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ABSTRACT. Developing effective tools for predicting absorption, distribution, metabolism, excretion
properties and toxicity (ADME/T) of new chemucal entities in the early stage of drug design 1s 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 eftficiency and accuracy of SYM 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) 15 used for feature selection and gnd 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 difterent models that are 3 different single models and 3
different ensemble models using traiming set - 1821 compounds and validated with external test set - 173
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,

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

ME

Aol 2 8432 7ka -2 813
T2l T4 B4 2, A4} Y BHET
F3(ADMEM)W Zoll 43234 E3h=lA] 2
shsdth Al A1o] o] ebx| ol 4 2 o1E] e} sertin-
dole, grepafloxacin, terfenadine s ¥ 2-& <& &2
QT A ZFF[4 A = (Electrocardiogram) o) 4
17k2) Qe s Tk Abo] o] o] oA A4

Ferela A DL ok A7 ARl A A
=shedvh ! 22 $4) 92 ADMET 545 ¢
A o) B ES S SE Aot YA
Al A7) 9al 27 DAL BN A 3
} ADMEIT &4 &8 <] &3l uho] ¥o)
2 4k

Ax szlrr?} ¢} hERG A g 2] & =437}
APt ol A 71§29 ADMET 44 %

shetel ot hRERGE A 24 Z el A 2 Eo]2)
29¢ gk ol A2 AR A A2
R BCELEEC LR
gheh hERG o] 2 A 2 A28 b E ol 2AE &
< g7l o2 b= A S 338 c} hERG A
ol e A 21 & B A7shu)go] £2
ol webs 2438 (high throughput screening,
HTS)o) AgslA] edevd v Le) A4 2 B}
wlZ A ]1 Bl 2 e & 2o}, 7
747 hERG A &) ell &) ol 3}e] Homology ¥
2) oq] 01 s-]. 1:]-1311 xT T'Z‘— = o] _B.sl- HI-BJ . Pharmaco-
phore method X+ QSAR(Quantitative structure-
activity relationshipy& ¢ &3 v E¢) AH-% 9]

R R mﬂo ﬂ}'

ob m!ﬁ
_ﬁ

r

O

*Comesponding Author: 2714
(PhEAGAIDT 4 AT, &4 A ET
AlE2E 134 Adchetx 4234 B133A
Tel: +82-2-393-9350, Fax: +82-2-393-9354
E-mail: kyn‘@'bmdrc.org

o Yeld 3t 2] stz ] EA A 7]
3} Hb ¢l support vector maclune(‘:VM)-"— R
ol ADMET #81 54 5¢ 5317] 913) AH4-=
2 51eh 22 A 7 wef 5] SvM
S ADMET &4 &8 383 A d&ste 713 £
R A A = b} ‘SVM 2wl 2] of A
EQ A o) fulg A 7bR] 2= oA
3 s 2 e l”?:} Aot} o] F 71*7‘]1_— SVM &7
'q -_é—'é‘ R 75' Q’EC'“ é 'jj Z‘] Sl og a‘c}rhé' o] le =3
2) 274 genetic algorithm (GA),” recursive feature
eliminations (RFE)." simulated annealing (SA) & =
5 2= 2 7R wh o] B A selections
g el Atz gt} H3A 3l Parameters optimi-
zationyg #) 3 A = AEA 4 Grid-search(GS) &
2l Fol Abg Hedrnk”

2l o] A7-F F3to], AAFA A& oF7)
A1 7|+ hERG ©]-& A4 4 aH A
] GA-GS-SVM & 22| &8 4}
TH el 2l & o 52 -‘?'--"é%*é% o1&
#7237 #3te] =3l q GA-GS-SVM 4AER
rg o" 94 ‘§} g ;'Jr% H] _Tll‘_'&].o:] _7-‘[ ;&LE__E'_ é‘l:.)\l- /l] H o
o] 17574 8] hERG 9] % ©H].~E A& E3lo] o] &
A Z3s)gc).

l1]

0|2 (&)

Support Vector Machine (SVM)

SVM | 22| z}A4|8 7] &2 F& M 25
gtk 71 & SVM2] 7] £ ofo]T]e] & ?Ml
8oy Feolrh

SVMell 4] Zhzhe) objecte N#H F-Zhell 4 &k
ol g3l N Aol WE 2 7|25 2o
+3t 3lo) H H o of 5 F Aks

Fig. 1< Zbetsl =5 —E"'
File Ao gk dede|e) &M aF 9=
objectE & 27ty =+12 o] 3 v FAZ

Journal of the Korean Chemical Society


mailto:kyn@bmdrc.org

Classification Model for hERG Inhibitors Using S8V M 65

Ma"gin

Margin plane (@)

ptimal hyperplane

(¥ 0}

Fig. 1. SVM classifies two groups that were maximized margin between the O and X by hyper-plane. (a) an example
was fully classitied by a optimal linear hvperplane. (b) an example was not linear and completely broken.
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Table 1. Predictability of balanced model that was trained with 1:] ratio of active »s. inactive

Predicted
Active  Inactive  Accuracy® Sensiti\‘ity' Specificity® Kappah MCC
Active  134* 64"
= Training . : R 0.67 0.68 0.67 0.34 0.34
7 € Inactive 66" 132°
- Active 28 21 : . . o
o Test 0.65 0.37 0.65 0.04 0.08
> Inactive 501 936
A True Negative, B: False Positive. C: False Negative, D: True Positive
e A+D f ae g oL 2 S
Accuracy 1+B+C+D Specificity +B Sensifivity D
Mo Accwracy-E  p_ (A+C)A+B)+(B+DHC+ D)
PP TTE (1+B+C+D)

AD-BC

"MCC (Matthews correlation coefticient) J( 115y A+C)B+DXC+D)
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Table 2. Predictability of unbalanced model that trained with 1:2 ratio of active »s. inactive

Predicted
Active  Inactive  Accuracy Sensitivity Specificity Kappa MCC

Active 76 123
S ni 0.7 0.3 ).8¢ 0.3 )33
;ff: Trammg Inactive I 331 .72 8 0.89 1 (
g T
P Active 24 24

: 9

=9 Test Inactive 118 1124 0.89 0.50 0.90 0.21 0.24

Table 3. Predictability of unbalanced model that was trained with 1:3 ratio of active vs. inactive

Predicted
Active  Inactive  Accuracy  Sensitivity Specificity  Kappa MCC
Active 48 150
& ini 0.80 (.2 ).9¢ 0.30 ).3¢
;ff: Training Inactive . 583 R:1¢ 24 0.99 ( 0.39
g L L L
c Active 22 27 .
=3 Test 0.9 0.45 0.98 0.48 0.48
= active 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  Inactive  Accuracy  Sensitivity Specificity  Kappa MCC
.. Active 134 43 . - -
;%-!: Trammg Inactive 48 149 0.77 0.78 0.76 0.30 0.34
g Ly ey
3 Activ 39 11
£ Test cve 0.63 078 0.63 061 0.15
Inactive 333 904
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Table 5. Average predictabilitv of unbalanced ensemblemodel that was trained with 1:2 ratio of active »s. inactive by

GAGSSVM
Predicted
Active  Inactive  Accuracy Sensitivity Specificity Kappa MCC
Activ 72 127
o Training ¢ - X 0.74 0.36 0.94 0.6l 0.38
g Inactive 23 368
o : "
3 Active 19 30 . . :
z 3 0.89 .39 ).9 0.87 )1¢
Test Inactive i 1131 )8 1.3¢ 0.91 1.8 0.19

Table 6. Average predictabilitv of unbalanced ensemblemodel that was trained with 1:3 ratio of active »s. inactive by

GAGSSVM
Predicted
Active  Inactive  Accuracy Sensitivity Specificity Kappa MCC
Activ 46 152
o Trining ¢ : 0.79 023 0.98 028 0.36
g Inactive 11 379
3 ;
£ ey e 18 31 0.94 0.37 0.97 0.344 0.34

Inactive 30 1016

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

Predicted
Active  Inactive  Accuracy  Sensitivity Specificity  Kappa MCC
g Active 59 8
§ 0.63 (.88 047 0.30605 0.339107
E:_ Inactive 57 30
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Table 8. Predictabilitv of extemal validation set for hERG toxicity with unbalanced ensemble model (1 vs. 2)

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

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

Predicted
Active  Inactive  Accuracy Sensitivity Specificity Kappa MCC
2 Active 40 27
§ 0.82 0.60 0.95 0.38626 0.61152
g Inactive 3 102
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