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A QSAR based predictive model of hERG activity in terms of ‘global descriptors’ has been developed and
evaluated. The QSAR was developed by training 77 compounds covering a wide range of activities and
was validated based on an external ‘test set’ of 80 compounds using neural network method. Statistical
parameters and examination of enrichment factor indicated the effectiveness of the present model.
Randomization test demonstrated the robustness of the model and cross-validation test further validated

the QSAR. Domain of applicability test indicated to the high degree of reliability of the predicted results.
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Satisfactory performance in classifying compounds into ‘active’ and ‘inactive’ groups was also obtained.
The cases where the QSAR failed, the possible sources of errors have been discussed.

© 2010 Elsevier Masson SAS. All rights reserved.

1. Introduction

The potassium channel encoded by the human ether-a-go-go
related gene (hERG) is well known for its important role to the
electrical activity of the heart that coordinates the heart’s beating.
hERG potassium channel allows for the rapid efflux of potassium
ions from the cell, which is required for repolarization of the
ventricles in preparation for the next cardiac cycle [1-3]. Blockage
of this channel is associated with prolongation of the QT interval
known as ‘long QT syndrome’, potentially leading to ventricular
arrhythmia or other adverse cardiovascular effects and causing
sudden death [1,4,5]. hERG channels are extraordinarily sensitive to
blockage by large number of structurally diverse drugs [4—6].

The blockage of hERG channel by a wide number of diverse
compounds has become a major concern in drug design as such
blocking agents can cause sudden cardiac death [4—7]. In the recent
years, several blockbuster drugs, like terfenadine, droperidol, lido-
flazine, sartindole, levomethadyl, cisapride etc., have been withdrawn
from the market due to their proven adverse hERG activities [5—13].
The potential of a drug candidate to inhibit the hERG channel is
therefore of significant concern to the pharmaceutical industry
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[14,15]. Pharmaceutical companies have successfully developed and
utilized higher throughput techniques for the early detection of
compounds that block hERG, and this has helped reducing the
number of compounds that fail in the late stages of development.
However, this screening-based approach is expensive and consumes
significant amount of new chemical entities (NCE). Given the cost,
labor associated with in vitro assays to assess the hERG liability of
NCEs, the development of In Silico tools to filter out potential hERG
channel inhibitors in early stages of the drug discovery process is of
great interest.

Considerable amount of computational work has been done in
predicting hERG activities of compounds and classifying compounds
into hERG active and hERG-inactive groups In Silico to aid the drug-
design work. Various techniques have been applied in finding
appropriate molecular descriptors for modeling structure—activity
relationships, for example, substructure analysis, self-organizing
maps, principal component analysis, partial least squares fitting, and
neural networks [16—26]. However, in such a developing area,
always there is a need of new models for achieving better accuracy
and improving insights.

In the present work we have developed a computational model
using ‘global molecular descriptors’ to predict the potential of given
compounds as hERG channel inhibitors. The performance of the
generated model assessed in terms of statistical quantities and its
proven ability of fishing out the hERG active compounds from
a mixture of hERG active and inactive compounds indicate the


mailto:nandita@chembiotek.com
mailto:srikanta@chembiotek.com
mailto:srikanta@chembiotek.com
www.sciencedirect.com/science/journal/02235234
http://www.elsevier.com/locate/ejmech
http://dx.doi.org/10.1016/j.ejmech.2010.11.042
http://dx.doi.org/10.1016/j.ejmech.2010.11.042
http://dx.doi.org/10.1016/j.ejmech.2010.11.042

N. Sinha, S. Sen / European Journal of Medicinal Chemistry 46 (2011) 618—630 619

usefulness of the present predictive model. Prediction of pICsg
values of individual compounds as well as classification of pre-
dicted ‘active’ and ‘inactive’ compounds have been discussed here.
In this model the selection of relevant ‘global descriptors’ was made
based on physical reasoning. The training set compounds were
selected from a collection of compounds from literature with
known experimental activity data. Selection of the training set was
done carefully avoiding any activity value bias. Multiple statistical
parameters have been used in characterizing the performance of
the present model. High degree of enrichment in prediction has
been demonstrated explicitly. Finally, it has been suggested that
a single QSAR cannot assess hERG activities of all varieties of
compounds in general. Several new features make the present
work distinct from the other similar In-Silico hERG prediction
works. These are outlined below.

(i) Only simple ‘global descriptors’ derivable directly from the 3D
structures of the compounds have been used. No quantum
chemical descriptors have been used.

(ii) Robustness of the QSAR has been demonstrated explicitly by
using the method of randomization of experimental data. To
the best of our knowledge this has not been done in earlier
QSAR related publications on hERG prediction.

(iii) Enrichment effect in the results obtained by applying the
QSAR for hERG activities has been demonstrated for the first
time.

(iv) Analysis of cross-validation (leave one out) test and random-
ization test on the hERG classification data for the training set
molecules have been included.

(v) Consideration of ‘domain of application’ has provided better
confidence on the reliability of the predicted activities of test
compounds and other unknown compounds.

The present work provides a simple predictive In-Silico model
that is reasonably accurate in predicting the pICsg values of indi-
vidual compounds from its 3D structures and also can effectively
discriminate between hERG active and inactive compounds. The
present QSAR has been validated on a larger independent test set
compounds. The data analysis also provides significant insight on
the applicability of such a statistical model as well as identifying the
features relevant for hERG activity. Any predictive model based on
statistical methods is bound to have some failures which are
characteristics of statistical method itself. Likewise, our model also
failed in some cases. We have discussed the possible reasons
behind the observed failures.

2. Methods
2.1. Basis of selection of descriptors

Over the last decade extensive modeling of the hERG channel has
been carried out, including homology modeling and site-directed
mutagenesis, to identify key binding sites [19,27—29]. As diverse
compounds are known to bind to hERG it is logical that the binding is
driven mostly by non-specific interactions which indicates that
hydrophobic interaction should play a major role in determining the
binding potential of a given compound. In order to get better insight
on this issue, 30 most active (pICsp > 6.0) and 25 most inactive
(pICs0 < 4.0) compounds were selected from our collected dataset
and the average logP and volume were calculated for both the most
active and the most inactive sets. The average value of the predicted
logP values for the most active molecules was found to be 5.1
(rmsd = 1.8) while for the most inactive compounds the respective
value was found to be 2.2 (rmsd = 1.7). This signifies that most of the
hydrophobic or non-polar molecules have the tendency to be hERG

active. Similarly the average volume of the most hERG active
compounds was 501 A3 (rmsd = 118 A3) and for the most inactive
ones it was 347 A3 (rmsd = 131 A®) indicating that the molecules
having smaller size and shape will be less probable to be hERG
active. Also, the non-specific nature of binding implies that molec-
ular descriptors that describe the molecule in global fashion may be
the most important generalized descriptors to address large varie-
ties of compounds. By ‘global descriptors’ we mean molecular
descriptors that characterize a compound as a whole. For example,
descriptors like polar surface area or volume characterize
a compound in a wholistic fashion and thus are global characteristics
of molecules. In that sense, molecular weight, volume, number of
H-bond acceptors, number of H-bond donors, number of carbon,
polar surface area and non-polar surface area, etc., are expected to be
good global descriptors in this case. For the size, shape and flexibility,
volume and number of rotatable bond may be considered as suitable
descriptors in this respect. Average distance between accept-
or—acceptor, acceptor—donor and donor—donor may also be
important descriptors to have an idea how the acceptors and donors
are distributed in 3D. During generating the 3D models of the
compounds, the geometry of the molecules are optimized by
molecular mechanics force field of Discovery Studio platform. This
geometry-optimized 3D conformation was used for computing the
conformation dependent descriptors, as there is no rational available
for considering the correct conformation. Moreover, in considering
the stereoisomeric compounds, if the stereoisomeric nature is
explicitly given in the reference, we have used that. In the other
cases we have used any of the two possibilities. We have checked
that as we are using descriptors of global nature, the values of the
descriptors and the predicted activities depend insignificantly on the
actual stereoisomeric form in the present work. Thus, based on the
physical reasoning on binding, we have selected 12 descriptors and
they are (i) number of acceptor, (ii) number of basic nitrogen, (iii)
number of carbon, (iv) acceptor—acceptor average distance, (V)
donor—donor average distance (vi) volume,(vii) polar surface
area, (viii) non-polar surface area,(ix) number of rotatable bond,
(x) donor charge,(xi) acceptor charge and (xii) dipole moment.
Even though logP appears to be an important determinant of the
hERG activity we have not considered logP explicitly in the
descriptor set and its effect has been taken care of through other
basic descriptors like polar surface area, non-polar surface area,
number of acceptor, number of carbon etc. All the global
molecular descriptors were computed from the 3D models by
computer (FORTRAN) codes developed in-house. Use of 3D
descriptors are advantageous in considering features like polar
surface area, non-polar surface area, dipole moment etc., that
have important roles in determining the interactions between
the compound and the receptor. Such descriptors cannot be
obtained from 2D structures. We have used global descriptors
that contain both conformation independent and dependent
descriptors. The main reason for choosing ‘global molecular
descriptors’ that are not very specific to individual compounds, is
to capture diverse compounds in the QSAR.

2.2. Collection and compilation of dataset

All the molecular structures and the experimental activity data
were collected from the published literatures. As a result, the
experimental conditions and accuracies of the data may vary
significantly. However, we have paid equal status to all the data
used in the present work. It may further be pointed out that many
of the compounds reported in the literature were common or very
similar and thus were discarded. In some cases we were not very
sure about the structures and those were ignored. Considering all
these factors finally, a total of 157 compounds with their known
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Table 1

e Smiles strings of the training set compounds along wi eir experimental pICsg values, predicted pICsg values, errors (p -p in predictions and the references
The Smiles st fthe t t dsal th th tal pICso val dicted pICsg val 1CPE _ plcred dict d the ref
to literature sources are summarized.

No Smiles string of the compound Expt pICsg Pred pICsg Error Ref
1 0=C2NC(=0)NC(=0)C2(CC)c1cccccl 2.52 3.73 -1.21 [21]
2 Clc2ccc1n(cc(c1c2)C(CC)CC)c3ccc(F)ec3 2.83 3.77 -0.94 [22]
3 Clc2ccecIn(cc(c1c2)C(=0)CC)c3ccc(F)cc3 2.70 422 —1.52 [22]
4 Clc2ccc1n(cc(CC)c1c2)c3cec(F)ec3 2.46 4.01 -1.55 [22]
5 Fc5c¢(N2CC1C(NCCC1)C2)c(0C)c4N(C3CC3)\C=C(/C(=0)c4c5)C(0)=0 3.89 3.96 -0.07 [23]
6 0O(C)clec(cc(0C)c10C)Cc2enc(N)nc2N 3.62 3.73 -0.11 [22]
7 0=C(/3\C=C/C2(C)CC(0)C1C(0C(=0)C1C)/C2=C\3C 3.96 3.97 —0.01 [22]
8 O=C(NCCN(CC)CC)clccc(N)ccl 3.86 5.00 -1.14 [21]
9 Fc4c(N1CCNCC1)cc3N(C2CC2)\C=C(/C(=0)c3c4)C(0)=0 3.02 4.27 -1.25 [21]
10 C1(CCCN1C)c2encec2 3.61 416 -0.55 [18]
11 Fc4c(N1CC(NCC1)C)c(0OC)c3N(C2CC2)\C=C(/C(=0)c3c4)C(0)=0 3.89 3.84 0.05 [23]
12 clcec2¢(c1)SC(C(C(N2CCN(C)C)=0)0C(=0)C)c3ccc(0C)cc3 4.76 4.75 0.01 [18]
13 OC(c1cececl)(c2cceec2)CA4CCN(CCCC(O)c3cec(C(C)(C)C(0)=0)cc3)CC4 4.64 5.51 -0.87 [23]
14 Fc4c(N1CC(NCC1)C)cc3N(C2CC2)\C=C(/C(=0)c3c4C)C(0)=0 430 4.47 -0.17 [23]
15 clc(cec(c1)C(=0)0)n2cc(c3c2ccc(c3)Cl)CA4CCN(CC4)CCN5C(NCC5)=0 413 539 -1.26 [19]
16 clc(cec(c1)F)n2cc(c3c2ccc(c3)Cl)CCC 4.59 3.66 0.93 [19]
17 clc(cec(c1)F)n2cc(c3c2cec(c3)CHC(CC)(CC)o 4.80 5.10 -0.30 [19]
18 O=C(N)C(CCN(C(C)C)C(C)C)(c1cceecT )e2necec2 4.04 5.12 -1.08 [21]
19 S(=0)(=0)(N1CCN(CC1)CC)c2cc(c(0CC)cc2)C=4Nn3c(nc(c3C(=0)N=4)C)CCC 4.89 547 —0.58 [21]
20 Clc2ccc(C(CCN(C)C)c1nceccl )ec2 4.68 5.04 -0.36 [21]
21 01C(CCC1)C(N2CCN(CC2)c3nc4c(c(n3)N)cc(0C)c(0C)c4)=0 4.75 533 -0.58 [21]
22 clcceec1C(c2cec(cc2)C)N3CCN(CC3)CCOCC(0)=0 4.50 5.86 -1.36 [20]
23 FC(F)Oc1ccc(cc10C(C)C)C(\C2=C\NC(\C=C2)C(0)(C)C)C=3\C=N/C(=0)CC=3 4.25 523 -0.98 [22]
24 N\1=C(\c3c(Nc2c/1ccee2)sc(c3)C)NACCNCC4 490 5.07 -0.17 [20]
25 N\1=C(\c3c(Nc2c/1cc(cc2)Cl)ccec3)N4CCNCC4 4.50 5.05 -0.55 [20]
26 c1(c(ccec1)[NT)([07])=0)C\2/C(=C(\N/C(=C/2C(=0)0C)C)C)C(=0)0C 4.30 419 0.11 [20]
27 ¢1(c(0CC)cce(c1)S(=0)(N2CCN(CC2)C)=0)C=3NC(c4c(N=3)c(nn4C)CCC)=0 5.48 6.05 -0.57 [18]
28 N1(c3c(CCc2c1ccec2)cccc3)CCCNC 5.86 591 -0.05 [18]
29 c1(cc(c(cc1)C3(Cn2cncc2)0CC(03)COc4ccc(cc4)N5CCN(CC5)C(=0)C)Cl)Cl 5.72 5.93 -0.21 [18]
30 0=C2N(CCc1n(c3c(c12)ccec3)C)Cc4ncnc4C 5.50 5.89 -0.39 [18]
31 N1c2¢(CCC1=0)cc(cc2)N3CCN(CC3)C(c4cc(c(cc4)0C)0C)=0 5.96 6.71 -0.75 [18]
32 C(C1CCCCC1)(CC2CCCCN2)C3CCCCC3 5.11 4.71 0.40 [18]
33 N2(clccceec1Sc3c2ec(Cl)ec3)CCCN(C)C 5.83 6.28 —0.45 [18]
34 C2(c1c(ccec1)CCe3c2cccc3)=[C@H]CCN(C)C 5.00 4.81 0.19 [18]
35 FC(F)(F)c2nc3c(c(C(O)C1NCCCC1)c2)ccec3C(F)(F)F 5.26 4.16 1.10 [23]
36 clc(ccecl)C(c2cccec2)CC(C)NC(C)(C)C 5.24 412 1.12 [23]
37 clc(cec(c1)F)n2cc(c3c2ccc(c3)Cl)C(C)0 5.34 4.73 0.61 [19]
38 Clc2cc1neee(NC(CCCN(CC)CC)C)clec2 5.60 6.09 —0.49 [21]
39 0O(C(c1cceecl)c2cececc2)CON(C)C 5.59 5.39 0.20 [21]
40 FC(F)(F)COc2¢(C(=0)NCC1CCCCN1)cc(OCC(F)(F)F)cc2 5.41 4,63 0.78 [21]
11 c1c2¢(c(cc1CI)C(O)CN(CCCC)CCCC)cac(/C2=C\c3ccc(cc3)Cl)cc(cc4)Cl 5.09 5.66 -0.57 [21]
42 Fc4cec1c(C(C(OC(=0)COC)(CC1)CCN(CCCc2nc3c(n2)ccec3)C)C(C)C)ccd 5.84 5.98 -0.14 [21]
43 Clc4cc(N1CCN(CC1)CCCN2\N=C\3/N(C2=0)\C=C/C=C(/3)ccc4 5.54 5.48 0.06 [21]
44 0=C(N1CCN(CC1)c2nc3c(c(n2)N)cc(0C)c(0C)c3)c4occcd 5.80 485 0.95 [21]
45 clc(cc(cc1)C/2/C(=C(\N\C(=C\2C(0CC)=0)C)C)C(OC)=0)[N"]([0"])=0 5.00 5.17 -0.17 [20]
46 0=C2N(C)c1ncn(C)c1C(=0)N2C 5.31 4.12 1.19 [22]
47 c1(noc2c1cec(c2)F)C3CCN(CC3)CC\C4=C(\N=C5/N(C4=0)CCCC5)C 6.83 6.32 0.51 [18]
48 Clc5¢(CCN1CCN(CC1)c2nsc3c2cccc3)ccdc(NC(=0)C4)c5 6.90 6.71 0.19 [18]
49 S2c4¢(N(CCCIN(CCCC1)C)c3c2cccc3)ec(S(=0)C)cc4 6.50 6.42 0.08 [18]
50 0OC(clcecect )(c2ccecc2)C4CCN(CCCC(0)c3cec(C(C)(C)C)ec3)CC4 6.67 6.28 0.39 [18]
51 C(C#N)(CCCN(CCc1cc(0C)c(cc1)OC)C)(C(C)C)c2cec(c(c2)0C)0C 6.85 5.91 0.94 [18]
52 Clc2c1ec(C(0)CCN(CCCC)CCCC)c3c(c1ec(Cl)c2)ec(cc3)C(F)(F)F 6.71 5.94 0.77 [18]
53 clec(cec1Cl)c2eec(02)\C=N\N3CC(N(C3=0)CCCCN4CCN(CC4)C)=0 6.25 6.32 —0.07 [23]
54 clc(cec(c1)CC(=0)0)n2cc(c3c2cec(c3)Cl)CA4CCN(CC4)CCN5C(NCC5)=0 6.24 5.42 0.82 [19]
55 C1C(CCCC1)n2cc(c3c2cec(c3)Cl)C4CCN(CC4)CCN5C(NCC5)=0 6.86 7.49 -0.63 [19]
56 clc(cec(c1)CC(=0)0C)n2cc(c3c2ccc(c3)Cl)CACCN(CC4)CCNSC(NCC5)=0 6.88 6.92 —0.04 [19]
57 c1(ccecel)C(c2cccec2)(0)C3CCN(CC3)CCCC(O)c4ccc(ccd)C(0)(C)C 6.34 6.27 0.07 [19]
58 clc(cec(c1)F)n2cc(c3c2cec(c3)Cl)C4CCNCC4 6.69 6.05 0.64 [19]
59 Ic3¢c(OCCN(CC)CC)c(I)cc(C(=0)c1c(oc2c1cccc2)CCCC)c3 6.00 5.78 0.22 [21]
60 S(=0)(=0)(Nc4cc(0C)c(Ncl1c3c(nc2clccec2)ccee3)ccd)C 6.68 4.92 1.76 [21]
61 Clc2cc1NC(=0)N(c1cc2)C3CCN(CC3)CCCNAc5¢(NC4=0)cccc5 6.79 5.62 1.17 [21]
62 C1IN(CCC(C1)0C(c2cccec2)c3ccccc3)CCCC(=0)c4cec(cc4)C(C)(C)C 6.48 6.82 -0.34 [21]
63 c1c2c(ccc1)NC(N(C2=0)CCN3CCN(CC3)C(=0)c4ccc(cc4)F)=0 6.97 5.99 0.98 [21]
64 Brc1ccec(c1)c2ne(nc2)C3CCC(CC3)C(=0)NC(=0)C 6.30 524 1.06 [22]
65 clcc2c(cc1)n(cc2\C3=C(\C(NC3=0)=0)c4cnc5c4cccc5)CCCN(C)C 6.00 5.93 0.07 [21]
66 N5(C1CCN(CC1)CCCC(c2ccc(cc2)F)c3ccc(cc3)F)cdccccc4NC5=0 7.26 7.15 0.11 [18]
67 Clc2cc1c(en(c1ec2)c3cec(F)ec3)CA4CCN(CC4)CCN5CCNC5=0 7.83 7.05 0.78 [18]
68 S2c4¢(N(CCC1CCCCN1C)c3c2cccc3)cc(SC)ecd 7.02 6.85 0.17 [21]
69 clc(ccect)n2ec(c3c2cec(c3)Cl)C4CCN(CC4)CCNSC(NCC5)=0 7.06 6.90 0.16 [19]
70 clc(cec(c1)C(=0)0C)n2cc(c3c2cec(c3)Cl)CA4CCN(CC4)CCN5C(NCC5)=0 7.44 7.05 0.39 [19]
71 clc(cec(c1)F)N2CC(c3c2ccec3)C4CCN(CC4)CCN5C(NCC5)=0 7.63 7.52 0.11 [19]
72 Fc5ccc(Cn3c(NC1CCN(CC1)CCc2ccc(0C)cc2)nc4c3ccccd)cc5 7.94 7.57 0.37 [21]

73 clc(cce(c1)F)C(c2cec(cc2)F)CCCN3CCN(CC3)CC(Nedc(ccec4C)C)=0 7.80 8.06 —0.26 [21]
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Table 1 (continued )

No Smiles string of the compound Expt pICso Pred pICso Error Ref
74 n2clccceclc(c2c3cccce3)C4CCN(CC4)c5cccec5 7.10 6.75 0.35 [22]
75 0=C(NCc1ccc(CC(0)CO)c(0C)c1)CCCCCCCC 7.00 5.78 1.22 [22]
76 clc(cec(c1)F)n2cc(c3c2ccec3)C4CCN(CC4)CCN5C(NCC5)=S 8.21 8.62 -0.41 [19]
77 clc(cee(c1)F)n2cc(c3c2cccc3)C4CCN(CC4)CCNSC(NCC5)=0 8.16 7.77 0.39 [19]

experimental activity data have been collected from the literature
[16—23,30]. We have used pICsg as our activity parameter which is
related to ICsg as pICso = —logy10lCsp. In selecting the ‘training set’
compounds, care was taken to select more or less equal number of
representatives for each sub-range of pICsg values to avoid any bias
resulting from over representation of a specific range. First the
lowest and the highest pICsqg values of the compounds were iden-
tified. Then the entire range was divided into 10 consecutive zones
and compounds were randomly selected from the individual zones.
We tried to keep the number of representative compounds from
the individual zones reasonably similar to avoid any bias towards
one or a few particular zones. The residual compounds were
considered as the test set compounds. In this way a training set
consisting of 77 compounds (Table 1) covering the maximum range
(2.46—8.21) of experimental pICsy values were generated. The
remaining 80 compounds were considered as the test set
compounds (Table 2). The test set compounds covered a range
(2.36—8.66) of experimental pICsg values. The Smiles Strings of the
training set and test set compounds along with their experimental
plICsp values and the literature sources are given in Table 1 and Table
2 respectively. The 2D structures of the compounds have been
included as supplementary materials for the ready reference to the
readers. The structures and activity data were collected from
different published literature and the experimental details were
not available for all of them. However, for many of the compounds
patch clamp hERG current inhibition assay using mammalian cell
lines HEK or CHO were employed to measure the respective
experimental pICsq values.

2.3. Generation of a QSAR based on the selected descriptors

Feed forward back propagation neural network method with
linear activation function has been used in generating a QSAR
involving the selected molecular descriptors [31,32]. As in the present
work, we have used a single linear neural network (a single neuron
only) and a small set of 12 molecular descriptors as inputs, hence the
possibility of over fitting is negligible. The initial values of the weights
of the descriptors were assigned randomly in the range (0—1) and
a small learning rate was used. Then the weights of the input
descriptors were optimized in iterative fashion by minimizing the
squared error Err2 = [YN; (x; — y;)%], where x; = pICERY (i) repre-
sents the predicted pICsg value of the ith compound, y; = pICS3™ (i)
corresponds to the respective experimental value of pICsg and N is the
total number of data points. The mean squared error mse = Err?/N
was monitored and the iteration was continued until the mse reached
a predefined sufficiently low value or it reached saturation.

2.4. External validation of the generated QSAR

The generated QSAR was validated on the basis of an external
test set consisting of 80 compounds with known experimental
pICs0 values but were not used in the training set. The plCsg values
of the compounds were predicted by the present QSAR and were
compared with the respective experimental data. The statistical
parameters were also computed to characterize the quality of the
predictions for the test set.

2.5. Details of data analysis

2.5.1. Characterization of the QSAR in terms of statistical quantities

Both the training and test results are characterized in terms of
statistical quantities. The quality of the QSAR both for the training
set and the test set compounds was assessed by the following
statistical quantities:

Correlation coefficient (r) = (Xiyi) — i) i) (1)
\/<X12> — (%)% \/<yl2> —)?
1 N
Mean Absolute Error (mae) = NZ [(xi — i)l 2)
i=1

1

N 1/2
Root Mean Squared Error (rmse) = {N{ (xi—yi)? }] (3)
=1

Cross — validated correlation coefficient (q2>

o %)
- SN (& — (xre))? “)

The quantity r, known as linear correlation coefficient, measures
the strength and the direction of a linear relationship between
experimental and prediction activity of the compounds. The quality
of the fit in a linear regression is commonly expressed in terms of >
and is known as the coefficient of determination. In general a QSAR
with 12 > 0.60 is considered as a good model to predict the activities
well within the error range.

1

2.5.2. Assessing the accuracy of prediction by cross validation test
and randomization test

In order to demonstrate that the observed correlation of the
generated QSAR is not a ‘chance-correlation’ due to choice of
training set compounds, we have performed the standard tests (i)
the cross-validation test (leave one out test) and (ii) the randomi-
zation test. In the cross-validation test we trained the training set
compounds leaving one compound out and examined the quality of
the generated QSAR considering the remaining training set
compounds and then we used this new QSAR to predict the plCsg
value of the compound that was left out. The predicted pICsg value
of this compound was then compared to the original predicted
value of the respective compound. Small differences between such
predicted values indicate that the quality of the generated QSAR is
not significantly dependent on the transient compounds and thus
cross-validate the QSAR. These procedures were repeated for all the
77 compounds of the training set.

Robustness of the QSAR model was checked by the ‘randomi-
zation test’. In this technique, new QSAR models were developed by
randomly shuffling the experimental pICsg values of the training set
compounds keeping the molecular descriptors the same. The new
QSAR models were expected to have poorer values of the statistical
quantities characterizing the quality of the QSAR. If the opposite
happens, an acceptable QSAR model cannot be obtained for the
specific modeling method and data.
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Table 2

e Smiles strings of the test set compounds along wi eir experimental pICsgvalues, predicted pICsgvalues, errors (p -p in predictions an e references to
The Smiles st f the test set ds al th th tal pICsoval dicted plCsoval 1CEPE _ picBred dict d the reft t
literature sources are summarized.

No Smiles string of the compound Expt pICsg Pred plCsg Error Ref
1 O=C3NC(=0)NC3(c1cccccl)c2ccecc2 3.62 4.58 -0.96 [21]
2 0=C1NC(=0)C(CC)(C(=0)N1)C(C)CcCC 3.88 333 0.55 [22]
3 O(C3CCIN2C(CC(C1)C(=0)C2)C3)C(=0)c4c5c(ncd)ccccs 4.92 5.08 -0.17 [18]
4 0O(C2C(C(0C10C(C(0)C(OC)(C1)C)C)C(C(OC(C(0)(C(0)C(C(=0) 4.14 3.54 0.60 [21]
C(CC2(0)C)C)C)C)CC)=0)C)C)C30C(CC(N(C)C)C30)C
5 C1C2(N(CC1)CCC2)CC(Nc3c(ccee3C)C)=0 4.69 5.18 -0.49 [21]
6 0O(C2C(C(0C10C(C(0)C(OC)(C1)C)C)C(C(OC(C(0)(C(O)C(C(=N\ 4.44 3.85 0.59 [21]
0OCOCCOC)/C(CC2(0)C)C)C)C)CC)=0)C)C)C30C(CC(N(C)C)C30)C
7 clc2c(ccc1)ncc2C(=0)0C5CC3CC4CC(N3CC40)C5 4.92 3.69 1.23 [22]
8 N2(clcccec1CCe3c2ccec3)CCCN(C)C 5.47 5.88 —0.41 [18]
9 S2c4¢(C(\N1CCN(CC1)CCOCCO)=N/c3c2cccc3)ccccd 5.24 5.99 -0.75 [23]
10 clc(cce(c1)F)n2cc(c3c2cec(c3)C)C(C)C 5.00 3.74 1.26 [19]
11 c12c(cec(c1)C(C)(C)C)n(cc2)c3ccc(cc3)F 5.00 447 0.53 [19]
12 clc(cec(c1)F)n2cc(c3c2cec(c3)C)C(CC)0 5.66 4.96 0.70 [19]
13 clc(cec(c1)F)n2cc(c3c2cec(c3)CC(C)=0 5.00 4.08 0.92 [19]
14 Fc3ccc(C1(0Cc2c1ccc(c2)C#N)CCCN(C)C)ec3 5.40 5.53 -0.13 [21]
15 Brc1cncc(c1)C(=0)N4CCC([NH?*]Cc2n(cnc2)Ce3ccc(C#N)cc3)C4=0 5.22 6.42 -1.20 [22]
16 S4C(=0)N\N=C(\c2ccc1N(CCCc1c2)\C(=N\CC)c3ccc(0C)c(0C)c3)C4C 5.18 5.81 -0.63 [22]
17 0=C1N\N=((/CC1)c3ccc(Nc2ccnec2)cc3 5.98 4.65 1.33 [22]
18 n2clccccclc(c2c3cccec3)C4C[NH2]CCC4 5.31 6.02 -0.71 [22]
19 0O(C)c1ccc(cc10C)Ce3nccc2cc(0C)c(0C)cc23 5.14 4.49 0.65 [22]
20 C\1(=N\c3c(Nc2c¢/1ccec2)cec(c3)CI)N4CCN(CC4)C 5.40 5.84 -0.44 [20]
21 0=C(0C)\C1=C\CC2[NH"](C)C1CC2 5.05 4.16 0.89 [22]
22 C=2(c1c(cccc1)Ne3c(N=2)cc(cc3)CI)NACCN(CC4)C 6.50 6.03 0.47 [18]
23 S/3/C/2=N/c4c(NC(\N1CCN(CC1)C)=C\2\C=C\3C)cccc4 6.64 6.06 0.58 [18]
24 ¢32C(=0)C(Cn1ccnclC)CCc2n(c4c3cccc4)C 6.09 5.55 0.54 [18]
25 FC(F)(F)c2ccc(OC(CCNC)c1cccec)ec2 6.34 5.68 0.66 [21]
26 clcc(cec1F)Cn2c5¢(nc2N3CCC(CC3)N(C)C=4NC(\C=C/N=4)=0)cccc5 6.36 7.27 -0.91 [21]
27 04C(C(=0)N1CCN(CC1)c2nc3c(c(n2)N)cc(0C)c(0C)c3)COc5c4cccc5 6.23 5.47 0.76 [21]
28 CI\C(=C(/c1ccc(OCCN(CC)CC)cc )c2cccec2)c3ccccc3 6.74 5.44 1.30 [21]
29 FC(F)(F)c1ccce(c1)c2nc(nc2)C3CCC(CC3)C(=0)NCCO 6.30 5.70 0.60 [22]
30 c12N(CCOc1ccec2)CCN3CCC(CC3)c4ec(c(cc4)0C)0C 6.60 6.53 0.07 [20]
31 c1c2c¢(ccc1)OCCC2CCN3CCC(CC3)c4cecc(c(c4)0C)0C 6.70 6.12 0.58 [21]
32 n2clccccclc(c2c3cccec3)C5CCEN(c4ccccc4)C(C5)CC6 7.75 7.19 0.56 [22]
33 S(=0)(=0)(C)Nc1ccc(cc1)C(C2CCN(CC2)CCc3nc(ccc3)C)=0 7.92 6.58 1.34 [21]
34 clc(cec(c1)F)n2cc(c3c2cec(c3)Cl)\C4=C\CN(CC4)CCN5C(NCC5)=0 8.00 7.18 0.82 [19]
35 0=C(NC1CC2N(C(C1)CCC2)C)c3nn(c4c3ccccd)C 5.42 5.39 0.03 [16]
36 C12C(C(CC(CC1)N2C)OC(=0)c3ccecc3)C(=0)0 2.40 3.88 -1.48 [16]
37 c1c2¢(c(c(c1)0C)0C)c[n*[3¢(c2)c4c(CC3)cc5¢(c4)0CO5 418 4.37 -0.19 [16]
38 CIC(CI)(CHC(C)(C)o 2.36 2.78 -0.42 [16]
39 clc(cc(cc1)C(F)(F)F)CCNCC 3.27 4.20 -0.93 [16]
40 c1c2c(cccINS(=0)(=0)C)oc(c2C(c3ccc(cc3 )OCCCN(CCCC)CCCC)=0)CCCC 6.50 6.76 -0.26 [16]
41 C\1(=C\CC2CCC/1N2C)C(0C)=0 3.77 3.50 0.27 [16]
42 0O(c3ccc(/C(=C(/CC)c1cccecT )c2cccec2)cec3)CCN(C)C 5.80 5.31 0.49 [16]
43 O(C(C(CN(C)C)C)(Cclcccec)c2ccccc2)C(=0)CC 5.56 4.58 0.98 [16]
44 c4(c2c(CNC(Cclcec(cc1)0C)=0)cccc2)c(C(NCCc3ccenc3)=0)cccc4 5.00 6.04 -1.04 [30]
45 C2C1N(CCc4c1c(c3c2ccc(c30)0)ccc4)C 5.62 423 1.39 [30]
46 cl4c(cec(c1)OCCCCN2CCN(CC2)c3c(c(ccc3)Cl)CI)CCC(N4)=0 6.20 7.63 -1.43 [30]
47 N2(c1c(ccen1)Cl)CCN(CC2)C(Ne3cec(cc3)C(C)(C)C)=0 6.00 553 0.47 [30]
48 COc5cccdec3c2cc10C0c1cc2CCn*[3cc4c50C 5.51 4.44 1.07 [30]
49 C12(C(C1)CNC2)c3cec(cc3)C 4.35 4.06 0.29 [30]
50 C(c1cec(cc)Br)(c2cceen2)CCN(C)C 6.05 4.84 1.21 [30]
51 clene(ne1)N2CCN(CC2)CCCCN3C(CC4(CC3=0)CCCC4)=0 5.40 6.02 -0.62 [30]
52 n23c(c(C(NCC1CCN(CC(C)C)CC1)=0)cc(Cl)c2N)nc(c3)C 5.59 530 0.29 [30]
53 [C@@]14(/C(/C=C\[C@@H]2[C@@H]1CC[C@]3([C@H]2CC[C@@] 3.98 332 0.66 [30]
3(CCC(=0)0)0)C=C\C(=0)Cc4)C
54 C(N1CCC(CC1)NC(c2c(cc(c(c2)CI)N)OC)=0)c3cccec3 6.22 5.63 0.59 [30]
55 c1(c(nc2c(c1)C(C(CN2C3CC3)C(0)=0)=0)N4C/C(C5(C4)CNC5)=N\OC)F 3.66 4.20 -0.54 [30]
56 c1(cceec1)CN2CCC(CC2)CC3Cc4c(C3=0)cc(c(c4)0C)0C 5.70 5.86 -0.16 [30]
57 clcec\2¢(c1)0Cc3c(C/2=C\CCN(C)C)ccec3 5.19 5.60 -0.41 [30]
58 P(Sc1cccec)(Sc2ccccc2)(0CC)=0 430 3.84 0.46 [30]
59 c1(cc(c2c(c1)0C(C(C2)0C(c3cc(c(c(c3)0)0)0)=0)c4cc(c(c(c4)0)0)0)0)0 5.22 4.44 0.78 [30]
60 [C@@H]12[C@H]([C@H](C[C@@H](N1C)CC2)0)C(0C)=0 3.38 3.30 0.08 [30]
61 0O([C@@]3(C)[C@H]([C@@H](O[C@@H](O[C@@H]1[C@H](C(O[C@@H]([C@](O) 3.50 3.43 0.07 [30]

(O)[Ce@H]([CeH]([C@H]([Ce@H](C[C@](0)(C)[C@@H]([C@H]1C)0[C@@H]
20[C@@H](C[C@@H]([C@H]20)N(C)C)C)C)N)C)0)CC)=0)C)C3)C)0)C

62 C2(\c1c(ccee )0Ce3c2cec(c3)F)—C4/CCN(CC4)CC(C(0)=0)(C)C 5.00 5.09 —0.09 (30]
63 c13c(c(c(n1C(c2ccc(cc2)Cl)=0)C)CC(0)=0)cc(cc3)0C 3.52 3.60 -0.07 [30]
64 C\15(C(N(/C(=N/1)CCCC)Cc2ccc(cc2)c4c(c3nnnn3)ccccd)=0)CCCC5 3.71 5.08 -1.37 [30]
65 C\3(c1c2c(cee1)non2)\C(=C(/N/C(=C/3C(0C)=0)C)C)C(OC(C)C)=0 430 3.52 0.78 [30]
66 [C@H]1([C@H]([C@@H](CC(O]C@@H](C\C=C\C=C\[C@@H](|C@@H](C[C@@H] 3.99 2.85 1.14 [30]

1CC=0)C)0)C)=0)0C(C)=0)0C)0[C@H]2[C@@H]([C@H]([C@@H]([C@H](02)C)O
[C@H]3C[C@@]([C@H]([C@@H](03)C)OC(CC(C)C)=0)(C)OIN(C)C)O
67 c1(cec(ce1)[NF](=0)[0~])CCCCN(CCCCCCC)CC 8.66 7.42 1.24 [30]
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Table 2 (continued )

No Smiles string of the compound Expt pICso Pred pICso Error Ref
68 [C@@H]1(N(CCCC1)CCCC)C(Nc2c(cccc2C)C)=0 4,68 5.57 -0.89 [30]
69 c1(c(c(c2¢(c1)C(/C(=C\N2CC)C(0)=0)=0)F)N3CCNC(C3)C)F 2.62 3.70 -1.08 [30]
70 CN1CCCCC1C(=0)Nc2c(C)cccc2C 3.81 4.96 -1.15 [30]
71 clcee(c(c1C)OCC(N)C)C 5.00 438 0.62 [30]
72 c1(cec(cc1)C(NCCN2CCOCC2)=0)Cl 4.10 4.77 -0.67 [30]
73 C(c1c(cc(c(c1)CIN)OCC)(=0)NCC2CN(CCO2)Cc3ccc(cc3)F 532 5.36 —0.04 [30]
74 C(clcceec1)(0c2cec(cc2)C(F)(F)F)CCN 5.64 4.82 0.82 [30]
75 C=1(c3c(Nc2c(N=1)cccc2)sc(c3)C)N4CCN(CC4)C 6.69 6.28 0.41 [30]
76 c12c4c(n(c1CCC(C2=0)Cn3c(ncc3)C)C)ccccd 6.09 5.38 0.71 [30]
77 clccee(c1)C(c2ccecc2C)OCCN(C)C 6.07 5.15 0.92 [30]
78 €45¢(C1CCN(CC1)CCC=2C(N3/C(=N\C=2C)C(CCC3)0)=0)noc4cc(cc5)F 5.89 5.67 0.22 [30]
79 clcc3c2c(c1)[C@@H[4[C@@H](Cc2cn3)N(C[C@@H](C4)CSC)CCC 6.92 5.92 1.00 [30]
80 0O(C(=0)C2(c1cceec1)CEN(CC2)C)CC 4.13 3.84 0.29 [30]

2.5.3. Studies on enrichment factor

Twenty-five known hERG active compounds were mixed with
2475 compounds randomly picked up from the three databases
named Oakwood, Maybridge and IBScreen to compile a dataset for
performing the enrichment studies. The compounds were ranked
according to their predicted pICsg values. The percentage of known
active compounds recovered at different top fraction of the ranked
list was examined against the fraction of ranked compounds
considered. The objective was to examine how successfully the
method could fish out the known actives from the mixture. The
enrichment factor (EF) is defined as [33]

Hitssample/Nsample
EF = ————————
Hltstotal/Ntotal

In this equation, Hitssample is the number of active compounds
recovered in the top Nsgmple compounds in the ranked dataset. Hit-
Stotal 1S the total number of active compounds in the dataset and Nio¢q
represents the total number of compounds in the dataset. Thus, EF
can have a maximum value given by EFmax = Ntorar/HitStotal

(5)

2.5.4. Applicability domain of the generated QSAR

In the case of a new compound with no experimental data,
a predicted value without an idea of reliability of the value is not
useful. Thus, in order to use a QSAR model for evaluating new
compounds, its domain of application [34,35] needs to be defined
and only those predictions that fall within this domain may be
regarded as reliable. There are several measures for the domain of
applicability of a QSAR [34—37]. Extent of extrapolation is a simple
measure to define the applicability domain [34,35]. It is based on
the calculation of the leverage h; for each compound, where the
QSAR model is used to predict its activity. The leverage h; is defined
as shown below [37].

hy = x! <XTX)71X,- (6)

where the vector x; represents the ith query compound in the
descriptor space and xiT is the transpose of its representative
matrix. X is the n x k training data matrix containing the k
descriptor values in the descriptor space for each of the n training
compounds. The leverage of a compound is a measure related to
the statistical error of prediction at that compound and can be
viewed as a measure of extrapolation. A leverage value h; > 3k/n
[36,37] is considered large. This criterion means that the predicted
response is the result of a substantial extrapolation of the model
and may not be reliable.

MCC = n(TP)n(TN) — n(FP)n(FN)

2.5.5. Assessing the accuracy of prediction for classification based
on the present QSAR

In order to assess the performance of the present QSAR in
classifying compounds into hERG ‘active’ and ‘inactive’ groups, the
compounds of the ‘training set’ and the ‘test set’” were classified
based on their experimental activity data and the predicted activity
values using a predefined cutoff value for pICso. The quality of
classification performance was assessed in terms of a set of stan-
dard statistical parameters [38,39].

A brief description of the statistical parameters follows: (i)
Sensitivity is the percentage of correctly predicted actives out of the
total number of experimentally found actives and thus represents
how precisely the QSAR is able to predict actives; (ii) Specificity is the
percentage of correctly predicted non-actives out of the total number
of experimentally found inactive and hence corresponds to the
precision of prediction of inactive molecules; (iii) Accuracy is the
fraction of compounds predicted correctly to either true actives or
true inactives and hence represents the overall correctly predicted
fraction of the result; (iv) PPV (positive prediction value, also referred
to as precision) is the probability of correct positive prediction giving
the percentage of correct active predictions out of the total active
predictions; (v) NPV (negative prediction value) is the probability of
correct negative prediction and gives the percentage of true
presentation of inactive prediction out of total inactive prediction;
and finally (vi) Matthew’s correlation coefficient (MCC) is a measure of
the quality of binary classifications and can be used even if the classes
are of very different sizes. MCCis limited in the range (+1.0 to —1.0). A
value of +1 represents a perfect prediction, O corresponds to
a random prediction and —1 represents an inverse prediction. The
parameters may be calculated by the following equations [38].

n(TP)

Sensitivity = A(TP) 1+ n(FN) (7)
Specificity — % (8)
Accuracy = Zap 2533)) i Z((;g)) T n(FN) ©)
PPV — 7n(TP';(IP’3(FP) (10)
NPV = % (11)

(12)

V/[n(TP) + n(FP)][n(TP) + n(FN)][n(TN) + n(FP)][n(IN) + n(FN)]
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Collection of structure and
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Fig. 1. Flowchart summarizing the overview of the computational work flow.

where, n (TP) and n (FP) represent the numbers of true positives and
false positives while n (TN) and n (FN) represent the numbers of
true negatives and false negatives respectively.

Fig. 1 summarizes the overview of the computational workflow
as a flowchart.

3. Results
3.1. Results of training set compounds

The training of the 77 pre-selected compounds along with their
experimental plCsg values was performed using our in-house
developed codes based on neural network as described in the
method section. The statistical parameters quantifying the quality
of the training are summarized in Table 3. The predicted values of
pICsp of the individual compounds of the training set and the
associated errors are given in Table 1. Analysis of the distribution of
the errors associated with the predictions indicates that 52% of
compounds have error <0.5 log unit while only 16% compounds
have 1.5 > error >1.0 log unit. Rest of the molecules (29%) excepting
a few is within the error range 0.5—1.0 (log unit). Fig. 2 represents

Table 3

Summary of the statistical parameters mean absolute error (mae), mean squared
error (mse), root mean squared error (rmse) and coefficient of determination (1?) for
the ‘training set’, ‘test set’ and ‘failed set’.

Set No. of QSAR used mae mse rmse r?
compounds

Training 77 Training of 77 0.57 0.52 0.72 0.73

Test 80 Training of 77 0.68 0.61 0.78 0.64

Failed 32 Training of 77 2.13 471 217 0.01

Failed 32 Training of 32 1.08 1.61 1.27 0.77

the scatter plot of the experimental and predicted values pICsg for
visual comparison. Dashed line corresponds to the perfect match
between the experimental and predicted pICsg values. The statis-
tical parameters as well as Fig. 2 indicate that the quality of the
training is quite good and hence the resulting QSAR can be used for
predicting the hERG activity (pICsp) of a given compound from its
3D structure.
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Fig. 2. The scatter plot of the experimental pICsg vs. the predicted pICsq values of the
individual compounds of the ‘training set’ for comparison. Dashed line corresponds to
the ideal match between the experimental and predicted pICsg values. The best fitted
line (not shown) for the data points, follows the equation pICER*? — 0.70pICEP" 1 1.66
where pICSiP" represents the experimental pICso value and plcg{fd represents the
predicted pICsq value.
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Fig. 3. The scatter plot of the experimental pICsg vs. the predicted pICsg values of the
individual compounds of the ‘test set’ for comparison. Dashed line corresponds to the
ideal match between the experimental and predicted pICsq values. The best fitted line
(not shown) for the data points, follows the equation plcg(’fd = 0.72pICS" +1.27.

3.2. Results of external test set compounds

The external validation ‘test set’ consists of 80 compounds with
known experimental pICsg values in the range (2.36—8.66) and
these compounds were not considered for training. The compar-
ison of the experimental and predicted plCsg values for the test set

Table 4

compounds is summarized in Table 2. Analysis of the errors asso-
ciated with the predicted pICsg values indicates that 34% of
compounds have error <0.5 log unit while only 22% compounds
have 1.5 > error >1.0 log unit. Rest of the molecules (44%), is placed
within the error range 0.5-1.0 (log unit). The quality of the
prediction results are characterized by the statistical parameters 12,
mae, mse and rmse as given in Table 3. The values of these statistical
parameters indicate reasonably good quality considering the fact
that the prediction is based on a statistical model. Fig. 3 represents
the scatter plot of the experimental and predicted pICsg values of
the compounds of the test set for visual comparison. Here also the
dashed line corresponds to the perfect match between the exper-
imental and the predicted pICsq values.

3.3. Cases where the present QSAR failed

Table 4 summarizes the predictions on additional 32 test
compounds with known experimental hERG activity data collected
from literature and were not included in the training set. These
compounds are treated here separately as high errors (>1.6 log unit)
are associated with their predicted pICsg values. There may be
several reasons behind the observed large errors between the pre-
dicted and the respective experimental activity values. First we
checked whether these compounds are outside the ‘application
domain’ of the current QSAR. The results show that only two of them
are outside the ‘application domain’ indicating that the reason of the
failure in these cases is something different. The next most probable
reason might be the fact that such experimentally found active
molecules may have binding modes quite different from that

red

The Smiles strings of additional 32 test compounds along with their experimental pICsgvalues, predicted pICsgvalues, errors (plcg’é"t - plcg0 )in predictions and the references

to literature sources are summarized.

No Smiles string of the compound Expt pICso Pred plCso Error Ref
1 Clc2cccIn(cc(CCC)c1c2)c3cec(F)ec3 1.59 4.21 —2.62 [22]
2 Fc3c(N1CCN(CC1)C)c20CC(N\4c2c(c3)C(=0)/C(=C[4)C(0)=0)C 2.85 513 -2.28 [21]
3 Clc2ccc1n(cc(c1c2)C(0)C)c3cec(F)ec3 2.34 4.63 -2.29 [22]
4 Clc2ccc1n(cc(c1c2)C(0)CC)c3ccec(F)ec3 2.66 4.86 —2.20 [22]
5 0O(C2C(C(0C10C(C(0)C(OC)(C1)C)C)C(C(OC(C(O)(C(O)C(C(=0) 4.48 2.68 1.80 [21]
C(CC2(0C)C)C)C)C)CC)=0)C)C)C30C(CC(N(C)C)C30)C
6 Clc3cc(C(=0)NCCc2ccc(S(=0)(=0)NC(=0)NC1CCCCC1)cc2)c(0C)cc3 413 5.95 -1.82 [21]
7 c12¢(ccec)c3c(n2)C(N4C(C3)C(N(CC4=0)C)=0)c5ccc6c(c5)0CO06 4.00 5.72 —-1.72 [21]
8 c12c3c(nclcccc2)ceccc30CC(O)CNCCOc4ccccc40C 4.90 6.97 -2.07 [20]
9 O=C(NCCCN(C)c2nc(C)c1cc(0C)c(0C)cc1n2)C30CCC3 4.08 5.69 -1.61 [22]
10 C2(C(0C(=0)c1cecccc1)CC3N(C2CC3)C)C(=0)0C 5.14 2.92 222 [18]
11 c1c(cec(c1)F)n2cc(c3c2cec(c3)Cl)C(CC)CC 5.83 3.70 213 [19]
12 C2(\c1nccec1CCe3c2ccc(c3)Cl)=C4\CCN(CC4)C(=0)0CC 6.76 4.71 2.05 [18]
13 OC1(CCN(CC1)CCCC(c2ccc(cc2)F)=0)c3ccc(cc3)Cl 7.57 5.28 2.29 [18]
14 c1c(cec(c1)F)n2cc(c3c2cec(c3)CI)EN(C)C 7.96 5.18 2.78 [19]
15 O(CC(N1CCCC1)CN(Cc2cceec2)c3cccec3)CC(C)C 7.64 5.88 1.76 [21]
16 S(=0)(=0)(Nc1ccc(C(O)CCCN(CCCCCCC)CC)ecl)C 7.82 5.92 1.90 [21]
17 clc(cee(c1)F)C(=0)CCCN2CCC(CC2)(0)c3cec(cc3)Cl 7.60 5.79 1.81 [20]
18 C14(CCN(CC1)C2CCc3c(C2)cec(c3)C#N)CC(c5¢(04)cec(c5)NS(=0)(=0)C)0 7.68 5.21 2.47 [21]
19 ¢3(C(=0)NC1C(CN(CC1)CCCOc2ccc(cc2)F)OC)cc(Cl)c(cc30C)N 8.17 5.14 3.03 [18]
20 Fc4cec(C(=0)CCCN3CCC(\N1c2¢(NC1=0)cccc2)=C/C3)cc4 7.49 5.73 1.76 [17]
21 clencccIN 2.36 4.30 -1.94 [16]
22 clecc(cecl)C3(c2cceecc2)CCN(CC3)C(C)(C)C 6.07 4.07 2.00 [16]
23 clec(cec1Cl)CCCCN*](CCCCCCC)(CC)CC 7.90 5.57 2.33 [16]
24 nlcn(cc1)C(c2cccec2)(c3cccce3)cdce(ccccd)Cl 5.52 3.61 1.91 [16]
25 C1(CC2CCC(C1C(0CC)=0)N2C)OC(=0)c3cccec3 5.92 3.88 2.04 [16]
26 C/1(C(C\C(=C\1CC)C)C(=0)NCCc2ccc(cc2)S(=0)(=0)NC(=0)NC3CCC(CC3)C)=0 4.13 6.71 —2.58 [16]
27 N7(CC1CC1)[C@H]6[C@]45[C@]3(c2¢c(ccc(c20[C@H]3[C@@]([C@@H] 5.10 3.40 1.70 [30]
([C@@](0)(C)C(C)(C)C)C4)(0OC)CC5)0)C6)CCT
28 CC(cyoyc(cnycnct 2.36 5.72 -3.36 [30]
29 C2(Cclccecec)CCN(CC2)C(C(c3cec(cc3)0)0)C 7.00 531 1.69 [30]
30 c1(NC(CN(CC)CC)=0)c(cccc1C)C 3.58 535 -1.77 [30]
31 N4([C@H](C(N[C@@H](Cc1cccecl)C[C@@H]([C@H](Cc2cccec2) 5.07 7.64 -2.57 [30]
NC(COc3c(ccce3C)C)=0)0)=0)C(C)C)C(NCCC4)=0
32 €23[C@H](NC1CC1)[C@H](C(Oc2cc(c(c3)NC(Cclcec(cc4)0C)=0) 4.36 6.01 -1.65 [30]

[NT](=0)[0"])(C)C)0
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covered in the training set and thus the descriptors should have
different weights to take care of these compounds. Since a QSAR is
arepresentative of a specific or similar binding mode of compounds,
a different QSAR might be more successful for these compounds. In
other words, a more successful and different QSAR may provide
some confidence in favor of this possible reasoning. In order to check
the above possibility, we trained these 32 compounds for generating
a new QSAR based on the same set of descriptors. The statistical
parameters as given in Table 3 of the training process and the
associated errors in individual cases indicate that the new QSAR
describes these compounds in a much better way supporting our
anticipation explained above. It may be noted that the mae value
obtained even in this separate training of the 32 compounds showed
relatively large value (1.08). This may be due to the possibility that
these 32 compounds may represent more than one class of
compounds and thus, the new QSAR is also not capable of taking
care of all of them. This is a common problem associated with
predictive tools based on statistical methods. Our finding thus
suggests that as hERG blockade may occur through different types
of binding, a single model may not assess hERG activity for all kinds
of compounds.

The other possible causes of failure include the inadequacy of
the descriptor set used for the proper description of these com-
pounds and the large errors associated with the experimental
activity data in such cases.

3.4. Studies on accuracy of prediction by cross-validation test and
randomization test

In the cross-validation test the training set compounds were
trained leaving one compound out and the quality of the generated
QSAR was evaluated. Then this new QSAR was used to predict the
plICsp value of the compound that was left out. These procedures
were repeated for all the 77 compounds of the training set and
every time the result was close to the original one and the predicted
plICsp values were within the error limit. At the end of the cross-
validation test 77 different QSAR were generated with r? in the
range of 0.72—0.75 where as the r* value of our original QSAR was
0.73. The ranges of the mse and mae were (0.48—0.52) and
(0.55—0.57) respectively while the mse and mae of our original
QSAR was 0.52 and 0.57 respectively. The predicted pICsg value of
the left out compound by the new QSAR and the original QSAR is
almost the same for the individual compounds with a few excep-
tions and the differences covered a range from 0.00 to 0.63.
Moreover, the g values were found in range from 0.58 to 0.64. All
these observations indicated that the observed correlation of the
original QSAR is not a chance-correlation. The results are summa-
rized in Table 5 and the detailed results of 77 different QSAR
generated by training of the training set compounds after leaving
one compound out are given in the supplementary materials.

In the randomization test, we developed new QSAR models after
randomly shuffling the experimental pICsq values of the training set

Table 5
Summary of the statistical parameters obtained in the cross-validation test.
2 range q° range rmse range  Min Max Min Max
error error error”  error®
(cross)*  (cross)?
0.72—-0.75 0.58—0.64 0.69—-0.72 0.01 1.89 0.00 0.63

@ Max and min refer to the absolute error (= pIC5y*" — pICSP™), where pICS and

pICSE** represent the experimental plCso value of the left out candidate and the
respective value predicted by the cross-validation QSAR respectively. )

b Max and min refer to the absolute error (= pIC3® — pICSY*S), where pICZ0¢ and
pICSR** represent the pICsq value of the left out candidate predicted by the original
QSAR and the cross-validation QSAR respectively.

Table 6

Summary of the statistical parameters obtained in the randomization test.
Trial number r? ' mae rmse
1 0.12 —3.68 1.02 131
2 0.03 0.01 1.23 1.52
3 0.08 -5.92 1.23 1.47
4 0.12 —3.54 1.14 143
5 0.09 -4.16 1.14 1.46
6 0.08 -5.16 1.17 1.46
7 0.05 —7.00 1.16 1.49
8 0.12 —3.54 1.13 142
9 0.11 -3.71 1.17 145
10 0.14 -3.36 1.13 1.42
11 0.05 —7.48 1.16 147
12 0.10 -3.80 1.19 1.46

compounds keeping the molecular descriptors the same. The new
QSAR models generated based on the randomized experimental
data, were expected to show poorer quality as compared to the
original QSAR. If the opposite happens, an acceptable QSAR model
cannot be obtained for the specific descriptor set and data. We
generated twelve such randomized training set using different
random number seeds and found that in all the cases, the statistical
parameters were very poor, for example, 1%, mse and mae values
were in the ranges (0.03—0.14), (1.70—2.31) and (1.02—-1.23)
respectively. In addition, poor values (—7.48—0.01) were found for
the corresponding parameter g? also. This clearly showed the
robustness of the QSAR and the major dependence of pICsg values
on the descriptors used in the present case. The results are
summarized in Table 6.

3.5. Studies on enrichment factor

Twenty-five known active compounds were mixed with 2475
compounds randomly picked from the Oakwood database to
compile a dataset for performing the enrichment studies. The
objective was to examine how successfully the present model could

% Active compounds recovered

ok ! 4

1 1 1 1 1 1 1 1 1
10 20 30 40 50 60 70 80 90 100
Top % of ranked database

Fig. 4. Plot of % of known active compounds recovered within a given % of the top
ranked compiled mixed compounds set against the given top % of the ranked mixed
compounds set showing the resulting ‘Enrichment effect’. The mixed compounds set
was ranked in the descending order of predicted pICsq values. The solid line, dotted line
and the dashed-dotted line represent the recovery of active compounds from Oakwood,
Maybridge, and IBScreen database respectively. The dashed straight line represents the
recovery of active compounds in random fashion.



N. Sinha, S. Sen / European Journal of Medicinal Chemistry 46 (2011) 618—630 627

Table 7

The value of the observed EF over the top 1%, 5% and 10% of the ranked three
databases are summarized. Ngcive represents the number of known active compounds
used in this exercise and Nygngom corresponds to the number of compounds randomly
selected from each database to compile the composite compounds sets.

Name of the  Ngcive  Nrandom EFover  EF over  EF over 100%
database top 1% top 5% top 10%  recovered
in top
Oakwood 25 2475 36.0 13.6 7.2 22.0%
Maybridge 25 2475 24.0 12.8 8.0 29.0%
IBScreen 25 2475 12.0 4.8 5.6 46.0%

fish out the known actives from the mixture. The solid line in Fig. 4
clearly represents that a high degree of enrichment was achieved for
compounds from Oakwood database. It is seen that within the top
15% of the ranked database, 84% of the known actives were recov-
ered and within the top 22% of the ranked database all the known
actives were recovered. In order to check the generality of the
observations, we repeated the same process for two other databases
Maybridge and IBScreen of commercially available compounds. In
Fig. 4, the dotted line represents the case for compounds from
Maybridge database and the dash-dotted one corresponds to the
same for the compounds from [BScreen database. The dotted line
shows that within the top 15% of the ranked database 80% of the
known actives were recovered and within the top 29% of the ranked
database all the known actives were recovered. For compounds from
IBScreen database, 64% of the known actives were recovered within
the top 15% of the ranked database, and within top 46% of ranked
database 100% known actives were completely recovered.
Compared to the recovery of active compounds in random fashion
(the dashed line) the actual recovery curves represent considerable
enrichment effect.

These results demonstrate the effectiveness of the present QSAR
in identifying the active compounds from a large compound set.
The enrichment factors within top 1%, 5% and 10% of each of the
three databases are given in Table 7. Fig. 5 demonstrates the vari-
ation in the value of the enrichment factor (EF) with the increase in

40 T T T T T T T T T

35 F 1

Enrichment factor

L L L 1 N Y "
10 20 30 40 50 60 70 80 0 100
Top % of ranked database

Fig. 5. Plot of computed values of the enrichment factor against the top % of the
ranked mixed compounds set used for computing its values. The mixed compounds set
was ranked in the descending order of predicted pICsg values. The solid line, dotted line
and the dashed-dotted line represent the Oakwood, Maybridge, and IBScreen database
respectively.

the size of the top % of the ranked databases. However, it may be
pointed out that all the 2475 compounds selected randomly from
the respective database were considered as hERG inactives even
though we do not have any experimental data on their hERG
activities. Some of these compounds may be hERG actives in reality
and in that case the actual value of EF will be much higher
compared to what presented here. Thus, the EF values reported
here are the lowest values of it.

3.6. Examination of applicability domain

In the present case the ‘training descriptor matrix’ X was of
order 77 x 12 and thus the threshold leverage value 3k/n was
0.4675. The h; values for the individual test compounds were
computed as described in the methods section using in-house
developed computer codes and the results have been summarized
in Table 8. The results indicate that out of the 80 test compounds
(not present in the training set) only 9 have values greater than the
threshold leverage value 3k/n. Thus, 89% of the test compounds are
within the applicability domain indicating that their predicted
activity values are reliable. Further analysis of the data indicates
that for 28 compounds h; < 0.1, for 57 compounds h; < 0.2. So, 71%
of compounds have h; < 0.2 indicating significantly low degree of
extrapolation. All these together clearly demonstrate the good
quality of the present QSAR even in predicting the pICsg values of
new compounds in a reliable fashion.

3.7. Classification of hERG active and inactive compounds by the
generated QSAR

The performance of the present QSAR in classifying compounds
into hERG ‘active’ and ‘inactive’ groups was assessed by classifying
the compounds of the ‘training set’ and the ‘test set’ based on their
experimental activity data and the predicted activity values using
a cutoff value for pICsp. As in literature we found three cutoff values
used for such classification, we have used all three and have
compared the results [13,24,26]. In one case compounds with
plCsp < 5.0 were considered as hERG inactive ones [13] and
compounds with pICsp > 5.0 were taken to be hERG active. In the
other cases, classification of active and inactive compounds was

Table 8

The leverage (h) values of the test set compounds are summarized. The threshold
leverage value is given by h* = 3k/n, where k is the number of descriptors and n is the
number of compounds in training set. Thus here h* = 0.4675. The compounds which
are outside of the ‘application domain’ are highlighted in bold.

MolNo h Molno h Molno h Molno h

1 0.1884 21 0.1085 41 0.0544 61 2.7442
2 0.1218 22 0.0650 42 0.1224 62 0.1362
3 0.0911 23 0.1302 43 0.1107 63 0.1627
4 23254 24 0.0996 44 0.1796 64 2.8187
5 0.0399 25 0.0867 45 0.1888 65 0.5547
6 25092 26 0.1520 46 0.1713 66 1.9188
7 0.1051 27 0.2806 47 0.0681 67 1.8958
8 0.0813 28 0.0909 48 0.3097 68 0.0698
9 01149 29 0.1975 49 0.1059 69 0.0861
10 0.0996 30 0.1561 50 0.0716 70 0.0473
11 0.1291 31 0.1796 51 0.0875 71 0.0877
12 0.0592 32 0.2082 52 0.1438 72 0.0907
13 0.0827 33 0.1124 53 02629 73 0.1126
14 0.1534 34 0.0854 54 0.0836 74 0.0716
15 03831 35 0.1888 55 02781 75 0.1091
16 02624 36 0.0872 56 0.1490 76 0.0640
17 03774 37 03162 57 0.1907 77 0.0995
18 0.2960 38 04554 58 0.8334 78 0.3110
19 0.2027 39 0.1644 59 24584 79 0.1158
20 0.0545 40 0.2485 60 0.0517 80 0.0473
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Table 9
Summary of the statistical parameters characterizing the quality of the classification
of compounds of the ‘training set’, ‘test set’ and ‘failed set’ using the present QSAR.

Cutoff Data set N  Sensitivity Specificity Accuracy PPV NPV MCC

plCso

4.4 Training set 77 0.93 0.69 0.88 092 0.73 0.64
Test set 80 0.88 0.82 0.86 093 0.72 0.67
Failed set 32 0.65 0.17 0.47 0.57 0.22 -0.20

5.0 Training set 77 0.84 0.54 0.73 0.76 0.65 0.39
Test set 80 0.79 0.82 0.80 0.86 0.73 0.60
Failed set 32 061 0.36 0.50 0.55 042 -0.03

6.0 Training set 77 0.72 0.92 0.84 0.84 0.85 0.66
Test set 80 0.55 0.93 0.83 0.75 0.84 0.53
Failed set 32 0.00 0.80 0.50 0.00 0.57 -0.29

done in the same way but using cutoff values 4.4 and 6.0 respec-
tively [26]. For the three cutoff values the statistical parameters (Eq.
(7)—Eq. (12)) were calculated for the training set of 77 molecules,
the test set of 80 molecules, and the failed set of 32 compounds. For
the cutoff value 5.0, the accuracy of the training set indicates that
73% of the total training set molecules were correctly classified
while, for the test set 80% of the compounds were correctly clas-
sified. Thus accuracy for the training set and the test set are similar.
The sensitivity for the training set (0.84) was also quite similar to
that of the test set (0.79). Some other parameters like PPV and NPV
were also similar for the training set and the test set. However,
significant differences were observed in the parameters specificity
and MCC and both were found to be better for the test set. It is
interesting to note that even for the failed compounds set, the
values of most of the statistical parameters for classification are not
very poor. The reason seems to be the fact that classification is done
on the basis of low resolution criterion (a single cutoff value). For
the cutoff value 4.4 all the statistical parameters like sensitivity,
accuracy etc, except specificity, were found to be similar for both the
training set and the test set. Here the accuracy for the training set
and the test set are 0.88 and 0.86 respectively. It is further inter-
esting to note that all the parameters for the training set
compounds were improved significantly for the smaller cutoff
value 4.4 with respect to the corresponding parameters obtained
with the cutoff value 5.0 but this picture is not true for the test set
compounds. For the cutoff value 6.0, the accuracy of the training set
indicates that 84% of the total training set molecules were correctly
classified while, for the test set 83% of the compounds were
correctly classified. All the statistical parameters for classification
like accuracy, specificity etc. except sensitivity for the training set
and the test set are also found to be similar for the cutoff value 6.0.
The detail results are summarized in Table 9.

One more interesting feature we observed in the classification
results. The sensitivity and specificity values obtained for the
training set compounds with the cutoff value 4.4 are found to be
0.93 and 0.69 respectively. This means that with this cutoff the
active compounds are predicted with much higher accuracy
compared to that for the inactive ones. On the other hand, calcu-
lation with cutoff value 6.0 produced the sensitivity and specificity

values as 0.72 and 0.92 respectively, meaning that in this case the
inactive compounds are predicted with higher accuracy compared
to the actives. The same trend was found for the test set compounds
also. Hence, it appears that the choice of cutoff value in classifica-
tion depends on the purpose. For example, if identification of hERG
inactive compounds is required then the cutoff value of 6.0 seems
to be a better choice.

We have further performed the cross-validation test (leave one
out) for the classification of the training set compounds using the
cutoff values 5.0, 4.4 and 6.0 for pICsg. For all the cutoff values it is
found that the ranges of all the individual statistical parameters are
very similar to the respective values for the original QSAR. The
results are summarized in Table 10.

In randomization test with cutoff value 5.0 we found that the
ranges of all the statistical parameters excepting MCC are similar to
the respective values obtained with the original QSAR. The range of
MCC was (—0.04—0.46) with most of the values in the lower range
while for the original training set, the value of MCC was 0.39. On the
other hand, with the cutoff value 4.4, it is found that the specificity
(0.00—0.25) and the MCC (—0.06—0.39, with most of the values in
the lower range) were significantly poorer compared to the original
QSAR. For the cutoff value 6.0 it was seen that all the individual
statistical parameters except specificity became very poor
compared to the respective values obtained with the original QSAR.
The detailed observations are summarized in Table 10.

It is interesting to point out that as classification is done based
on cutoff values of pICs, it is a low resolution description and hence
many of the statistical parameters characterizing the classification
are not significantly sensitive to the randomization of the pICsg
values as found in the present work.

3.8. Comparison of the present model with other hERG predictive
models

Quite a number of publications have reported the results of
successful In-Silico models for predicting hERG activities. Early
works employed pharmacophore based approaches. Ekins et al.
developed a pharmacophore based model that resulted in 12 value
of 0.90 for the training set compounds [18]. In another paper [23]
a regression analysis using HQSAR method produced r? = 0.52
and ¢? = 0.35. Discrimination models have also been constructed
for filtering out potential hERG blockers that has reported a capa-
bility of 83% correct prediction of hERG blocker and 87% correct
prediction of non-blocker compounds [40]. Aronov et al. used 2-
dimensional topological similarity filter and achieved 82% accuracy
in classification of hERG blockers [24]. Roche et al. published
a model that produced a classification accuracy of 93% and 71% for
hERG non-blockers and blockers respectively [41]. Comparison
with these results it appears that regarding the performance of
classification or discrimination of hERG blockers non-blockers, the
present model if not substantially better, is at least at per to the best
models. However, in a recent paper significantly higher accuracy
(95%) has been reported but in that case a much larger number of
molecular descriptors have been used [26].

Table 10
Summary of the statistical parameters obtained in the cross-validation test and randomization test on classification data.
Cutoff pICso Sensitivity range Specificity range Accuracy range PPV range NPV range MCC range
Cross-validation 44 0.93—-0.95 0.67—-0.75 0.87—0.90 0.90—-0.93 0.71-0.79 0.59-0.68
5.0 0.83-0.85 0.52-0.63 0.72—-0.76 0.76—0.80 0.64—0.71 0.38—-0.48
6.0 0.69—0.82 0.87—-0.94 0.83-0.88 0.79-0.88 0.84—0.89 0.63—-0.74
Randomization 44 0.95-1.00 0.00—0.25 0.77—-0.83 0.78—0.83 0.00—1.00 —0.06—0.39
5.0 0.79-0.91 0.17-0.52 0.56—0.75 0.61-0.75 0.33-0.75 —0.04—0.46
6.0 0.07-0.41 0.77—0.94 0.56—0.74 0.33-0.80 0.62-0.73 —0.02-0.43
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4. Discussions

In principle, all such In-Silico predictive models present theo-
retical representations of reality, based on approximate molecular
descriptors, which are never expected to give a completely accurate
picture of the real system studied. Another problem may stem from
the fact that the experimental data for the training set and the test
set compounds are obtained from multiple literatures that gener-
ally differ considerably in method, accuracy and other detailed
features. This also influences the predictive quality of the generated
model. Thus, all these factors together dictate that it is quite
unlikely that the predictive power and the accuracy of the resulting
QSAR will be very high in general. Moreover, the results based on
statistical models are valid in a collective fashion only and generally
are not accurate at the individual molecular level. Also the training
set dependence of the resulting QSAR leaves the possibility of
restricted application and may not be applicable to all varieties of
compounds. However, still a single QSAR-based prediction model
may provide acceptable results within a limit and there are
compounds that are predicted reasonably by one method and not
the other.

Considering all the above mentioned intrinsic shortcomings of
such statistical methods, the present model, based on simple
molecular descriptors derived from 3D structures, seems to be
reasonably good and also helps in improving insights. We have
further checked that consideration of 3D global descriptors produce
more accurate results compared to that based on only 2D features.
Availability of much larger number of compounds with more
accurate experimental data should further improve the quality of
the model generated in the present fashion.

It should be pointed out here that the QSAR was obtained by
optimizing the error between the predicted and experimental
activities of a set of compounds by adjusting the weights of the
different descriptors in the QSAR. Since the optimization was done
by considering the QSAR as a whole, and that not all the descriptors
used are independent of each other, it is not expected that the
contributions of the individual descriptors to the activity will be
possible to partition in a meaningful way. Thus, we have not tried to
interpret the model at the level of individual descriptors.

5. Conclusions

In the present work an effective QSAR in terms of only simple
descriptors derivable directly from the 3D structures of the
compounds has been developed and analyzed. The resulting QSAR
predicts the hERG activities reasonably well for wide varieties of
compounds from its 3D structures only.

It has also been demonstrated that a rather small set of simple
‘global molecular descriptors’ can predict the hERG activities in
a reasonably accurate fashion. The examination of the domain of
application has indicated that 89% of the test set compounds has
their predicted values in the reliability zone indicating that the
prediction of the present QSAR is mostly reliable.

Enrichment effect in the results obtained by applying the QSAR
has been demonstrated explicitly. This has not been presented
before in QSAR related publications. Cross-validation (leave-one-
out test) and the results of external test set compounds have shown
the reliability of the QSAR. The application of the method of
randomization of experimental data has explicitly demonstrated
the robustness of the present QSAR.

Our findings suggest that hERG blockade may occur through
different types of binding modes and hence a single QSAR cannot
predict the activities of all varieties of compounds in general. The
performance of the present QSAR model for classification of
compounds appeared to be quite good as judged by the relevant

statistical parameters. Finally, our analysis suggests that if identi-
fication of hERG non-blocker is required then a classification cutoff
value 6.0 for pICsg seems to produce the highest accuracy for the
present QSAR. Similarly, for identifying the hERG blockers a cutoff
value 4.4 appears to be a better choice.
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