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Abstract—Acquired long QT syndrome causes severe cardiac side effects and represents a major problem in clinical studies of drug
candidates. One of the reasons for development of arrhythmias related to long QT is inhibition of the human ether-a-go-go-related-
gene (hERG) potassium channel. Therefore, early prediction of hERG K* channel affinity of drug candidates is becoming increas-
ingly important in the drug discovery process. Binary QSAR models with threshold values at ICsy = 1 and of 10 uM, respectively,
were generated using two different sets of descriptors. One set comprising 32 P_VSA descriptors and the other one utilizing a set of
descriptors identified out of a large set via a feature selection algorithm. For the full dataset, the power for classification of hERG
blockers was 82-88%, which meets prior classification models. Considering the fact that 2D descriptors are fast and easy to calcu-
late, these binary QSAR models are versatile tools for use in virtual screening protocols.

© 2008 Elsevier Ltd. All rights reserved.

1. Introduction

Almost 35% of all compounds in the drug development
pipeline fail due to improper ADMET behavior which
renders predictive ADMET an important issue in drug
discovery.! The tetrameric human ether-a-go-go-re-
lated-gene (hERG) protein is a potassium channel
which represents an important part of the cardiac ac-
tion potential.>* Block of the hERG potassium channel
may cause acquired long QT syndrome, which leads to
Torsades de Points (TdP), a severe cardiac side effect
which represents a major problem in clinical studies of
drug candidates.’ Undesirable blockade of the hERG
channel was at least in part responsible for the with-
drawal of several drugs from the market (e.g., cisapride,
terfenadine, astemizole, sertindole, and grepafloxa-
cin).>® Although there are a number of mechanisms
other than blocking hERG channels that might be
responsible for long QT and especially TdP, hERG
activity of compounds under development is a clear
no-go signal in the hit to lead process. Therefore, early
prediction of hERG K™ channel affinity of drug candi-
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dates is becoming increasingly important in the drug
discovery process.' %!

Preclinical in vitro and in vivo methods are still imper-
fect in predicting drug-induced Torsades de Pointes
(TdP) in humans. Measuring hERG affinity is via 3H-
dofetilide binding is routinely performed in HTS-assays,
but provides only data focussed on the dofetilide bind-
ing site. Other assays, such those utilizing patch—clamp
electrophysiology are technically demanding, costly,
and labor-intensive.’ In silico virtual screening proce-
dures to predict hERG binding may develop as a prom-
ising tool at least for pre-filtering of large compound
libraries.!%!! Both structure-based and ligand-based ap-
proaches have been undertaken to shed more light on
the molecular basis of drug—channel interactions. Key
amino acid residues being involved in ligand interaction
have been identified via a combined protein homology
modeling/site directed mutagenesis approach.'>"'¢ Sev-
eral X-ray crystal structures of bacterial potassium
channels have been solved, including members of the
voltage-dependent, calcium-gated, and inward-rectifier
families of potassium channels.!” 2! Recently, the
MacKinnon group reported the crystal structure of the
mammalian Kv channel, Kv1.2, which is a member of
the Shaker K* channel family (PDB code 2A79).2? Sev-
eral publications reported homology models of the hu-
man potassium channel which use the bacterium
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crystal structures of KcsA (PDB code 1BL8,!7 1K4C'®)
as template for the closed state and MthK (PDB
1LNQ") as well as KvAP (PDB 10RQ?) for the open
state.!>?327 Docking studies based on the homology
model allowed insights into the drug binding interaction
in the inner cavity. Rajamani et al. presented a two-state
homology model and demonstrated that flexibility is
essential in order to correctly model the binding affinity
of a set of diverse ligands.?> The docking results suggest
that blockers bind to the intracellular potassium con-
duction cavity of hERG via a common mechanism
involving extensive hydrophobic and ring stacking inter-
actions with Tyr652 and Phe656.%*

In the field of ligand-based design, both pharmacophore
models and 3D-QSAR models were reported. A preli-
minary pharmacophore model was described by Ekins
et al. using a training set of 15 compounds.?®?° This
hERG pharmacophore model contained four hydropho-
bic and one positive ionizable feature. A model based on
a CoMFA analysis of a set of 31 QT-prolonging drugs
comprised a positively charged tertiary amine flanked
by three aromatic or hydrophobic centers (Cavalli
et al.).3° These pharmacophore models are quite similar
and performed well only on analogues structurally sim-
ilar to those in the training set. A 3D CoMSIiA analysis
was performed on a dataset consisting of 22 sertindole
analogues and 10 structurally diverse hERG blockers
by Pearlstein et al.’! Based on combined protein homol-
ogy modeling of the hERG channel pore region and a
CoMSIiA analysis the authors proposed a ‘drain plug’
model. However, due to the basic principles of these
methods, which require a proper alignment of the li-
gands, they are neither suited for analysis of structurally
diverse compounds nor for virtual screening. Recently,
Cianchetta et al. reported 3D-QSAR models using cor-
relation analyses of a large dataset of 882 compounds
and pharmacophore-based Grind descriptors.??> Their
3D-QSAR model for a subset of 338 molecules with
non-basic nitrogen atoms had a predictive power (¢?)
of 0.72 (322 compounds on training set and 16 molecules
for test set). For the ionisable nitrogen subset of 544
molecules (training set/test set = 518:26), the PLS analy-
sis resulted in a model with three latent variables and a
¢* = 0.74. These models are quite powerful and showed
equal performance than other models based on tradi-
tional chemometric methods and Hologram QSAR
(HQSAR). Recently, a novel approach by using a panel
of plausible pharmacophore hypothesis candidates to
constitute the pharmacophore ensemble (PhE) and sub-
ject them to regression by support vector machine
(SVM) has been reported.?* The final PhE/SVM model
gave an > value of 0.97 for observed versus predicted
pICso values for the training set of 26 compounds, a
¢° value of 0.89 and an 1 value of 0.94 for the test set
of 13 compounds.

In this study, we present binary QSAR models based on
the calculation of a set of 32 van der Waals surface area
(P_VSA) descriptors and a set of descriptors obtained
by a feature selection algorithm for a collection of 313
literature hERG compounds in order to rapidly identify
hERG ligands.

2. Results
2.1. Selection of the threshold

For the separation of active/inactive (or blocker/non-
blocker), different values of ICs, were proposed in the
literature as a threshold. Aronov and Goldman chose
a cutoff value of 40 uM as a separation point;** O’Brien
and de Groot and Sun selected values of 20 and 30 uM,
respectively.’>3¢ Meanwhile several authors proposed
substantially lower ICs, value for a cutoff (Buyck et al.
130 nM, Song and Clark 316 nM).37-3¥ Keserii and
Bains et al. opted the active/inactive boundary at
ICso =1 uM for their discriminant models.>**? Tobita
et al. selected both a threshold of 1 and of 40 uM to de-
sign two classification models.*! Fioravanzo et al. sepa-
rated the dataset for actives and inactives at 10 pM.*?
Last but not least, Roche et al. grouped the dataset into
three classes: low ICs, class (compounds with
ICso <1 pM, blockers), high ICsy class (compounds
with ICso > 10 uM, non-blockers), and medium ICsq
class (compounds with 1 pM < ICsy < 10 uM).”® The
medium ICs, value’s class (1 uM < ICsp < 10 uM) in-
cludes some marketed drugs that prolong the QT inter-
val and/or might cause TdP. Several studies showed that
compounds with ICsq values higher than 10 pM are con-
sidered as safe, whereas an ICs, value lower than 1 pM
is a criteria for discontinuing development.*? An accept-
able degree of safety would be to have a factor of 10- to
30-fold between hERG ICs, activity and the plasma
concentration used in the clinical setting.** However,
obviously this cannot be used as dependent variable in
QSAR studies as these data are usually not available
for large datasets. So it seems reasonable to define the
binary threshold at ICsy values of 1 or 10 uM, respec-
tively. Therefore, we generated two datasets, one with
a pICs, value of 0 as cutoff and one with a pICs value
of —1 as the active/inactive boundary.

2.2. Binary QSAR with threshold = 1 pM

A set of 240 compounds was created as training set to
derive a binary QSAR model with a threshold value for
active/inactive of 1 pM. Based on this threshold crite-
rion, 81 compounds were classified as active and 159
compounds as inactive. As shown in Table 1 and Table
S2, the total accuracies of the two binary QSAR models
based on either P_VSA descriptors or 11 2D-descrip-
tors are quite similar with 0.83 for the whole set and
0.80-0.82 for LOO validation. The models show a bet-
ter performance for inactive compounds than for active
ones with GH scores for inactives = 0.88-0.89 and GH
score value for actives of 0.72-0.73. For evaluation of
the classification power of the binary QSAR models,
a test set of 73 compounds was used. Here the model
derived from the 11 2D-descriptors performed better
than the model based on 32 P_VSA descriptors with to-
tal accuracies of 0.93 versus 0.89, respectively. The
overall accuracy on the test set was 0.93 with correct
predictions for 15 out of 19 active compounds (79%)
and 53 out of 54 inactive compounds (98%). Applying
the parameters outlined by Jacobsson et al. the preci-
sion on active, precision on inactive and enrichment
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Table 1. Summary of binary QSAR models

4109

Threshold ICso =1 uM

Threshold 1Csp = 10 uM High and weak

model
Descriptors/model VSA® Relevant® VSA? Relevant®l VSA® Relevant® VSA® Relevant®ll VSA® Relevant®Ill
Dataset All Excl. COOH comp® All Excl. COOH comp® Excl. COOH comp®
Training set (active/inactive) 240 (81/159) 223 (81/142) 240 (155/85) 223 (155/68) 150 (80/70)
Total accuracy 0.83 0.83 0.84 0.85 0.80 0.83 0.80 0.83  0.87 0.87
Accuracy on active 0.61 0.65 0.65 0.70 0.90 0.88 0.92 090  0.85 0.84
Accuracy on inactive 0.94 0.91 0.94 0.93 0.63 0.73 0.53 0.68 0.90 0.90
Total accuracy LOO? 0.82 0.80 0.78 0.81 0.76 0.81 0.78 0.82 085 0.84
Accuracy on active LOO¢ 0.58 0.61 0.56 0.62 0.88 0.88 0.91 0.90 0.83 0.79
Accuracy on inactive LOO? 0.94 0.91 0.91 0.92 0.54 0.67 0.47 0.63  0.87 0.90
Precision on active 0.85 0.79 0.87 0.85 0.81 0.86 0.82 0.86 0.91 0.91
Precision on inactive 0.83 0.84 0.83 0.85 0.77 0.78 0.73 0.75 0.84 0.83
Enrichment factor 2.51 2.34 2.39 2.34 1.26 1.33 1.17 1.24 1.70 1.70
GH score on active 0.73 0.72 0.76 0.78 0.85 0.87 0.87 0.88  0.87 0.87
GH score on inactive 0.89 0.88 0.89 0.85 0.70 0.75 0.63 0.72 0.87 0.87
Test set (active/inactive) 73 (19/54) 64 (19/45) 73 (42/31) 64 (42/22) 40 (20/20)
Total accuracy 0.89 0.93 0.91 0.94 0.69 0.71 0.73 0.75 0.88 0.93
Accuracy on active 0.68 0.79 0.68 0.84 0.86 0.79 0.95 0.86 0.95 0.90
Accuracy on inactive 0.96 0.98 1.00 0.98 0.45 0.61 0.32 0.55 0.80 0.95
Precision on active 0.87 0.94 1.00 0.94 0.68 0.73 0.72 0.78 0.83 0.95
Precision on inactive 0.90 0.93 0.88 0.94 0.70 0.68 0.78 0.67 094 0.90
Enrichment factor 3.33 3.60 3.37 3.17 1.18 1.27 1.14 1.23 1.65 1.89
GH score on active 0.78 0.86 0.84 0.89 0.77 0.76 0.84 0.82  0.89 0.92
GH score on inactive 0.93 0.96 0.94 0.96 0.58 0.65 0.55 0.61 0.87 0.92
Whole dataset (active/inactive) 313 (100/213) 287 (100/187) 313 (197/116) 287 (197/90) 190 (100/90)
Total accuracy 0.85 0.85 0.85 0.87 0.77 0.80 0.78 0.82  0.87 0.88
Accuracy on active 0.63 0.68 0.66 0.73 0.87 0.86 0.92 0.89 0.87 0.85
Accuracy on inactive 0.95 0.93 0.96 0.94 0.66 0.70 0.48 0.64  0.88 0.91
Precision on active 0.85 0.82 0.89 0.87 0.75 0.83 0.79 0.85 0.89 0.91
Precision on inactive 0.85 0.86 0.84 0.87 0.81 0.75 0.74 0.73  0.86 0.85
Enrichment factor 2.66 2.56 2.56 2.49 1.38 1.32 1.16 1.23 1.69 1.74
GH score on active 0.74 0.75 0.78 0.80 0.81 0.85 0.86 0.87  0.88 0.88
GH score on inactive 0.90 0.90 0.90 0.90 0.73 0.72 0.61 0.69 0.87 0.88

P_VSA: a set of 32 P_VSA descriptors.
A set of 11 relevant descriptors.
¢ Dataset without -COOH containing compounds.

9L00: leave one out cross-validation. The maximum number of components = 8.

factor (EF) values for the test set are 0.94, 0.93, and
3.60, respectively.

It is noteworthy to mention that the two false positives
in the P_VSA descriptor model and the false positive
in the 11 2D-descriptors model each contain a carbox-
ylic acid moiety. Carboxylic acids are known to decrease
affinity for the hERG channel in many series of diverse
structural scaffolds,***¢ and the binary models/descrip-
tors seem to underestimate this effect. Thus, all 26 com-
pounds in the dataset containing carboxylic acid groups
were removed and the models were re-calculated. With
the new dataset of 287 compounds we applied two differ-
ent approaches for selection of training and test set. One
just kept the previous training set and removed com-
pounds with carboxylic acids (223 compounds for train-
ing), the other repeated the diverse subset selection on
the whole dataset (230 compounds for training). Both
models showed an improvement in classification power
of training set and test set with total accuracy values
of 83-85% and 89-94%, respectively. The accuracy on
actives for the training set was 63-84% with a precision

of 98-100% and for the test set the prediction of actives
had an accuracy of 66-73% with a precision of 86-92%.
The best binary QSAR model with an 1 uM cutoff is
those based on a set of 11 2D-descriptors and the train-
ing set of 223 compounds (Model I). This model has a
high classification power with total accuracy, accuracy
on actives, and accuracy on inactives of 0.85, 0.70, and
0.93, respectively (LOO: 0.81, 0.62, and 0.92). For the
test set, the GH score for actives was 0.89 with an accu-
racy of 84% and a 94% chance of correct prediction (pre-
cision), and the GH score for inactives was 0.96 with an
accuracy of 98% and a precision of 94%.

2.3. Binary QSAR with threshold = 10 pM

The same training sets described above were also used to
build binary QSAR models with a threshold 1Cs, value
of 10 uM. Also in this case, the binary QSAR models
based on the calculation of 11 2D-descriptors showed
better performance than those using P_VSA descriptors.
As given in Table 1, the best binary model for classifica-
tion of hERG blockers at this threshold was obtained
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from the training set of 223 compounds utilizing the 11
2D-descriptors (Model II). The cross-validated overall
accuracy on the training set is 83% with 90% of actives
and 68% of inactives correctly classified (LOO: 82%,
90%, and 63%). On the test set of 64 compounds, the
overall accuracy is 75% with correct prediction of 36
out of 42 active compounds (86%) and 12 out of 22 inac-
tive compounds (55%). Comparing the GH scores, the
models generally showed a better power in classifying
active compounds (GH score = 0.81-0.87) than inactive
ones (GH score = 0.61-0.73).

2.4. Binary QSAR with strong and weak hERG blockers
(ICsp <1 pM or ICs¢ > 10 pM)

In Model I (threshold = 1 uM), 9 out of 10 false positive
in the training set and the false positive in the test set be-
long to class 3 (ICs in the range of 1-10 uM). The same
problem accounts also for Model II (thresh-
old = 10 uM), with 10 out of 15 false negatives in the
training set and 5 out of 6 false negative in the test set
belonging to the group of moderate hERG affinity com-
pounds. This observation stresses the difficulty to prop-
erly classify compounds with moderate hERG activity.
Therefore we omitted class 3 and recalculated the mod-
els using the same two sets of descriptors. The molecules
were split into training (150 compounds) and test (40
compounds) sets by diverse subset selection procedure.
Using a set of P_VSA descriptors, the binary model
was able to successfully classify the compounds from
the training set with an overall accuracy of 87% and
to correctly predict 95% and 80% of actives and inac-
tives from the test set, respectively. Similarly, also the
binary QSAR model based on the 11 2D-descriptors
gave very good results (Model III: total accuracy 0.87,
accuracy on actives 0.84, accuracy on inactives 0.90).
Moreover, the 2D-descriptor based model showed excel-
lent classification power on the test set (accuracy on ac-
tives 0.90 and accuracy on inactives 0.95). It is further
noteworthy that the GH scores of Model III for active
and inactive compounds keep a high and balanced value
with 0.87 for the training set and 0.92 for the test set
(Table S2).

2.5. External test set

A dataset containing 58 newly synthesized compounds
collected from the literature was used as external test
set. However, as can be deduced from a principal com-
ponent analysis, the chemical space of the external test
set is well within those of the training set (Fig. 2D). This
might be due to the fact that these compounds belong to
lead optimization series from different therapeutic areas
such as dipepzidyl peptidase IV inhibitor,” CCRS
antagonist,*® Kv1.5 antagonist,* dopamine D, ago-
nist,>® leukocyte function associated antigen-1 antago-
nist,>! MCH-R1 antagonist,’>>* NKI1 antagonist,>*
and a7-nicotinic acetylcholine receptor agonist> (Table
S3). Compounds were optimized towards decrease of
hERG activity and are thus well located within the drug
like chemical space. In some cases there is only percent
hERG inhibition at a single concentration available.
Using a logit transformation, estimated hERG ICs

was calculated from the following equation: estimated
I1Cs50 = [(100 — %A) * C]/%A, where %A is the percent
inhibition measured at the concentration C.>*% Using
our binary classifiers, all three models performed well
with total accuracies of 0.84, 0.78, and 0.86, respectively.
To check the applicability domain of the models, also a
set of seven compounds located far beyond the space
was chosen. These are erythromycin derivatives showing
low hERG activity. In this case models failed to cor-
rectly classify the compounds.

3. Discussion

Alanine-scanning and site-directed mutagenesis in com-
bination with protein modeling, potential energy map-
ping, and docking studies revealed three residues at
the base of the selectivity filter (Thr623, Ser624, and
Val625) and four on the same face of the S6 transmem-
brane helix (Gly648, Tyr652, Phe656, and Val659) to be
involved in drug binding. These information were used
to guide the generation of pharmacophore models as
well as to select molecular descriptors for QSAR studies
on hERG blockers. The typical 3D pharmacophore
model for hERG blockader contains a basic nitrogen
or a positively charged center flanked by aromatic or
hydrophobic groups via flexible linkers. In addition,
H-bond acceptors play an important role in hERG
binding. Recently also a 3D pharmacophore model for
uncharged hERG blockers has been established.>® Some
studies were also successful using pharmacophores as
descriptors to derive QSAR models.?*>® However, the
pharmacophore or descriptors suggested may vary
depending on the molecules, datasets, and techniques
used for model derivation. Furthermore, in a recent
study the use of pharmacophore models for polyspecific
proteins such as hERG is questioned.?* In our study,
two sets of descriptors were selected in order to generate
binary QSAR models for hERG ligands. One is a set of
32 P_VSA descriptors, and the other is a set of 11 2D-
descriptors selected by QuaSAR-Contingency analysis.
In general, the selected descriptors are in agreement with
the prior studies with respect to the need for charged
and hydrophobic features. Out of the descriptors se-
lected, there are hydrophobic descriptors (SlogP,
a_hyd, SlogP_VSA7, Q_VSA_HYD, PEOE_VSA_
HYD) and global molecular descriptors such as diame-
ter (refers to shape and size of molecules), a_heavy
(refers to size of molecules), and opr_nrot (refers to
number of rotatable bonds). Moreover, the existence
of SlogP_VSA7 (hydrophobic and hydrophilic interac-
tions), SMR_VSAS (polarizability, size) is also notewor-
thy as those van der Waals volume related descriptors
account for a small local differences of globally similar
molecular descriptors (e.g., Slog P). Diameter and the
Kier and Hall chi connectivity indices (chilv_C, chi0_C)
suggest that molecular shape is also an essential descrip-
tor for hERG blockers.

The development of QSAR models depends not only on
the statistical method but also on the algorithm used for
the selection of training and test sets. There are several
methods for division of training and test sets from full
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datasets including random division, sorted biological
activity data and K-means clustering for the factor
scores of the original variable matrix along with/without
biological activity values. From those methods, Leonard
and Roy suggested that K-means-cluster based division
of training and tests sets can be used as a reliable meth-
0d.%° In this study, the MOE Diverse Subset tool was
applied to assign a ranking order to entries in a hERG
database. A large set of 2D descriptors data together
with hERG activity values were used to calculate the
pair wise distances between all compounds. A subset
of the database comprising entries which are farthest
from each other (240 of 313 and 230 of 287 chemical
structures) was used as training set and the remaining
compounds comprised the test set. By using this algo-
rithm, the training set is a large diverse set, not only
by means of the chemical structures (e.g., 2D molecular
descriptors) but also of the hERG activities and thus
represents in an adequate manner of whole dataset.

One of the main problems of discriminance analysis is
how to properly validate and judge the models obtained.
A good model will have high predictive power not only
of active compounds but also of the inactive ones. Val-
ues of total accuracy, accuracy on actives and on inac-
tives, precision for actives and inactives, as well as
enrichment factors and GH score were used as measure
for classification performance. However, none of the
parameters should be used as its own to assign the qual-
ity of a model. If the number of inactives is much larger
than the number of actives, accuracy on inactives gener-
ally will be very high. Vice versa, by predicting only a
small number of compounds, precision will be very high.
Thus, only a high precision together with a high accu-
racy will established a powerful classification model
and it must be clear that those values depend on the ra-
tio between actives and inactives in the dataset. To re-
trieve a maximum of information both accuracy on
actives (also called recall or sensitivity) and accuracy
on inactives (specificity) together with precision on ac-
tives and inactives were calculated in all runs. Further-
more, we also describe the first use of the GH score
on actives and GH score on inactives to evaluate the
quality of classification analyses. In this study, the GH
score simply represents the mean of accuracy and preci-
sion on actives or inactives. The higher the GH score the
stronger is the classification power of the models. A clas-
sification model will be considered as perfect when both

Table 2. The GH scores of binary QSAR models

GH scores are close to 1, the maximum possible value. A
summary of GH scores of our best models based on a set
of 11 2D-descriptors is shown in Table 2. For Model I
(threshold ICso=1uM), the GH score on inactives
(0.90) is larger than those on active compounds (0.8).
Thus, this model might be useful when the aim is to re-
move any compound that blocks the hERG channel at a
concentration of ICsg > 1 pM. Contrary to Model I, the
Model II with threshold ICsq = 10 pM has the GH score
on inactives (0.69) smaller than GH score for active
compounds (0.87). The model has a higher chance for
correct classification of compounds with hERG
ICso < 10 uM. Therefore, this model is useful when the
aim is not to eliminate promising and potentially valu-
able novels.

To utilize the full panel of chemical diversity in the data-
set, we also performed Model I on the full set 287 com-
pounds. In this model, 73% (73/100) of the actives, 94%
(176/187) of the inactives, and in total 87% (249/287)
were correctly classified. The precision values of the
whole dataset on actives and inactives are 87% which
means that both an active/inactive hERG ligand has a
87% chance for correct classification. Binary analysis
of the full dataset using Model II (threshold 10 uM)
gave a total accuracy of 82% (234/287), an accuracy
on actives of 89% (176/197), and an accuracy on inac-
tives of 64% (58/90). With a precision on actives of
85% the GH score on actives in this model is higher than
those inactives. In Model III, the accuracy and precision
on actives/inactives are high and in good relation to each
other. Eighty five out of 100 (85%) hERG blocker and
82 out of 90 (91%) negative hERG compounds were cor-
rect classified, and also the precision values for actives/
inactives are very good with 0.91 and 0.85, respectively.
However, this model splits 97 compounds in the class
with ICs, values in the range of 1-10 uM to be 31 hERG
positives and 66 hERG negatives.

Analyzing the misclassified compounds in the whole
dataset revealed that only five compounds were misclas-
sified as hERG inactives in all three models (Fig. 1):
namely almokalant (ICsq=0.005uM), amsacrine
(ICs0 = 0.210 uM), ondansetron (ICso = 0.81 uM), olan-
zapine (ICso=0.181 uM), and BMCL20031829_15
(ICso = 0.011 uM). Glibenclamide (ICsy= 74 uM) was
misclassified as hERG active. Four out of five com-
pounds misclassified as hERG inactives contain tertiary

Descriptors: 11 relevant Model I threshold

Model II threshold Model III high and

ICs5o=1puM 1C50 =10 uM weak model
Training set (active/inactive) 223 (81/142) 223 (155/68) 150 (80/70)
GH score on active 0.78 0.88 0.87
GH score on in active 0.85 0.72 0.87
Test set (active/inactive) 64 (19/45) 64 (42/22) 40 (20/20)
GH score on active 0.89 0.82 0.92
GH score on inactive 0.96 0.61 0.92
Whole dataset (active/inactive) 287 (100/187) 287 (197/90) 190 (100/90)
GH score on active 0.80 0.87 0.88
GH score on inactive 0.90 0.69 0.88
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Figure 1. Chemical structures of compounds misclassified in three binary QSAR models.

amino groups, which have been identified as significant
contributors for hERG binding in published pharmaco-
phore models3®-23-3! and also a structure-based modeling
study.'?> However, these observations should be taken
with a grain of salt. N-methyl-piperidine shows strong
contribution to hERG binding in the Song and Clark
study but not in those of Gavaghan et al.®"-3® Further-
more, olanzapine contains a methyl-piperazine ring,
which was considered as a chemical fragment typical
for in hERG inactive compounds in a fingerprint analy-
sis using LeadScope.®! Thus, although tertiary amines
are associated with high binding, they occur in both
strong and weak (ICsq > 10 uM) hERG binders.

In the dataset, 23 compounds have hERG ICs, values
obtained from non-mammalian cells (XO). However,
only 11 compounds have hERG ICsgvalues larger than
1 uM, hence they may be miscategorized. To develop a
model using hERG data obtaining exclusively from
mammalian cells, these 11 compounds and also the se-
ven erythromycine analogues that are far beyond the
chemical space of the dataset (Fig. 2A) were removed
and the remaining compounds were used to generate
binary QSAR models. The same protocols described
above were applied for this mammalian dataset of 269
compounds. However, to further assess the predictivity
and applicability of the models, we additionally split
the dataset five times randomly in training and test set
(80%/20%), which corresponds to a leave 20% out proce-
dure. Similar results with total accuracies from 0.82—
0.92 to 0.70-0.89 for training sets and test sets, respec-
tively (Table S4), were archived for this dataset contain-
ing hERG bioactivity from mammalian cells only. To
further validation these binary QSAR models, the exter-
nal testset of 58 compounds (Table S3) and seven erythr-
omycine derivatives which are outside of model
boundary were used. Accuracies using the 11 selected
descriptors were in the range of 0.81-0.91 for the model

with threshold ICso =1 uM, 0.53-0.64 for the model
with threshold ICso=10puM and 0.76-0.79 for the
strong and weak hERG blocker model. Lower values
of accuracies for the external test set were obtained for
models derived from a set of 32 P_VSA descriptors (Ta-
ble S4). In case of the seven erythromycine derivatives
the binary QSAR models failed to correctly classify
the compounds as weak hERG binders. Principal com-
ponent analysis using a set of 11 hERG relevant descrip-
tors shows that these seven natural products are also not
in the center of the chemical space of the ChemDiv data-
base (containing 633,864 compounds, 2006)°> (Fig. 2B).
To figure out the differences in terms of chemical struc-
tures between hERG actives, middle actives and low ac-
tives, SHED profiles®®> of those compounds were
calculated using an svl-script available from the Chemi-
cal Computing Group svl-exchange program. Dissa-
pointingly, no distinct tendency related to hERG
inhibition could be derived (data not shown). This might
be due to the fact that very small and minor changes in
the chemical features can lead to remarkably altered
hERG affinity. When SHED descriptors were applied
for the seven hERG inative antibiotic compounds, how-
ever, those profiles were different to those from the other
compounds, which further strengthens their unique
chemical scaffold.

Establishment of 2D-QSAR models seems a reasonable
approach for development of predictive screening tools
to estimate the hERG binding affinity of drug candi-
dates.38:39:42:61.64-68 1y term of hERG blocker classifica-
tion, various techniques have been utilized including
PLS,34%61 HQSAR,* probabilistic neural network
(PNN),%-79 artificial neural network (ANN),”%-35 super-
vised learning technique and evolutionary computing,*’
support vector machines (SVM),*1-6°-7! k nearest neigh-
bor (KNN),”® Bayesian classification,?® decision
tree,3”-7%7273 and self-organizing maps (SOM).”8:6
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Figure 2. Plot of the first two PCs obtained in a PCA analysis using a set of 11 hERG relevant descriptors. (A) Dataset of 287 compounds with
coding according to hERG activity. Compounds outside the model boundary (in ring) were used for validation. (B) Representation of hERG
compounds within the chemical space of the ChemDiv database (containing 633,864 compounds, 2006). Grey and cycle dots correspond to the
ChemDiv database and hERG compounds, respectively. (C) Dataset of 175 compounds with high and low hERG activity. (D) Chemical space of the

training set and external test set used for hERG binary QSAR models.

Table 3 gives an overview on recent results on in silico
models for hRERG potassium channel blockers and com-
pares them with our binary QSAR models.

Considering the size of the dataset and the structural
diversity of the compounds, our results seem acceptable
in comparison to other models. It has to be noted, that
10 out of 11 compounds with false positive results in
Model T and 15 out of 21 false negatives in Model 11
had ICsy values in the range between 1 and 10 pM.
The real life application of our binary classifiers on 58
compounds of an external validation set (Table S3) re-
sults in accuracy values of 0.84, 0.78, and 0.86 for Mod-
els I, I, 11, respectively. Considering the fact, that both
P_VSA and also the 11 2D-descriptors are not depen-
dent on the 3D-conformation of the molecules and are

fast and easy to calculate (approximately 10°~107 com-
pounds per day on a standard PC), binary QSAR mod-
els enable classification of more than 1 million
compounds in less than a day on a single Pentium pro-
cessor machine.

Potent hERG inhibitors often bear a charged amine cen-
ter that is surrounded by bulky hydrophobic groups. If
the charged center is less sterically shielded, for example,
through incorporation of alkoxy/hydroxyl groups at the
B-position with respect to the amine, it is more easily
deprotonated and has lower affinity for hERG.”* In
our binary QSAR models, the set of 11 2D-descriptors
that affected the performance of the classification algo-
rithms and related to hERG affinity contains several
hydrophobic descriptors (Slog P, a_hyd, SlogP_VSA7,
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Table 3. Summary of published classification QSAR models for hERG blockers

Study Method Threshold (uM) Training set Test and validation set
Comp  Accuracy % Comp  Accuracy %
Roche et al.”® Supervised neural networks  Active < 1 244 93f 72 71: block”

Inactive > 10

Keserii* PLS (traditional and 1
hologram QSAR)

Bains et al.*’ Fragment-based— 1
experimental descriptors and
evolutionary algorithm

4

93: non-block’

55 83: active 13 85
87: inactive 82 81-82
70-100 87-89 22-24  85-90

Aronov and Goldman®* 2D topological similarity 40 414 (85 actives, 329 inactive) total accuracy: 82 %?
filter and 3D pharmacophore
ensemble
Yap et al.”” Support vector machine TdP- and non-TdP-causing agent 271 TdPa_OO): 72 18 TdPt: 97
TdP 1 o0): 86 TdP: 85
Overall: 91
Gepp and Hutter” Decision tree 264 92-93 75 76-80
Ivanciuc’’ Artificial immune 349 (106 TdP™, 243 TdP™) Overall accuracy: 86°
recognition system (AIRS)
Dubus et al.” Recursive partitioning based 1 160 96-98 60 74-81
on decision tree algorithms ‘ )
Active < 1 100 96-96' 55 93-96'
Inactive > 10
Fioravanzo et al.*? Consensus score for five 10 29 90 38 82
PLS-QSAR models
Consensus score for five 10 Over all 88 (59/67)

PLS-QSAR and PASS and
QikProp models

Tobita et al.¥! Support vector machine 40

O’Brien and de Groot>>  E-state, 2D fingerprint and 20
neural network
FCFP_6 and Bayesian
Consensus of two models

Sun Universal molecular 30
descriptor system and
Bayesian classifier
FCFP_6 and Bayesian
classifier
Ekins et al.% Kohonen SOM and Sammon  Active < 1
non-linear map Inactive > 10
Model 1 11 relevant descriptors and 1
binary analysis
Model 11 10
Model III Active < 1

Inactive > 10

73 95° 827°  67-78
90°

46,967 ROC value 11,996 85

82
89°
1979  ROC=0.87" 66 88
ROC =0.95¢
93 Maps 35 81-95

223 85 (LOO: 81) 64 94

223 83 (LOO: 78) 64 75
150 87 (LOO: 84)" 40 93f

#50-fold cross-validation.

®10-fold cross-validation.

¢TdP- and non-TdP-causing agent, unavailable ICs, values.
dROC: receiver operating characteristic.

¢ Accuracy after remove 13% unclassified compounds.

fResult for compounds with ICsy < 1 pM and ICsq > 10 uM only.

Q_VSA_HYD, PEOE_VSA_HYD). Those descriptors
indicate that the hydrophobic nature of molecules has
a large impact on hERG blockade and supports the
importance of lipophilicity as a factor contributing to
hERG potency, which has been presented in many

studies.>78:40:46.66.75 Qimple rules defining lipophilicity
thresholds for hERG liability have been derived and
lead to the proposal that molecules with clogP >3
can be optimized by reducing lipophilicity and that com-
pounds having clog P values < 3 and still exhibit hERG
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potency need structural modification.*®”> However, re-
duced hERG activity results in most cases from a com-
bination of various factors, and these factors are quite
intercorrelated. For example, attenuation of pK,-values
is often accompanied by a reduction of logP, which
influences also bioavailability of the compounds. Hence,
optimizing the safety profile of a lead compound is al-
ways a multifactorial process. Recently, network analy-
sis in MetaCore on antipsychotic ligands with hERG
activity indicates that there is an overlap in binding with
other promiscuous targets such as CYPs (CYP3A4,
CYP2D6, and CYP1A2) and transporters like P-glyco-
protein.’® Thus, drug safety should be considered on a
systems level rather than on individual proteins.

4. Conclusions

In drug discovery and development, in silico approaches
have the potential to provide cost-effective screening
tools for identification of potentially toxic compounds.
Within this study we report binary QSAR as a compu-
tational method for rapid in silico screening of real
and virtual chemical libraries in order to classify com-
pounds with respect to their activity at the hERG K*
channel. The models derived use 2D molecular descrip-
tors, which are fast and easy to calculate. Quality of the
results obtained illustrate the applicability of binary
QSAR for classification of hERG actives and thus for
identification of potential toxicity risks. However, it
has to be stressed that the model, as most models de-
rived from the classical QSAR approach, is only valid
within the chemical space of the training set compounds
and failed in classifying a small set of erythromycine
derivatives. Furthermore, the descriptors used are rather
complex and allow only very limited analysis with re-
spect to favorable and unfavorable structural features
of the compounds. However, this disadvantage is com-
pensated by the fact that only 2D-structures are needed
as input and the descriptors used allow prediction of
millions of compounds within one day. Thus, the models
might be best used in lead optimization programs for
shaping combinatorial libraries in order to decrease
the risk for hERG activity.

5. Experimental
5.1. Dataset

The in vitro hERG inhibition data (ICsg) for 313 struc-
turally diverse compounds were collected from the liter-
ature. Almost all ICsy values were measured in
mammalian cells (HEK, CHO, and COS). When mam-
malian cell data were not available (23 out of 313 com-
pounds), IC5y, measurements from non-mammalian cell
lines were used. However, as these are sometimes not
comparable and may lead to misleading results, models
were established also for the dataset with mammalian
cells only. Results show that there are almost no differ-
ences in the quality of the models (Table S4, Supporting
information). Generally, the pICsy values (—logICsy,
concentration in mol/l) were used in statistical analysis.

Detailed information including also therapeutic area,
cell line used, as well as the corresponding references
of all compounds is given in the Supporting information
Table S1.

Based upon the ICs, value, the dataset was grouped into
three classes according to Roche et al.”® 100 compounds
were classified as 1 with ICsq <1 uM (low ICs), 116
compounds were assigned to class 2 with IC5y > 10 uM
(high 1Csp) and 97 compounds were arranged to class 3
with ICs, values in the range of 1-10 uM (medium ICsy).
Class 1 included some potent hERG K *-channel block-
ers known from the literature, such as cisapride, dofeti-
lide, E-4031, haloperidole, and terfenadine. Class 3 also
included some marketed drugs that prolong the QT
interval and/or might cause TdP. These include amioda-
rone, chloroquine, chropromazine, desipramine, dolase-
tron, fentanyl, granisetron, ketoconazole, loratadine,
mefloquine, mebefradil, and quinidine.

5.1.1. Training and test set. A total of 313 compounds
were used for binary analysis and classified into actives
or inactives based on the ICs, values and the respective
threshold points. In order to create a training and test
set, 184 2D molecular descriptors combined with the
pICs, value were used to perform a diverse subset selec-
tion for the whole dataset using MOE.” The 240 most
diverse compounds (80%) were used as training set
and the remaining 73 structures comprised the test set.

5.2. Computational methods

5.2.1. Molecular descriptors. A wide range of 184 differ-
ent 2D descriptors including also 32 van der Waals sur-
face area (P_VSA) descriptors were calculated for all
compounds using the MOE descriptor tool. 2D molecu-
lar descriptors are defined to be numerical properties
that can be calculated from the connection table repre-
sentation of a molecule and included physicochemical
properties (14 descriptors), subdivided surface areas
(18 descriptors), atom counts and bond counts (41
descriptors), Kier and Hall connectivity and Kappa
shape indices (16 descriptors), adjacency and distance
matrix descriptors (33 descriptors), pharmacophore fea-
ture descriptors (12 descriptors), partial charge descrip-
tors (50 descriptors).

5.2.2. Van der Waals surface area descriptors. P_VSA
descriptors are a set of 2D descriptors describing electro-
static, lipophilic, steric, and pharmacophoric properties
in terms of the molecular surface.?” They are quite sim-
ple to calculate (neither 3D calculation nor an alignment
step is required for the calculation of the descriptors),
and thus enable fast in silico screening of large databases
of small molecules. The subdivided surface areas are
based on an approximate accessible van der Waals sur-
face area calculation for each atom (v;) along with an
atomic property (p;). The v; values are calculated using
a connection table approximation. Each descriptor in
a series is defined to be the sum of the v; over all atoms
i such that p; is in a specified range («,b]. The atomic
properties used include lipophilicity (SlogP_VSAO to
SlogP_VSA9), molar refractivity (SMR_VSAO to
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Table 4. Description of a set 11 molecular descriptors use to create the binary QSAR models

Property Name Description

Adjacency and distance matrix descriptors Diameter Largest value in the distance matrix

Atom counts and bond counts a_heavy Number of heavy atoms
opr_nrot The number of rotatable bonds

Partial charge descriptors PEOE_VSA_HYD Total hydrophobic van der Waals surface area
Q_VSA_HYD Total hydrophobic van der Waals surface area

Pharmacophore feature descriptors a_hyd Number of hydrophobic atoms

Kier and Hall connectivity indices chilv_C Carbon valence connectivity index (order 1)
chi0_C Carbon connectivity index (order 0)

Physical properties Slog P log of the octanol/water partition

Subdivided surface areas SlogP_VSA7 Sum of VSAi with logPi in (0.25,0.30]
SMR_VSAS Sum of VSAi with SMRIi is in (0.44,0.485]

SMR_VSA7), and partial charge (PEOE_VSA-6 to
PEOE_VSA+6). The atomic contributions and the cal-
culation of the descriptors are implemented in the
MOE software package version 2006.02.7°

5.2.3. Feature selection. In order to select the optimum
set for the molecular descriptors, QuaSAR-Contingency
was applied to prune a set of 184 2D molecular descrip-
tors. A subset of 11 descriptors having an effect on the
performance of classification of hERG blockers was se-
lected using correlation analysis, contingency analysis,
and uncertainty coefficients (Table 4). In addition,
highly correlated descriptors (> 0.95) were removed
to avoid redundancy. The remaining descriptors in-
cluded adjacency and distance matrix descriptors (diam-
eter), atom counts and bond counts (a_heavy,
opr_nrot), partial charge descriptors (PEOE_VSA_
HYD, Q_VSA_HYD), pharmacophore feature descrip-
tors (a_hyd), Kier and Hall connectivity indices
(chilv_C, chi0_C), physical properties (Slog P) and sub-
divided surface areas (SlogP_VSA7, SMR_VSAY).

5.2.4. Binary QSAR analysis. In Binary QSAR, the bio-
logical activity is expressed in a ‘binary’ format (1, active;
0, inactive) and is correlated with molecular descriptors.
Briefly, the method estimates the probability density Pr
(Y=1| X=x), where Y is a binary variable (Y =1 for
an active and Y = 0 for an inactive) and X is an n-vector
containing the descriptor values (n) for a molecule in the
dataset.3! A binary model assumes that the experimental
result is a binary value (1 or 0) representing pass/fail or
active/inactive. We used the MOE software package to
estimate the above outlined probability density by apply-
ing the Bayes’ theorem.

5.3. Evaluation criteria for binary models

Performance of the binary QSAR models was measured
using standard parameters for classification models.

Table 5. Parameters used for evaluation of classification models

These have been described by Jacobsson et al.®? and
are as follows: (1) the overall classification accuracy of
a prediction model, accuracy = (tp + tn)/(tp + fp + tn +
fn), (2) accuracy on actives = tp/(tp + fn), and (3) accu-
racy on inactives = tn/(tn + fp). Within MOE, the qual-
ity of a binary QSAR model is generally measured using
these three parameters, which are estimated both for the
whole set and by applying a cross-validation protocol
based on a leave-one-out (LOO) procedure.®3-482 We
further calculated (4) precision on actives = tp/(tp + fp),
(5) precision on inactives = tn/(tn + fn), and (6) enrich-
ment factor EF = precision/[(tp + fn)/(tp + fp + tn +
fn)]. In all equations tp = number of true positives,
tn = number of true negatives, fp = number of false pos-
itives, and fn = number of false negatives. The enrich-
ment factor (EF) indicates the relative enrichment of
active compounds in the set of instances predicted to
be active in relation to the fraction of active compounds
in the original dataset. The EF value is a commonly used
parameter in virtual screening and is regarded as good
basis for comparison of different methods and models.
To assess the quality of a classification model, these
parameters should be considered together and none of
the above parameters is an absolute measure of classifi-
cation performance by itself. It has been also suggested
that a classifier can only be seen as really successful if
high precision is accompanied by high recall. The ex-
pected values of the precision and recall for the active
class of a random classifier are given by the ratio of ac-
tives in the entire set and the ratio between the number
of predicted actives and the total number of compounds,
respectively. 823586

5.3.1. GH score. The GH score was used to assess the
‘goodness’ of hit lists obtained from chemical database
searching and from cluster analyses.’” % In binary
QSAR models, the GH score on actives takes into ac-
count both the precision (the fraction of true positives
from those predicted as positives) and the percentage

Total accuracy

Accuracy on actives (recall or sensitivity)
Accuracy on inactives (specificity)
Precision on actives

Precision on inactives

Enrichment factor

Correct overall prediction (fraction of observations correctly predicted)

Predicted actives among active subset (fractions of correctly predicted set of actives)
Predicted inactives among inactive subset (fractions of correctly predicted set of inactives)
Chance that active prediction is correct

Chance that inactive prediction is correct

Relative enrichment of active compounds in the set of instances predicted to be active in

relation to the fraction of active compounds in the original dataset

GH score

Account both of the precision and accuracy
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of actives that are retrieved from the dataset. Without a
difference of weights describing the relative importance
of recall/specificity and precision, the GH score is simply
the mean of accuracy and precision. We calculated the
GH both for actives and inactives. The original GH
score’s equation was adapted as follows: (7) GH score
for actives = tp[(tp + fp) + (tp + fn)]/2(tp + fp)(tp + fn),
(8) GH score for inactives = tn[(tn + fn) + (tn + fp)]/
2(tn + fn)(tn + fp). The closer the values are to one,
the better the models are. Evaluation criteria for binary
models are summarized in Table 5.
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