results and discussion

An ensemble pharmacophore model was chosen as the
primary screen for HERG channel blockers. The
application of 3D pharmacophore descriptors to
screening by molecular similarity and binding site
complementarity has been reviewed before.!” Pharma-
cophore descriptors are generated from conformation-
ally expanded libraries and represent a mapping of
standard pharmacophore features and interfeature dis-
tances across the conformer library into a single bit
string. Ensemble pharmacophore models have been
previously applied to lead evolution® as well as design
of virtual filters.?! The results for the pharmacophore-
based HERG binding model are reported in Table 2.
They represent 50 separate cross-validation trials on
randomly selected ~20% holdout sets. The best results
for these were obtained when using pharmacophore
score of 7.5 as a threshold in the classification scheme.
The model correctly identified 60% of positives (HERG
actives), and 90% of negatives in the training set,
resulting in overall accuracy of 84%. When challenged
with the holdout set, the model classified 79% of mole-
cules correctly. Nearly half of known actives were pre-

Table 1. Model evaluation criteria

% Predicted HERG actives among
HERG actives

% Predicted HERG actives among
HERG inactives

% Predicted HERG inactives among
HERG inactives

% Predicted HERG inactives among
HERG actives

% PPV (positive predic- % Chance that positive prediction is
tive value) correct

% NPV (negative predic- % Chance that negative prediction is
tive value) correct

% Accuracy % Correct overall predictions

% True positives
(sensitivity)
% False positives

% True negatives
(specificity)
% False negatives
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Table 2. HERG dataset classification results®

Sensitiv- (1-Specific- % Accuracy?
ity * 100%° ity) * 100%¢
VPharm-FP 47+13 135 79
TOPO 47+6 9+3 82
AP 47+5 9+3 82
TT 41+18 114 79
CATSIM 416 93 80
VPharm-FP/ 5916 11+3 83
TOPO
VPharm-FP/ 716 155 82
TOPOI/AP
JnJ 18 9 76

#Mean and standard deviation presented for 50-fold cross-validation
except for the implementation of the HERG model by Buyck et al.'!
(labeled JnJ).

04 Predicted HERG actives among HERG actives (% predicted true
positives).

€% Predicted HERG actives among HERG inactives (% predicted
false positives).

494 Correct overall predictions.
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Figure 1. Molecular weight distributions of compounds under study.

dicted to exhibit HERG inhibitory profile, while keeping
the false positive rate in check at 13%. The averaged
enrichment plots for the holdout set representing 50
cross-validation runs are shown in Figure 3.

We were interested in comparing the performance of the
3D pharmacophore model to a simpler 2D topology-
based procedure. We have in the past found the sub-
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Figure 2. Rotatable bond distributions of compounds under study.
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Figure 3. HERG dataset classification using ensemble pharmacophore
models. The plot of the fraction of molecules versus ensemble score
shows the average results of 50-fold cross-validation. The individual
curves depict classification of positive (blue) and negative (black) test
sets using VPharm-FP. Also shown are the results of a combined
VPharm-FP/TOPO procedure for the positive (green) and negative
(red) test sets. Dotted line indicates the optimal Vpharm-FP score
cutoff of 7.5. VPharm-FP/TOPO model outperforms VPharm-FP
when used alone for HERG dataset classification.

structure descriptors developed at Lederle, topological
torsions??> and atom pairs,> useful by enabling to dis-
cover active compounds in different chemical classes
starting from a probe with an interesting biological
activity. Accordingly, these metrics were chosen for
evaluation separately, as well as in amalgamated TOPO
form (see Methods). A set of five most topologically
similar molecules within the test set was generated for
every molecule in the holdout set, followed by a vote to
determine the outcome of the prediction. This procedure
was repeated 50-fold on the cross-validation holdout
sets described above. For the TOPO procedure, the
overall accuracy in classifying HERG blocking pro-
pensity was 82%, with a 47% rate for recovery of HERG
actives, and a false positive rate of 9% (Table 2). Similar
results were obtained for atom pair scoring, with a false
negative rate of 53%, a false positive rate of 9%, and
overall classification accuracy of 82%. When topological
torsion metric was used for predicting HERG blockade,
accuracy declined to 79%, much of it driven by an
increase in the rate of false negatives to 59%, while the
false positive rate edged up to 11%. A novel 2D metric
termed CAT (chemically advanced template search) as
published by Schneider et al.?* at Roche has been pro-
posed to bridge the gap between topological and phar-
macophore similarity. Each node in a molecular graph is
assigned one of the following generalized atom types:
hydrogen bond donor (D), hydrogen bond acceptor (A),
positively charged (P), negatively charged (N), or lipo-
philic (L). Counting pairwise distances up to 10 bonds,
each molecule is represented with a 150-dimensional
vector. Euclidian distance between vectors can then be
used as a similarity metric. When applied to the HERG
dataset in the current study, CAT-based classification
was accurate 80% of the time, with a false negative rate
of 59% and a false positive rate of 9%.

Given the essentially identical performance of the 3D
and some of the 2D classification schemes, we wondered
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Table 3. Top pharmacophore hypotheses from VPharm-FP

Pharmacophore nodes F,F, F,F; F,F;
Fl F2 F3
1 Pos Ring Hyd 4.8-6.7 4.8-6.7 9.3-11.2
2 Pos Ring Hyd 4.8-6.7 6.3-8.2 3.3-5.2
3 Acc Pos Ring 4.8-6.7 1.8-3.7 6.3-8.2

if using them in combination would lead to improved
predictive ability. In order to assess the potential of this
approach, we analyzed the lists of true positives identi-
fied by the two methods. Interestingly, TOPO voting
failed to identify a total of 29 HERG actives, or 34% of
the positive dataset in the course of cross-validation.
This number was even higher for the ensemble phar-
macophore model, with 39 molecules (46%) never clas-
sified correctly at the chosen threshold. A comparison of
the two incorrectly classified sets revealed that only 19
HERG actives could not be identified by either proce-
dure. In an effort to increase recovery of the positives,
the ensemble pharmacophore model was used in com-
bination with the TOPO 2D similarity model in a ‘veto’
format. In this format, a molecule flagged by ecither
method is considered to be a potential HERG ligand.
The performance of the combined VPharm-FP/TOPO
model is shown in Figure 3. With a low VPharm-FP
cutoff the results approximated those with VPharm-FP
alone, while when a high VPharm-FP cutoff was used,
performance was identical to that of the TOPO simi-
larity model. However, at the optimal pharmacophore
cutoff of 7.5 identified previously, the combined model
outperformed either of the two single-component
methods, with 41% false negatives, 11% false positives,
and an overall accuracy of 83%. Superior predictive
power of the combined VPharm-FP/TOPO model in
comparison with TOPO or VPharm-FP alone argues
that their similar performance based on % recovery of
true positives and accuracy (Table 1) appears coinci-
dental.

In an effort to further increase the recovery of true
positives in the dataset, we looked into combining the
VPharm-FP/TOPO routine with the atom pair scoring
in a ‘veto’ format. Atom pair metric produced superior
performance compared to other individual 2D metrics

0.80 F/
0.60 /
0.40 /
0.20
0.00 0.'20 0.:10 0.'60 0.'80 1.00
1 - SPECIFICITY

SENSITIVITY

— VPharm-FP/TOPO/AP

Figure 4. ROC curve for VPharm-FP/TOPO/AP classification com-
bination. The enrichment curve is in magenta. The hypothetical line in
yellow is the no-enrichment level.

evaluated herein. Indeed, the combined VPharm-FP/
TOPO/AP procedure produced a lower false negative
rate of 29%, with a false positive rate of 15% and
accuracy of 82%. The corresponding positive and neg-
ative prediction rates (PPV and NPV, see Table 1) were
52% and 92%, respectively. A ROC curve for this
combination scoring procedure is shown in Figure 4.

We were interested in comparing the performance of our
HERG classification method to a decision tree-based
model by Buyck et al.!' Rule-based classification pro-
duced a large number of false negatives (82%), with a
false positive rate similar to our procedures (9%). The
overall accuracy was 76%. This result disputes a notion
that presence of a basic nitrogen in the molecule along
with sufficient hydrophobic character defines the HERG
blocking potential of a ligand. While indeed most
HERG blockers described to date appear to contain a
basic nitrogen functionality, and this fact is reflected in
our dataset as well, an even simpler assumption that
counting of the basic centers could be used as a quick
discrimination model is flawed. For instance, applica-
tion of this simple rule-based discrimination to our
dataset would correctly classify 88% (75 of 85) known
HERG actives as active, at the same time labeling 40%
(132 of 329) of known HERG inactives as active as well.
This approach would be appropriate if one were looking
for a set of compounds least likely to inhibit HERG.
However, the 40% false positive rate would almost cer-
tainly render this simplistic approach undesirable for use
as an in silico HERG prioritization filter in a drug dis-
covery program. To be suitable for use as such a filter,
the false positive predictions would need to be lower, so
as to not stifle creativity on the part of the medicinal
chemists, while a lower % recovery of true positives
could be tolerated, since any lead hopeful is expected to
undergo toxicological profiling, including assays that
address the potential for HERG inhibition.

In order to derive structural information from our
classification model, the best-performing pharmaco-
phores from VPharm-FP were analyzed. Over the 50
cross-validation runs three hypotheses consistently
provided the highest information content for distin-
guishing HERG actives from inactives. All three were
three-point pharmacophores, as shown in Table 3.
Hypotheses 1 and 2 represent an extended and a col-
lapsed version of a molecule containing two hydro-
phobes. Hypothesis 1 is in good agreement with a CO—
N-C2 pharmacophore subset by Cavalli et al.'?
(CO—C2 distance range of 10.3-14.7 A versus our pre-
dicted 9.3-11.2 A). Hypothesis 2 is closest to the CO-N—
C1 subset (CO-Cl1 distance 4.3-6.7 A versus 3.3-5.2 A).
Interestingly, hypothesis 3 places a hydrogen bond
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Figure 5. Structures of known HERG blockers fitted to pharmacophore 3, Table 3. The pharmacophore features are shown with spheres (hydrogen
bond acceptor, red; positive charge, blue; ring, gray). Structures are for (a) cisapride, (b) risperidone, (c) citalopram, and (d) droperidol.

acceptor within 1.8-3.7A of a centroid of an aromatic
ring, implying a spacer comprising one or two bonds.
Based on the F|F, and F,F; distances, the acceptor is
positioned between the positively charged nitrogen and
the aromatic ring. Indeed, a number of known HERG
ligands contain an acceptor functionality in a similar
arrangement, for example, the amide carbonyl in cisa-
pride, the isoxazole oxygen in risperidone, the ether
oxygen in citalopram, or the ketone carbonyl in dro-
peridol (see Fig. 5). Over 28% of the HERG positive
dataset contained the aforementioned pharmacophore,
compared to under 3% of the compounds in the HERG
negative set. While we have not been able to find analog
data in the literature that would unequivocally support
the role for the hydrogen bond acceptor in HERG
binding, it would be of interest to examine this issue
further.

Following cross-validation of the VPharm-FP/TOPO/
AP model we used an external dataset containing 15
compounds to test its performance. The dataset was
assembled from compounds tested internally in a high
throughput fluorescence-based assay, and contained
eight HERG channel blockers, most of them also con-
firmed by patch-clamp electrophysiology. The average
pairwise Tanimoto similarity between this dataset and
the training set of known HERG actives used to con-
struct the model was calculated using Daylight® fin-
gerprints to be 0.37£0.07. Virtual screening identified
five of eight HERG blockers (62.5%). The three false
negatives represent one scaffold (pairwise similarity of
0.94) and contain a pharmacophore closely resembling
the ‘collapsed’ pharmacophore 2 from Table 3. The ring
centroids of the two aromatic rings were positioned 4.2
and 4.3 A from the positively charged nitrogen, slightly
out of the range of the pharmacophore bit 2 for F,F, of
4.8-6.7 A, thus underscoring the potential for improving
the model by inclusion of additional compounds in the
training set. In addition, two compounds that tested
negative in the high throughput assay were flagged as

positive in the course of virtual screening. One of those
was an analog of a highly HERG active molecule pre-
viously confirmed by the patch-clamp method. Since the
fluorescence-based assay tends to underestimate the
potency of HERG blockers,?® one or both of the two
apparent false positives could potentially represent
additional true positives, thus highlighting the potential
complementarity of the high throughput HERG binding
assays with the virtual screening model described herein.
Interestingly, the results of the external validation
underscored very good complementarity between the
two approaches used in creating the model—of the
seven compounds predicted to induce HERG channel
blockade four were only identified by 2D screening,
while the remaining three were only predicted by the 3D
ensemble pharmacophore approach.

An example of a compound identified correctly as a
HERG blocker in the course of external validation is a
Merck PDE4 inhibitor shown in Figure 6. This molecule
does not contain a basic center characteristic of most
known HERG blockers, however it was found to be a
potent HERG blocker (ICs5o =1 uM).?” It was predicted
to be a HERG modulator by the VPharm-FP/TOPO/AP
model. The prediction was made by a 3-2 vote in the 2D
component of the virtual filter, that is, three neighbors
were identified in the HERG active dataset. Ketocon-
azole, loratadine, and mibefradil (Fig. 6) displayed
considerable 2D similarity to this inhibitor triggered by
the ‘fuzzy’ atom pairs metric® within the TOPO score
(see Methods). Indeed, ketoconazole appears to contain
topologically similar features to those contained in the
PDE4 inhibitor, such as the phenyl group bearing
hydrophobic substituents, a benzylic functionality con-
taining a polar group (imidazole vs N-oxide), and a
large hydrophobic substituent on the central carbon.
Similarity is also apparent between the PDE4 inhibitor
and loratadine, with a linker bridging the phenyl and
pyridyl moieties in loratadine, and the polar carbamate
taking the place of the pyridine N-oxide.
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Figure 6. Structures of a Merck PDE4 inhibitor, ketoconazole, loratadine, and mibefradil.

We envision the utility of the HERG classification
method primarily in combinatorial library screening.
For example, it could be used to flag commercial
libraries overly enriched with predicted HERG blockers.
Screening virtual libraries used in the course of struc-
ture-based ligand design would block compounds with
potential QT liabilities from being prepared in the lab. A
predicted HERG interaction hit rate would in a sense be
a predictive measure of scaffold-related QT prolonga-
tion effect. A library containing few predicted positives
suggests that the scaffold does not intrinsically contain
the structural elements compatible with HERG block-
ade, and the hit rate may be attributed to substituent
effects. However, a high predicted hit rate would be
pointing to potential problems within the fixed core.
While we feel that the noise level for predicting HERG
blocking propensity for a given individual molecule
would be too high to permit the use of this model as a
predictive tool in the context of a medicinal chemistry
optimization program, it will be sufficient to permit in
silico identification of potential scaffold-based QT lia-
bilities in the course of whole library screens. Each
library, as a consequence, could be described by a sta-
tistical distribution of qualifier values, and scaffold
selection would be based on the comparison between the
different library distributions.!>? This application of the
method would require its use in conjunction with
existing in vitro methods for experimental validation of
HERG blockade before a decision regarding the scaffold
in question can be made.

3. Conclusions

In conclusion, we have developed a tool for rapid virtual
screening of compound libraries for molecules with a
potential for QT prolongation. The model combines an
ensemble of pharmacophores predicted to capture var-
ious chemotypes present among HERG channel block-
ers with a topological similarity screen that flags
molecules with high structural similarity to known QT-
prolonging compounds. Since the efforts to obtain larger
databases of HERG channel blockers characterized

under the same set of reproducible and reliable condi-
tions are currently underway, we see this tool as a step in
the direction of being able to predict HERG K* channel
blocking activity in silico based on molecular structure.
There is little doubt that the predictive ability of this
approach would benefit from having these larger
improved datasets. We expect this model to be useful in
conjunction with experimental methods for filtering
likely HERG blockers from chemical libraries and vir-
tual chemical databases.

4. Methods
4.1. Dataset description

Using the combined sets of known HERG channel
inhibitors assembled by Recanatini and co-workers,!”
Ekins et al.,’ and Fenichel®*® as a starting point, we
updated the collection with a subset of 34 compounds
shown to induce HERG blockade in recent publica-
tions.®!1331-47 The list of actives also included class III
antiarrhythmic drugs as some of the most potent HERG
inhibitors known, and spanned over five orders of
magnitude in binding affinity. We chose a reasonable
cutoff of 40 uM as a threshold above which effect on
HERG activity would not typically be considered clin-
ically relevant. This threshold would likely result in a
safety window between physiologically relevant con-
centrations of most small molecule drugs (with antibio-
tics and pain medications among the notable exceptions)
and potential drug-induced HERG blockade. Depend-
ing on the needs of a specific project, this limit can be
adjusted, for example, Buyck et al. opted for a signifi-
cantly lower pICs, > 6.9 (130nM) as a cutoff.!" The use
of the 40 uM cutoff eliminated eight compounds. The
remaining 85 compounds active in the HERG assay
were used in model building. Since the goal was to create
a qualitative virtual screen as opposed to a quantitative
model for predicting HERG inhibition, compounds as-
sayed in HERG-transfected non-mammalian cell lines,
such as Xenopus laevis oocytes, could be kept as part of
the set of actives. The highly lipophilic environment in
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Xenopus oocytes limits access of the drug to its site of
action, leading to a significant underestimation of a
drug’s potency as a HERG channel blocker,** how-
ever, due to the binary nature of our classification
scheme the approach chosen herein is significantly less
sensitive to errors of this type. The list of HERG inac-
tives was taken from the recently created in-house
database called PILLS.®® This database contains 486
orally delivered drugs, which were obtained by extract-
ing all orally delivered drugs listed in the 2001 edition of
the PDR® Electronic Library.’' Of these, 367 com-
pounds were left after removing members of unusual
classes, such as antifungals, antibacterials, antihelmin-
tics, immunosuppresants, prodrugs, steroids, etc.
Known HERG channel inhibitors as well as drugs
associated with reports of QT prolongation based on
warning labels and adverse effects cited in the literature
were removed from the dataset. The remaining 329
compounds formed the set of HERG inactives. Distri-
bution analysis for properties such as molecular weight
and a number of rotatable bonds among the HERG
actives and inactives is shown in Figures 1 and 2,
respectively. While the flexibility distribution for the two
subsets was similar, the HERG inactives appeared to
have a somewhat lower molecular weight, however this
difference is not expected to strongly influence the
computational results.

A hold-out data set was randomly selected to represent
~20% of the entire data (83 compounds). This selection
was performed 50 times in a random manner. In order
to evaluate the predictability and robustness of the
classification methods described, the methods described
below were tested by performing 50-fold cross-valida-
tion on 20% hold-out sets, with the average predictive
statistics (see Table 1) summarizing the results.

4.2. 3D pharmacophore fingerprint model

Our pharmacophore fingerprinting and classification
system is based on the work of Bradley et al.?’ An
in-house program called VPharm-FP was used to
construct binary fingerprints that represent the three
and four-point pharmacophores contained within the
conformational model of a molecule. Each ‘bit’ in the
fingerprint represents a particular pharmacophore that
consists of between three and four of the following
features: H-acceptor, H-donor, positive, negative, ring,
and hydrophobe, along with their associated distance
ranges. To construct the fingerprint, the conformational
model of each input molecule was created with the
program Omega.”” Next, an individual bit in the fin-
gerprint for a particular molecule is turned on if the
pharmacophore represented by that bit is contained
within the conformational model of the molecule. After
signatures have been created for all the molecules, the
individual pharmacophores represented within the sig-
natures were ranked by their information content, that
is, their ability to discriminate between active and
inactive molecules.” An ensemble pharmacophore
classification model is then created by selecting the top
N pharmacophores from the ranked list. Classification

of a molecule is accomplished by calculating a score that
is the summation of the information contents of the
pharmacophores contained within both the ensemble
model and the conformational model of the molecule.

We initially set out to define the optimal number of
pharmacophore bits used to build a model (N;op). Sep-
arate runs generating between 50 and 300 hypotheses
were performed in increments of 50 on the entire dataset
for both HERG actives and inactives, and the difference
between the two sets [(% true positives) — (% false posi-
tives)] was used to analyze the quality of the model
(data not shown). As a result, N,,, = 50 was chosen for
cross-validation. Hypotheses with the highest informa-
tion content for the entire dataset were assessed based
on their performance in the cross-validation experi-
ments.

4.3. 2D topology model

We chose a two-dimensional similarity method coupled
with a nearest neighbors-type classification scheme as
the first predictive filter for potential HERG-small
molecule interactions. The method relied on an in-house
program called Multisim to report similarity scores for
every molecule in the hold-out set. These scores included
four similarity metrics—topological torsions (TT),?
atom pairs (AP),” ‘fuzzy’ topological torsions,® and
‘fuzzy’ atom pairs;® the highest numerical value was
considered as descriptive of overall similarity for every
molecular pair (‘best of” procedure, referred to herein as
TOPO). Alternatively, similarity search was performed
using only one of the four metrics in Multisim or an
in-house implementation of Schneider’s CAT similar-
ity.>* The top five nearest neighbor molecules in each
case would then ‘vote’ to determine the prediction for
the HER G-binding character of the test molecule. When
used in combination with the pharmacophore filter, the
program would classify a molecule as being HERG
active if either pharmacophore or topology model la-
beled it as likely to inhibit HERG (‘veto’ format).

4.4. Decision tree model

The model was implemented as described in Buyck
et al.!! (see Introduction). ACD pK, DB was used to
predict pK, values.”® The model’s performance on the
entire dataset was assessed.
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