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Determination of hERG channel blockers using a decision tree
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Abstract—A decision tree approach for the in silico prediction of Torsade de Pointes (TdP)-causing drugs is presented. As TdP is
frequently associated with QT-interval prolongation due to inhibition of the rapid activating delayed rectifier potassium channel in
the heart (hERG channel), the properties of such blockers were investigated by molecular modeling and semi-empirical AM1 molec-
ular orbital calculations. In addition, we derived a pharmacophoric SMARTS string using structural information from high affinity
compounds. A corresponding search in the PubChem database identified several compounds that exhibit QT-interval prolonging
activity that were not among our data set. This SMARTS string furthermore showed to be the most significant descriptor in the
decision tree approach from which guidelines for the design of safe compounds are suggested.
� 2006 Elsevier Ltd. All rights reserved.
1. Introduction

Cardiac arrhythmias due to induced QT-interval prolon-
gation have received increased awareness as side effect of
pharmaceutical treatment and have led to the withdraw-
al of several widely used drugs, particularly COX-2
inhibitors, between 2004 and 2005. Blockade of the de-
layed rectifier potassium current (IKr) is, however, a
well-known mechanism of class III anti-arrhythmic
agents leading to a desired moderate prolongation of
the QT-interval in the electrocardiogram. Further exten-
sion of this time span beyond 440 ms is, however, likely
to cause so-called Torsade de pointes (TdP) with the life-
threatening risk of ventricular fibrillation.1–4 Unlike the
congenital long-QT syndrome, acquired forms have
been associated almost exclusively with the human
ether-á-go-go related gene (hERG) that encodes the
pore-forming a-subunit of the rapid component of the
delayed rectifier current.5,6 Like other potassium chan-
nels this particular hERG channel (Kv11.1) has six
transmembrane helices (denoted S1–S6) but exhibits a
larger cavity that is able to accommodate even large
molecules. These may enter in the open state and subse-
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quently block the channel by preventing it to adopt the
closed conformation. The responsible interaction is
attributed to binding of the substances to specific
residues at the end and the middle of the S6 helix.

Especially Phe656 and Tyr652 at the base of the pore
helix have been identified by mutagenesis studies to be
invoked in binding of high affinity compounds such as
cisapride and terfenadine.7,8 Further residues that were
suggested to be involved are Val625, Thr623, and
Gly648.4 The results of computational docking tech-
niques into homology models of the hERG channel also
agree with the experimental findings.9–13 Hydrophobic
interaction with Phe656, for example, by p–p stacking
of phenyl rings, is frequently observed. Similar interac-
tions are also reported with Tyr652 where alternatively
cation–p interactions with protonated ternary or posi-
tively charged quaternary nitrogen atoms are also possi-
ble (e.g., astemizole and clofilium, respectively).12,14

Further appropriate compounds have been identified
in pharmacophore models that usually comprise three
hydrophobic and one protonable features.4,15–21 On
the other hand, it is obvious that a large number of
drugs match these pharmacophoric features but do not
induce QT-interval prolongation. Nevertheless, hypoth-
eses from the various pharmacophore models are able to
estimate binding affinity to the hERG channel.

Further and combined approaches including conven-
tional QSAR as well as other statistical learning tech-
niques that directly predict affinities for molecules have
been reported by several groups.22–29 For example, Yap
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and co-workers applied a support vector machine
approach to distinguish between TdP-causing and
non-causing molecules.25 Recently, Rajamani et al.26

showed that binding affinities are correlated with corre-
sponding electrostatic and van der Waals energies from
docking results.

To allow in silico screening of compounds, for example,
as filtering tool in lead discovery and optimization to
detect substances with possible implications of the
interconnected issues of TdP, QT-interval prolongation,
and hERG channel blocking, a fast method is desirable
that is based only on information of the ligands. There-
fore, we derived molecular properties and structural
information from a series of compounds for use in a
descriptor based decision tree approach.
2. Results and discussion

To obtain common structural binding motives of exper-
imentally known hERG channel blockers, we initially
derived a homology model based on the MthK channel
from Methanobacterium thermoautotrophicum (PDB
code 1LNQ)30 for the purpose of molecular docking
studies. Corresponding results (data not shown) did,
however, not provide unambiguous hints of structural
features that are indispensable for high affinity binding
to the hERG channel. Thus, we searched for substruc-
tures present in known inhibitors. Several of such molec-
ular fragments were suggested earlier, for example, by
Tobita et al. 22,27 as well as by Roche and co-workers.
Recently Song and Clark identified a large series of frag-
ments to quantitatively express hERG binding affinity.29

The reported substructures, however, comprise either
substituents of low complexity that are common in
many drugs, or very specific groups that are present only
in a small fraction of TdP-causing agents.

The majority of hERG channel blockers contain a ter-
nary nitrogen that can be part of a six-membered ring
and have varying substituents. In the proximity of this
nitrogen hydrophobic moieties like aromatic rings or ali-
phatic chains are found. Hydrophobic substituents of
ternary nitrogens have been suggested as pharmaco-
phores frequently.2,4,16,17,19,20,28 We observed that the
aliphatic chain length strongly varies, while the distance
between the nitrogen and the first aromatic carbon rang-
es from 2 to 4 bonds. Roche et al. also noted that specific
alkyl-benzene motives were present in 49% of their
investigated hERG blockers.22 Including these features
we yielded the pharmacophoric substructure shown in
Figure. 1. Note that the aromatic moiety includes any
N

[C,H] (n=1,2,3)

Figure 1. Graphical representation of the SMARTS string

N([H,C])(C)(C[!O]* � * � c) termed PHARM$ that was derived from

common structural features of hERG channel blockers.
kind of aromatic ring system. To exclude a series of
non-TdP-causing drugs containing peptide bonds,
the presence of a vicinal oxygen was furthermore
ruled out. Applying the SMARTS notation31 this
pharmacophoric substructure can be expressed as
N([H,C])(C)(C[!O]* � * � c). This string is hereafter re-
ferred to as PHARM$. It contains the scaffold suggested
by Roche et al. as well as two of the patterns used by
Tobita et al. as substructures.22,27 For the amide frag-
ment (C–C(@O)–N) that is ruled out by PHARM$,
Song and Clark found a negative contribution
(�0.352) in a linear support vector regression equation
for hERG binding affinity.29

Using this SMARTS string for substructure search in
the PubChem database51 we obtained among other
well-known hERG channel blockers clobutinol, amodi-
aquine, fluphenazine, fentanyl, and melperone (see
Fig. 2). All of these agents were neither part of the train-
ing nor the test set used in this study. The common anti-
tussive clobutinol has been shown to induce TdP in a
case of congenital long QT syndrome, whilst an IC50

value of 2.9 lM was measured in African green monkey
kidney cells.32 Similar effects were also observed during
anesthesia with fentanyl.33 For the anti-psychotics flu-
phenazine and melperone as well as for the anti-malarial
amodiaquine various levels of heart rate changes and
QT-interval prolongation have been reported
recently.34,35

To further test the significance of PHARM$ for the pre-
diction of TdP-causing substances, a decision tree algo-
rithm was applied. This recursive partitioning scheme
generates rules based on the numerical data of the avail-
able descriptors for each molecule. At each branching
point the respective descriptor is chosen that is able to
achieve the best separation possible. In this case, a clas-
sification of TdP-causing and non-TdP-causing drugs
was desired. The obtained topology of the decision tree
is shown in Figure 3, where the respective descriptor is
denoted with an alphanumerical abbreviation that refers
to Table 1. We generated two decision trees with a dif-
ferent number of available descriptors. For the genera-
tion of tree 1 a total of 123 descriptors with non-zero
variance were available, whereas for tree 2 the addition-
al descriptor SIMAST was applicable. This variable
expresses the similarity of each substance based on its
molecular fingerprint compared to the reference com-
pound astemizole (see Section 4 for details). As can be
seen in Table 1, SIMAST is used in favor of MR and
LOGP two times, respectively. In this context SIMAST
incorporates a higher information content than either
LOGP or MR.

The pharmacophoric string PHARM$ is chosen as the
very first descriptor allowing correct classification of al-
ready more than 71% of all compounds in both decision
trees. Therefore, it is the most significant descriptor to
separate TdP-causing from non-TdP-causing agents
among the available variables. Furthermore, it can be
assumed that occurrence of the corresponding substruc-
ture renders a substance as potential hERG channel
inhibitor and likewise as TdP causing. Based on match-
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Figure 2. Using the SMARTS string given in Figure 1 for a search in the PubChem database yielded these additional drugs that turned out to be

associated with QT-interval prolongation. The matching substructures are marked bold.
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Figure 3. Topology of the decision trees for the prediction of TdP-causing activity (+/�). Descriptors used are shown in boxes and listed in Table 2
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ing of PHARM$ alone, only 13 compounds from the
training and test set (3.8%) were misclassified as false
positives (TdP+). These comprise butenafine, cefoperaz-
one, clopidogrel, dicloxacillin, ethotoin, glimepiride,
levamisole, piperacillin, raloxifene, ritonavir, vincristine,
vinorelbine, and zileuton. A closer inspection of these



Table 1. Comparison of the derived decision treesa

Property Tree 1 Tree 2

Descriptor Marginb Descriptor Marginb

A PHARM$ 1 PHARM$ 1

B1 HACSUR 0.05967 HACSUR 0.05967

B2 T1E 27.074 T1E 27.074

C1 HY 64 HY 64

C2 SGECA 17.0816 SGECA 17.0816

C3 DIPDENS 0.00385 DIPDENS 0.00385

C4 T2E 2.783 T2E 2.783

D1 HLSURF 0.33763 SIMAST 0.55556

D2 MDE23 17.0804 MDE23 17.0804

D3 MR 169.72 SIMAST 0.36842

D4 MR 43.65 MR 43.65

D5 MR 104.33 SIMAST 0.45455

D6 MR 134.09 MR 134.09

E1 CHBBA 16.09 HLSURF 0.33763

E2 MR 29.25 QSUM� �4.42

E3 LOGP 3.45 SIMAST 0.23810

E4 QSUMN �1.58 QSUMN �1.58

E5 LOGP 4.04 SIMAST 0.57143

E6 QSUMN �0.25 QSUMN �0.25

F1 MGHBD 12.258 CHBBA 16.09

F2 MR 18.5 MR 29.25

G1 MR 268.85 MGHBD 12.258

G2 MR 98.7 MR 18.50

H1 — — MR 268.85

H2 — — MR 98.70

Accuracy

Training set false positives 0.0% 0.0%

Training set false negatives 8.3% 6.8%

Training set total 91.7% 93.2%

Test set false positives 2.7% 2.7%

Test set false negatives 21.3% 17.3%

Test set total 76.0% 80.0%

a Descriptors used at branching points of the decision trees in Figure 3. All descriptors are listed in Table 2.
b Values below this number cause branching to the upward direction, otherwise downwards.
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molecules revealed distinct structural motives: lactones
(e.g., penicillin derivatives) and multiple (sometimes over-
lapping) occurrence of amide patterns. PHARM$ match-
es furthermore substances where nitrogen is in bridgehead
position of two or more fused rings (e.g., vincristine and
vinorelbine). Except for ethotoin and zileuton all others
were correctly predicted as non-TdP causing at later
branching points in the decision tree, most of them due
to higher values of DIPDENS at node C3 (see below).

Following this first separation, the two subsequent lay-
ers of both decision trees contain identical descriptors
(B1 to C4) accounting for molecular surface properties.
The ability of a molecule to accept hydrogen bonds can
be expressed by its surface portion of appropriate atoms
such as nitrogen, oxygen, and sulfur. A ratio of less than
0.05967 for HACSUR indicates agents with a more
hydrophobic surface as potential TdP causing. Heteroa-
toms in general cause a more unequal charge distribu-
tion in the molecule compared to hydrocarbons and a
higher dipole moment. The corresponding atomic charg-
es enter into the topological electronic descriptors T1E
and T2E that are, however, less easy to interpret, but
also determine the dipolar density (DIPDENS). Com-
puted values above the margin of 0.00385 are found to
be typically for polar non-TdP-causing drugs. Conse-
quently, more hydrophilic substances are less likely to
be TdP causing. This is also apparent from descriptors
such as LOGP and the molar refractivity (MR). Accord-
ing to the first decision tree, substances are likely to be
TdP causing for log P values higher than 3.45.

From the topological descriptors SGECA and HY, the
latter indicates that non-TdP-causing molecules should
possess less than 64 hydrogen atoms. A different choice
of descriptors in the decision trees is seen from the third
layer on (starting at D1), where SIMAST replaces
HLSURF and particularly MR and LOGP several
times. These variables are related to the hydrophobicity
as expressed either by the calculated log P or due to the
halogen content (HLSURF), and likewise the molar
refractivity (MR). These indicate those drugs as TdP
causing that exhibit a higher similarity to astemizole
and/or possess a very high content of halogens (i.e., chl-
oralhydrate). As the molar refractivity increases with
growing size of the molecule it is difficult to assign a
common margin. Therefore, we found values ranging
from 29 up to 269. For typical blockers of the hERG
channel, Buyck et al. suggested an upper barrier of
176 for MR.23
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Descriptors retained at identical positions in the deci-
sion tree account for specific features, that is, the
branching topology of the carbon skeleton (MDE23)
and the sum of the atomic charges on the nitrogen atoms
(QSUMN). Put together, these two variables resemble
the frequently found pharmacophore models of hERG
channel binders, for example, a protonable nitrogen
atom surrounded by hydrophobic carbon atoms.4 This
is reflected by low values for the sum of the atomic
charges on the nitrogen atoms (QSUMN) at E4 and
E6. Except for SIMAST, the only additional variable
appearing in tree 2 is QSUM� replacing MR at position
E2. Seemingly, the sum of the negative atomic charges
that predominately arises from heteroatoms shows a
lower variance here, than does the molar refractivity.
Interestingly, three descriptors common to both decision
trees are found at different branching points: HLSURF,
CHBBA, and MGHBD. SIMAST is used in favor of
HLSURF at position D1, that itself replaces CHBBA
at E1. CHBBA again supersedes MGHBD that reap-
pears at the later branching point G1. This is not sur-
prising, because MGHBD contains topological data
only (the minimal Euclidean distance between two
hydrogen-bond donor atoms) and CHHBA expresses
the covalent hydrogen-bond basicity (a quantum chem-
ical property), while SIMAST incorporates the finger-
print similarity. It can therefore be concluded that the
information content decreases along the sequence SI-
MAST, HLSURF, MGHBD at least in this context. A
similar criterion to MGHBD (the minimal geometric
distance between two hydrogen-bond donor atoms)
was recognized by Roche and co-workers who reported
that 30% of the blockers in their study possessed pairs of
hydrogen-bond donors separated by six bonds.22 As
MGHBD appears in a rather late stage in the decision
tree, this distance seems to be of minor relevance.

The introduction of SIMAST as available descriptor im-
proves the accuracy in predicting TdP-causing agents in
tree 2. A closer investigation of the compounds found in
terminating leaves showed that most of the improve-
ment was due to the descriptor QSUM� at position
E2 that was able to predict another four compounds
(gatifloxacin, granisetron, moxifloxacin, and tizanidine)
correctly as TdP causing that were misclassified in tree
1. This is due to the less negative partial charges on
the heteroatoms in the vicinity of the protonable nitro-
gen compared to irinotecan and tolazamide that are
non-TdP-causing compounds. Otherwise, the partition-
ing is rather similar in both trees. Most of the TdP-caus-
ing drugs appear in the terminal leaf after E6, whereas
the vast majority of non-TdP substances are present in
the terminal leaves of G1 and H1, respectively. All of
the falsely predicted compounds are also found in these
leaves (22 in tree 1 and 18 in tree 2, respectively). These
comprise predominately drugs of low molecular weight
such as epinephrine, dopamine, isoproterenol, and nor-
epinephrine that possess only few chemical features.
Obviously there are no descriptors present that would
allow a further conclusive classification of those remain-
ing substances in these leaves. Nevertheless, we observe
a very low percentage of false positive predicted com-
pounds (below 3%) for both the training and the test
set (see Table 1). This indicates that drugs classified as
TdP causing by this algorithm are highly likely to bind
to the hERG channel.

In a comparable decision tree approach of Buyck
et al., hERG binding compounds were indicated based
on sufficient lipophilicity, a range of the molar refrac-
tivity, and a protonable nitrogen atom.23 The applied
descriptors comprised C log P, MR, and the pKa of
the most basic nitrogen. Again the agreement with
the published pharmacophore models is striking.
While similarly derived log P and MR data appear
in our two decision trees as well, the protonable nitro-
gen is described by two variables. First, the occurrence
of an appropriate substructure according to the
PHARM$ string and second, the sum of the atomic
charges on the nitrogen atoms (QSUMN), whereas
the first criterion is not stringent. Yap and co-workers
applied several machine learning algorithms to classify
TdP-causing agents.25 Using the C4.5 decision tree
program they yielded a lower overall accuracy for
their test set (65.4%) than in our approach (80.0%).
This can be attributed at least in part to the restric-
tion to solely five descriptors, namely the LFER
descriptors.36,37 These have shown to be applicable
to phase transfer processes since they incorporate
hydrogen-bonding, lipophilicity, polarity, and molecu-
lar size properties. The best results (97.4% of TdP
causing and 84.6% of non-TdP-causing compounds)
were, however, achieved by using a support vector
machine (SVM) approach. SVM algorithms generate
a hyperplane that separates the two different classes
in the underlying multidimensional space spanned by
the descriptors. Although the prediction accuracy
may benefit from this approach, the interpretation is
rather complicated. In contrast to conventional QSAR
equations, the effect upon changing the value of a spe-
cific descriptor cannot be predicted unequivocal. Like-
wise, the combined use of descriptors to partition
compounds, as it can easily be done by a decision
tree, is not possible and thus complicates the transfer
of results to the design of new compounds with de-
sired properties. Similarly, the use of descriptors
reflecting the presence of certain chemical substituents
(e.g., halogen atoms) and molecular substructures
(such as SMARTS strings) is attractive for medicinal
chemists.

According to our results, a compound is likely to bind to
the hERG channel and cause TdP if it contains the sub-
structure as given by SMARTS string PHARM$. The
likelihood for TdP increases furthermore if the calculat-
ed log P is higher than 3.5 and an appropriate proton-
able basic nitrogen is present as indicated by a value
for QSUMN lower than �0.25. Corresponding atomic
charges may alternatively be derived from other charge
fitting procedures than the electrostatic potential fit ap-
plied here. For compounds that do not match
PHARM$ potential TdP risk is likely in the case of a
predominately hydrophobic surface (HACSUR
< 0.05967) and the appearance of 64 or more hydrogen
atoms in the molecule, due to extensive hydrocarbon
skeletons, few heteroatoms (N, O, and S), and very high
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halogen content. To design non-TdP-causing drugs,
thus following substituents of ternary nitrogens should
be avoided: unsubstituted phenyl rings and aromatic
ring systems that contain only hydrophobic substituents
such as fluorine, as well as unsubstituted hydrocarbon
chains as linkers. Conversely, the appearance of multiple
amide fragments may render a compound less likely to
induce TdP.
3. Conclusion

From structural information of drugs with high binding
affinity to the hERG potassium we derived a pharmaco-
phoric SMARTS string. Its ability for in silico filtering
of potential Torsade de Pointes-causing substances was
tested by performing a substructure search in the Pub-
Chem database, that identified several drugs related to
QT-interval prolongation that were not in our set of
data before. Based on this SMARTS string alone, 71%
of all compounds were classified correctly according to
their TdP-causing potential. This renders the SMARTS
string the most relevant descriptor in our decision tree
approach. The presence of further variables supports
the assumption of a protonable nitrogen atom sur-
rounded by hydrophobic moieties as typical features of
substances likely to bind to the hERG channel and/or
cause TdP.
4. Method

4.1. Decision tree

The algorithm for deriving binary decision trees was
previously developed in our laboratory and is described
in full detail elsewhere.45 It is based on recursive parti-
tioning and creates an iterative branching topology in
which the branch taken at each intersection is deter-
mined by a rule related to a descriptor of the molecule.
Finally, each terminating leaf of the tree is assigned to a
class.46 Therefore, easy assumptions about the effect of
each descriptor at a branching point are possible. To
avoid excessive partitioning, here the maximum branch-
ing depth is limited to 8.

4.2. Drug data set

The chemical substances used in this study have been
related to either blocking of the hERG channel, QT-
prolongation, or TdP, for example, belonging to one
of the classes 1–4.22,47,48 Class 1 comprises drugs with
a risk of TdP such as amiodarone and agents that al-
ready have been withdrawn, for example, astemizole,
cisapride, grepafloxacin, and sertindole. Class 2 con-
tains drugs with a possible risk of TdP that have been
associated with TdP and/or QT-prolongation in some
reports. Drugs to be avoided by congenital long QT
patients are found in class 3, for example, adrenergic
agonists such as ephedrine and isoproterenol. Finally,
class 4 collects those compounds that have been weak-
ly associated with TdP and/or QT-prolongation in
some cases, but are unlikely to be a risk when used
in usual recommended dosages and in patients with-
out other risk factors. Substances in this class are pre-
dominately anti-depressants, anti-fungals, and
antibiotics.48

The compounds of the training and test set used for the
decision tree approach consist of a total of 339 mole-
cules. The selection of TdP- and non-TdP-causing
agents is essentially identical to those compiled by Yap
et al.25 but excluding following compounds found to
be problematic: anakinra (large polypeptide), colestipol
and cholestyramine (polymeric anion-exchange resins),
trimetaphan camsilate (negative counterion), as well as
fluconazole, miconazole, and troleandromycin. These
three anti-infectives are reported by B. Fermini3 to cause
QT-interval prolongation but have been assigned as
non-TdP-causing agents by Yap et al.25 Thus in the con-
text of the decision tree approach, molecules belonging
to one of the classes 1, 2, or 3 are considered as TdP
causing. Yap et al. have excluded most of the agents
in class 4 due to the unclear association except for ampi-
cillin, sulfamethoxazole, and trimethoprim that they
classified as non-TdP causing. This gives rise to a ratio
of TdP-causing to non-TdP-causing compounds of 67
to 197 in our training set and 37 to 38 in the test set,
respectively.

It should be kept in mind that TdP is frequently associ-
ated with QT-prolongation, as TdP-causing agents are
expected to act through hERG channel blockade and
all drugs exhibiting high affinity to the hERG channel
cause QT-prolongation.49 The converse reasoning is cer-
tainly not true (e.g., procainamide and disopyramide
cause TdP but are not potent inhibitors of the hERG
channel).50 Consequently these issues cannot be handled
fully independently, at least in the context of in silico
approaches.

4.3. Calculation of molecular descriptors

2D structures of the investigated compounds were ob-
tained from the PubChem database, manually convert-
ed into 3D coordinates, and subsequently structurally
optimized using the MM+ force field as implemented
in HYPERCHEM for further use.51,52 The obtained
conformation was visually inspected for errors before
generating the descriptors. A total of 155 descriptors
and numerical properties were computed for each sub-
stance. Of those, 21 were discarded as they showed
zero variance among their data range. The full list
of all computed descriptors is given in the supplemen-
tary material. The majority of the variables were ob-
tained from quantum chemical calculations using a
modified version of the semi-empirical program pack-
age VAMP applying the AM1 Hamiltonian.53,54 Com-
pounds were energetically optimized to a gradient
norm below 0.25 kcal mol�1 Å�1 using the default
eigenvector following algorithm.55 Values for log P
and the molar refractivity (MR) were computed with
HYPERCHEM according to the approach of Viswa-
nadhan et al.56 Descriptors were generated from the
respective output files using PERL scripts to obtain
appropriate input data for the decision tree algorithm.



Table 2. Descriptors used in the decision tree

Variable Descriptor definition Reference

PHARM$ SMARTS string N([H,C])(C)(C[!O]* � * � c) This studya

HACSUR Ratio of surface of hydrogen-bond acceptor atoms (N, O, and S) to total surface This studya

T1E Topological electronic index using the number of non-hydrogen atoms 38

HY Number of hydrogen atoms —

SGECA Sum of Kier and Hall E-states on carbon atoms based on geometrical distance 39

DIPDENS Dipolar density (=dipole moment/molecular volume) 40

T2E Topological electronic index using the number of bonds between non-hydrogen atoms 38

HLSURF Ratio of surface on halogen atoms to total surface This studya

SIMAST Fingerprint similarity compared to astemizole This studya

MDE23 Molecular distance-edge vector k23
41

MR Molar refractivity 56

CHBBA Covalent hydrogen-bond basicity 42

QSUM� Sum of negative ESP charges 43

LOGP Calculated water/n-octanol partition coefficient 56

QSUMN Sum of atomic charges on nitrogen atoms 44

MGHBD Minimal geometric distance between two hydrogen-bond donor atoms This studya

a See Section 4 for details. A full list of all computed descriptors available to the decision tree algorithm is provided as supplementary material.

Table 3. SMARTS strings used for deriving the molecular fingerprints

ON(C)C [!C;H]AA[CH2]A

OC(O)O [!C;H]AAA[CH2]A

C#C OC(N)C

NC(O)O [!C][CH3]

NO NAAAO

C[!C](C)(C)A C=C

[!C][F,Cl,Br,I] A[CH2]N

[S;R] aa(a)a

NC(C)N [!C]A([!C])[!C]

OS(O)N AA(A)(A)A

SAN O[!a]a

NN [CH3]AA[CH2]A

[!C;H1]AA[A;H1][!C] [N;R]

[!C;H1]AA[!C;H] OCO

OSO A[CH2]AA[CH2]A

ON(O)C OA[CH2]A

a-a N[!a]a

a-AS [!C;R]

cn [OH]

CC(C)(C)A aaO

[!C;H][!C;H] A[!a]@A[!a]

OAAO A[CH2][CH2]A

[CH3]A[CH3] A[!C](A)A

aaS [NH1]

NAN OC(C)O

NAAAN C-N

A[CH2][!C;H] [NH2]

[NH2] [CH2][!C][CH2]

OAAAO
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Those descriptors that are used at branching points
are listed in Table 1 together with the assigned mar-
gins. Table 2 shows a brief description of these vari-
ables and references that contain a more detailed
description. Specific descriptors used are defined as
follows: MGHBD is the minimal geometric distance
between two atoms that possess hydrogen-bond donor
properties. The molecular van der Waals surface was
partitioned into special areas, where HLSURF is the
ratio of the surface area on all halogen atoms to the
total surface area and HACSUR is the ratio of the
surface area belonging to atoms with hydrogen-bond
acceptor characteristic (nitrogen, oxygen, and sulfur)
to the total surface area, respectively.
To account for the presence of specific molecular sub-
structures, the SMARTS strings notation was used.31

For this purpose corresponding SMILES57 for each
compound were generated and checked for matching
SMARTS strings (see Table 3) using the ‘obgrep’ com-
mand of Open Babel.58 This gave rise to a 57 bit long
fingerprint reflecting the occurrence of corresponding
substructure fragments. These can be regarded as a sub-
set of the MDL key set.59 A similar subset was used by
Ajay and co-workers to derive fingerprints.60 For each
compound the Tanimoto coefficient61 of its fingerprint
compared to that of the reference molecule astemizole
was computed. Astemizole was chosen as it is one of
the most potent blocking agents of the hERG channel
and that with the highest binding affinity among our
compound set. This similarity index was therefore
termed SIMAST. Based on common structural features
of hERG channel blockers (see Section 2) we derived the
‘pharmacophoric’ SMARTS string PHARM$ (see
Table 2 and Figure 1.
Supplementary data

Supplementary data associated with this article can be
found, in the online version, at doi:10.1016/j.bmc.
2006.03.043.
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24. Keserü, G. M. Bioorg. Med. Chem. Lett. 2003, 13, 2773–
2775.

25. Yap, C. W.; Cai, C. Z.; Xue, Y.; Chen, Y. Z. Toxicol. Sci.
2004, 79, 170–177.

26. Rajamani, R.; Tounge, B. A.; Li, J.; Reynolds, C. H.
Bioorg. Med. Chem. Lett. 2005, 15, 1737–1741.

27. Tobita, M.; Nishikawa, T.; Nagashima, R. Bioorg. Med.
Chem. Lett. 2005, 15, 2886–2890.

28. Aronov, A. M. Drug Disc. Today 2005, 10, 149–155.
29. Song, M.; Clark, M. J. Chem. Inf. Model. 2006, 46, 392–

400.
30. Jiang, Y.; Lee, A.; Chen, J.; Cadene, M.; Chait, B. T.;

MacKinnon, R. Nature 2002, 417, 515–522.
31. Daylight Chemical Information Systems Inc., Suite 550,

Aliso Viejo, CA 92656, see http://www.daylight.com for
full details of SMILES and SMARTS.
32. Bellocq, C.; Wilders, R.; Schott, J.-J.; Louéreat-Oriou, B.;
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