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ABSTRACT. Developing effective tools for predicting absorption, distribution, metabolism, excretion
properties and toxicity (ADME/T) of new chemical entities in the early stage of drug design is one of the most
important tasks in drug discovery and development today. As one of these attempts, support vector machines
(SVM) has recently been exploited for the prediction of ADME/T related properties. However, two problems
in SVM modeling, i.e. feature selection and parameters setting, are still far from solved. The two problems
have been shown to be crucial to the efficiency and accuracy of SVM classification. In particular, the feature
selection and optimal SVM parameters setting influence each other, which indicates that they should be dealt
with simultaneously. In this account, we present an integrated practical solution, in which genetic-based
algorithm (GA) is used for feature selection and grid search (GS) method for parameters optimization. hERG
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ion-channel inhibitor classification models of ADME/T related properties has been built for assessing and
testing the proposed GA-GS-SVM. We generated 6 different models that are 3 different single models and 3
different ensemble models using training set - 1891 compounds and validated with external test set - 175
compounds. We compared single model with ensemble model to solve data imbalance problems. It was able to

improve accuracy of prediction to use ensemble model.

Keywords: ADME/T, hERG inhibitor, SVM, Genetic algorithm, Classification model

ME

Al kol A 322 S-S 7H3] o -0 3hg
E5o] T4 @ 5, ol AL vl A5
=43 (ADME/T) | <&-of] dA3A ol A 525 #] ¢
shodrh Al A o] o ofA Aol 4] ol ¥ b7} sertin-
dole, grepafloxacin, terfenadines 3} 22 <& 52>
QT A3 [4) A E (Electrocardiogram) ol 4]
A7) Qute} T3} Abe] o] 7hA o] Fol A= A4}
& st a AR A WS of 7| A A Al el 2] A
b ek el F£4] 942 ADMET 5454
A= o] 3 EEL 3takgl A o)) JAakAl E
Aol AA3E7] 18l 27 vlAkal =A ol A EP“L
=52 ADME/T 54 55 ol 53t= Wi o] il
AR5 5L Q) et

A% 3§F5-2] hERG A 3ol 2] 3 =4 =
A et o A 74k 5 2.3k ADME/T é
% shtelth hERGE Al Al ol A 2ol
2918 ghob o LA = A} AR =
A vhebb 5 gke] W sk g 245k o
Wek BERG o] £ & 41 9] th & o) A0S

<= Eb7l o R 3= o EE el Al S 8.3vh hERG A
Aol AR 2 e A\ 7] o] 28
o}, wheba] 224549 (high throughput screening,
HTS)ell A 3gts}#] ek on vlgo] A &1 W}
wk2 o b ol W2 HFE o S o]t A
F7FA] hERG A & o] Z-ol] tl3}¢] Homology 22!
2ol o gk e A 2 E- o] -8-3 Wb, Pharmaco-
phore method %=+ QSAR(Quantitative structure-
o] &gk ki Eo] AHg-H %l

L

R
A==

=

S.m?ﬂ_lﬁr}oma_ﬁ

Mt 2 1o

activity relationship)<

*Corresponding Author: 27| 3
(MDA A A2 AL AL, A& A] A T
A% 134 A A gFar oA A 254 BI38A
Tel: +82-2-393-9550, Fax: +82-2-393-9554
E-mail: kyn@bmdrc.org

o] ¥ o]ela A Bl szl BA %A 1A
S5 Sl support vector machine(SVM)-2 #
o ADME/T 221 54 55 o 2:517] 219) A1

s 9leh. W o) Ak el A 1] F50] SVM
S ADME/T EA &5 A &s1A A &3 =714 =
S E F shubol okt e SVM el 7 ol A
EA Ad 3} w5 /HXJ F7HA] A=A
3] | A &f of & A o] e} °] T 7 A= SVM B
o B8 Ao A A &S vk
2] 27FA] genetic algorithm (GA),” recursive feature
eliminations (RFE),"’ simulated annealing (SA) d < ="
S 2= 7]—1] vl E-o] 541 selections
218l Al k=] oA o). W 5=2] 4 3}(Parameters optimi-
zation)2 9] s A &= 751%751 8l Grid-search(GS) &

e o] Abg 5 giek

2l o] AFE T3k, AR NS oY)

A] 7] %= hERG ©]-& A ?ﬂ sﬂ 4] B5 el o s}
o] GA-GS-SVM & 2] 5-& AF-&-3}o] HoE] &
T ol &3 o =] Tzég"é*—é P_"%—Zrl, ol &
gl dst7] ¢8te] =98 GA-GS-SVM A& =
Do o)t A5 v wste] YT E é}*o“l B
v 17571 2] hERG 9] %~ B~ E A& F3}o] o] &

Azt
0l2 (e)

Support Vector Machine (SVM)

SVM o] &9 ApAI 3k 7] &2 -l A 2h&
ek e 714 = SVME] 7] & ofe]t]o] & 2
L0k 7ot}

SVMel| A Z+7+2] objects N3 3-7kel] 4]
el t-&3t= N2 WE 2 7] s= o] A
Fig. 1:& 7b<h3l slo] s g w ol o] 5] F 3 vh-2
F3he Aol ta Aot A Fel 9l
object5- 27ty = +12 do] ¥, v &A1

L ok,

il Hm

Journal of the Korean Chemical Society



Classification Model for hERG Inhibitors Using SVM 655

Ma&gm

Margin plane ()

ptimal hyperplane

Fig. 1. SVM classifies two groups that were maximized margin between the O and X by hyper-plane. (a) an example
was fully classified by a optimal linear hyperplane. (b) an example was not linear and completely broken.
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Fig. 2. Cross-validation may be used in the sub-sample,
for example.
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Table 1. Predictability of balanced model that was trained with 1:1 ratio of active vs. inactive

Predicted
Active  Inactive  Accuracy’ Sensitivity' Specificity® Kappa" mcc
Active 134" 64"
Traini 0.67 0.68 0.67 0.34 0.34
g Mg pactive 66 132°
[}
3 Acti 28 21
& Test ctive 0.65 0.57 0.65 0.04 0.08
Inactive 501 936
A : True Negative, B: False Positive, C: False Negative, D: True Positive

e 4+D f, ifici A g PPN D
Accuracy A+B+C+D Specificity 1+ B Sensitivity C+D

b Accuracy—E  p _ (4+C)(4+B)+(B+D)(C+D)
appa 1-E (A+B+C+D)

AD-BC
‘McCC (Matthews correlation coefficient) \/(A+B)(A+C)(B+D)(C+D)
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Table 2. Predictability of unbalanced model that trained with 1:2 ratio of active vs. inactive

Predicted
Active  Imactive  Accuracy Sensitivity Specificity Kappa MCC
Active 76 123
ini 72 . . 31 .
g Training Inactive 4 351 0.7 0.38 0.89 0.3 0.33
[¢]
2 Acti
S ctive 24 24
Test . . . 21 0.24
= nacive 118 1124 089 050 090 0
Table 3. Predictability of unbalanced model that was trained with 1:3 ratio of active vs. inactive
Predicted
Active  Imactive  Accuracy Sensitivity Specificity Kappa MCC
Acti 48 150
O Training ¢ 0.80 0.24 0.99 0.30 0.39
g Inactive 7 583
[¢]
2 Acti 22 2
& Test y ,Ve / 0.96 0.45 0.98 0.48 0.48
Inactive 17 1028

Table 4. Average predictability of balanced ensemble model that was trained with 1:1 ratio of active vs. inactive by

GAGSSVM
Predicted
Active  Inmactive  Accuracy Sensitivity Specificity Kappa MCC
Active 154 43
g Training Inactive 43 149 0.77 0.78 0.76 0.50 0.5
[}
2 Acti
S ctive 39 11
a Test 0.63 0.78 0.63 0.61 0.15
“" Inactive 533 904
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Table 5. Average predictability of unbalanced ensemblemodel that was trained with 1:2 ratio of active vs. inactive by

GAGSSVM
Predicted

Active  Imactive  Accuracy Sensitivity Specificity Kappa MCC
Active 72 127

Traini 0.74 036 0.94 0.61 0.38
S Mg ive 25 368

[¢]

< Acti 1 30

g Test chive ? 0.89 0.39 0.91 0.87 0.19
Inactive 111 1131

Table 6. Average predictability of unbalanced ensemblemodel that was trained with 1:3 ratio of active vs. inactive by

GAGSSVM
Predicted
Active  Imactive  Accuracy Sensitivity Specificity Kappa MCC
Acti 4 152
O Training ¢ 6 > 0.79 0.23 0.98 0.28 0.36
g Inactive 11 579
a
< Acti 1 31
2 Test chive 8 0.94 037 0.97 0344 034
Inactive 30 1016

Table 7. Predictability of external validation set for hERG toxicity with balanced ensemble model (1 vs. 1)

Predicted
Active  Inmactive  Accuracy Sensitivity Specificity Kappa MCC

g Active 59 8
%’ . 0.63 0.88 0.47 0.30605  0.359107
<3 Inactive 57 50

ol 77%, Bl 2~ E7} 63% Yt} Table 17} H] 3L of| & A 5+ = 2] 79 94%, 91%°1 4] 98%, 97% =
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Table 8. Predictability of external validation set for hERG toxicity with unbalanced ensemble model (1 vs. 2)

Predicted
Active  Imactive  Accuracy Sensitivity Specificity Kappa MCC
g Active 9 58
‘2" 0.67 0.13 1.00 0.16026  0.295144
g Inactive 0 107

Table 9. Predictability of external validation set for hERG toxicity with unbalanced ensemble model (1 vs. 3)

Predicted
Active  Imactive  Accuracy Sensitivity Specificity Kappa MCC
g Active 40 27
%’ 0.82 0.60 0.95 0.58626 0.61152
g Inactive 5 102
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