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Abstract

An alternative developmental toxicity test using mouse embryonic stem cell derived embryoid bodies has
been developed. This alternative method is not to administer chemicals to animals, but to treat chemicals
with cells. This study suggests the use of Discriminant Analysis, Support Vector Machine, Artificial Neural
Network and k-Nearest Neighbor. Algorithm performance was compared with accuracy and a weighted
Cohen’s kappa coefficient. In application, various classification techniques were applied to cytotoxicity data
to classify drug toxicity and compare the results.
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1. ME

] FEEANTYL FEATL 5 clolA Siwl, ol AAA FUH A0H 20, A
A ZHoA B FARS 7ML Aok SEHAAEY T iz AMSEE F9 wiolE | NE AIY
H (mouse embryonic stem cell test; mEST)-2 A4 d A5 (European Centre for the Val-
idation of Alternative Methods; ECVAM) oA Actsl b oz uw]EslH F o uo}l= 7| M % (mouse
embryonic stem cells; mESC) 3 E3}8 FHo| AfolA|Zof FES FY3 3 AEHo] 50%7 H=
Al k29 FE9 mESCO AZAIEZES] £3171 50% 71 H+= A1RY FEY FEE SA5t E
o =4 Aoha.

7129 A E Genschow 5 (2000)L A3 ohg R A
931, Seiler 5 (2004)2 7jAE mESTHIES =3
3, 8% R AH=E Aoith

ui23kE F o] wjolE| M XA AZESE FE5t7] A= ¥ldAl (embryoid body) #4E W=
Al B2E skt Kang 5 (2017)2 o] HAoA SASAEEY 55 S7tol wet widAe] 9d A
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o] Zraske AL ST wilA DACNA WA dEAS S oFE A4S 3 A, AT
£33} 2o 485 A7} 58S AaAZ § ke o] . WA Kang 5 (2017)2 7]
Z£9] mESTHHoA &3 3t 5 shuel A2AZE E3171 50%7F == AFA Y Ee] 55
= Fo wMAAY D9 Fe] 50%7 H& A" kR Fxg st & o A wiadA] o
22 &8 AP (mouse embryoid body test; mEBT)S 7|t on, 1 A} 90.5%9 &% &
g8 dont H2 HalgdY ddo R tFst 25 €ugEe 488 5 A HuA B AFolA
= FAA 71 (THEEA) T HAEd 7]‘%‘(/‘15‘7:‘5 W E] M Al(support vector machine; SVM), Q1541
A (artificial neural network; ANN), k-1 % o] %87 (k-nearest neighbor; k-NN))2] A%5& w3}
R B

—~

2010) vlol =2 ofglo] HoEE B BH LLeFY A% WLIUT 1 AT, NEE
aE] w4lo] A4 $& A2 e,

2 ATE AZSAH AR 3A BASH(FEA, 50 54, 28 54)2 dSsgon, £5 o
5 ol et AsE vaske AAES F WEoR It 2FoAE 7 ¢aEEY $HER 23
7t 7120l tisiA distglon, 33edAMe AS R0 HA MEzEA ARE o8 7] 27/ 7148
52 AL3lo] FEY BAL ER(AF)IRT I AAE vwduck vixjete g 47 ol A o]
gt 22s el 3 Aol tisf Ax3tslch

2. EREM Y2

2.1. O|RHZHHEA

FHEA A= BR Tl thg ok A4, 2FW S EY Y4, Bas 1Y W2 e
3 7Vge] a9t} ol g 7Hstell A /‘HE Aol st AEBES AU = aFo7 B

APFEEN T Ze] o] & EE A (quadratic discriminant analysis; QDA)2 ZAREL r(zly =
Cr)ol tal) 12-EA A (class-specific) BZNE w3 7E ZEARE 5.2 7Xe s A8
E N(u, i) A8 ol, ol AnEgss

1 _
Or(z) = —5 (@~ )T (@ — k) + log
1 _ _ 1 _
= —gacTEk ‘a2t e — 5#521@ Y + log T (2.1)

o FoA 3, AYWIRAT nPAAZ Mz ARl thal o ARl (A (2.1)] 2
Jgoz ERuT

2.2. AZE HiIg] OjAl
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activation
Xy —> function
Z
X3 —> Z go y(X)
i - transfer T
function 6;
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p—> m threshold

Figure 2.1. The structure of single-layer neural network.

A (2.2)04 we p-AAY 7R WElL b AF(bias) Arolth. 2FW A9 HEL f(z) =
oolth. 4 (22)9 HezRWa} /g srtel NS A Aust FexEw 29 Ag vl
A (margin)o]2kal sk olulf, Fe|Z2FHS vkl Aol AEs] AX o= S AMEE HE (support
vector) 2k T} ANEE WE WAL nL Ao e 2FWS T Aol

A e AA HlolEE EAFT oS3l Qo BE 2L 24 glo]

0 2 3
gREolth AT A 9 RE A2E SHs BRaA Brhd vhde] vlg Hopd 4
o A g BAZ TR 4 ATk o] B Helo] 292 3 5]
SEFES Hagshe AL BER S, BF 27150 dolHel AL WS T B0 Ay

Aot ojuje] ABA L ke B}

AZIA, y1,Y2, ..,y € {=1,1}0]2, 4] (2.3)2 FHo] S HEF7H 7]‘%@% 5]-§-3h= x-]]ok/ﬂo]];]- €is
o] ¥ = (slack variable)2lal 3h=t], o= LEF7T A7]E= %
FHeor HelHe Eﬁg 3N 7= AFAIF grolth. O &
rameter) 2, HALE AT v HAUSEhe (|w||?9 L3 YT 6 Abololl Al 2R A
olwy WA Fe} FHAH o] Qrk
A2 E WE WAL v A g Z A A (non-linear decision boundaries) & 7= A% |2 4~ QUct
ojufe] XxzE HWE mAle] 4 ofojrjol= Wefo] p-AUe] F7& AE e (kernel function)E ©]-&
of zargow wigste] APHor Fel7t 7Fedte S S Aotk K(z,z) = $(xi) e ®(2)E A
et 3h, ol wjHF oMY WA F53 E ﬂ o]t} (Schélkopfe} Smola, 2002).
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Gzkoll thst A7t e+ AAS 7R A5 485 Y 724 99 Ase) g TFeAE fod)

I 43} F4E T E9FES JERdh th29 Figure 2.1-& 2435 glo] 4830l AH &85

A A== A3 (single-layer neural network) 2] W EH T FLZ ot}

Figure 2.1904 z& 4Z¥A8E9] 715 Yehdt}h. <5 (learning E+ training) S AX 93e= 23

7t Yo EE QA7) FolX| = o R et 2AHTE JEAREY e He v 22 Ao=
o

I
zZ=wx+ wo,

P
(EF_ z = wo + E wj:vj).
j=1

21A, w = (wi,wa, ..., wpy) 22 7EEXE, wore HAE YEH, o= p-3129] dEHE (21, 2o,
o xp) S UERATE 23kl isl 84 ETT A]E o y(x) 7t AAtE e, 7FEA wet EH wet T
%% Fol SAAFE] HAaTt He e R 74l (update) T TS A R TRl sl
A @xk9] A s}(back-propagation) ¥E|EH-E T WAIETE AR G Eol LA EH.
ZERE JEe=7A] Jog Avfsle GagEeR AFAATE F5A7]7] A% 7 712 F o)1
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S DB RPN T F Y B ol delEst £3 A8 2L gk el A o
e Hole kel Azle] AEE AZA 9 7 Ak vlolE koA el el e 15E
Aggthe 9o gtk

o

A317] 93l 715 k-AH o] XEF (weighted k-nearest neighbor; Weighted k-NN)& 112 3}7]
tl ol B 7k ol 44E o W o] ET} ol T HWol Zst=E Al i A T+
T oty Tt Ale A%, 7Hs g 55 ol8ste] Rt

k FE 73T o A=FrE Lesiofdtt. AZL dolEe} S5lo
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de(z,y) = |lz —yll2 = V(z - y)T(z —y) =

2.5. 2 Il JlE
7NAFANA 5 (A5

U8 A8E o8 RYS FEI F5E RIS PSE XP
W3 W] Oid 2 = ed

coefficient) o] AHgHTh FAFLE 01—? A A TF(k =1,2,3)5 2t 2723 BoE
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Comparison of the performance of classification algorithms using cytotoxicity data 421

Table 2.1. The confusion matrix and weighting method

ARG
1 2 3
1 n11(0) n12(1) n13(2)
A& 2 n21(1) n22(0) n23(1)
3 n31 (2) n32(1) n33(0)

AA A7 5 AAR 2naA d58 veR, A4 2Ak8 £ Nojet & uj Table 2.125H
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7}9}A] 4= (Cohen’s kappa coefficient) = H33 A}
22 k] &4 B Fol e CAEE S .12 %‘ﬁﬂ' AAE eI 02 UA
2oig vehith. A A D0 AR 2HY YAE(HOERES HIwo} 59}
HAZ7te o3 3] AE H7HE B v S (F5H

A8 BAEE)RE o]FolA Qith. FutAe T BEA 1] BEYAE A AT o] ELXY A7
A= ek etk +AY WS Mso] A Table 2.1 A

(N&)3H= ZARTH ’“Zﬂ 39 HEE 1Y HEE 5 (

‘A3 7Fs A= Table 2.1004¢] 7F Alo] F5 9] 3} 22 Ao g Fojgith, 757t 34
o vewt o

Sy Yy Wi

Yoy Yoy wigmi;

ojuf, it AEHTEY ¢AF MFE AR FAT L, j& AARDY AP UFE AR FAg
B, bt 259 SE AU wyt AEA B89 02, oyt DA L A%, myt BED A
B2y 248 guEe ojRela Y8e] Yol

K=1-

B Ao A ARRE AlgE FEUSL SoFE AP AEEA AAolth HMEEAL 33}
EQ 5ol Az dHE Y3l A T2 EAL Dokl B =8oA ARE AlZEAY s

mEBT ¥ o2 dojFrl. mESTHHL ECVAMOA A¢kst wbHoz 31a2dS 93192 uf
] 2siE Ao wiolE INE 9 FHe| BaE Aoz AEHo| 50%7)F H& A™I mESCE A
ZAZR] 237} 50% 71 H= Al SRR 525 Friet AZEIE F5317] 98AE )
A FAo) wtEA] o3t ojw] oFEo] o3 WA Z7)7} ZastAl "t o] 3 wiARA] ThA ol A
HAEANS Frishe A%, AZHNZRY B3 f50 485 E A 58S gaAZ = gloenz
mESCY] A2 A4S A9 uldAe dadoz giAste] 43S A H+&dl, )& mEBTHHolgkal
3ith. mESC @ F 9] E3lH M-folAze] 2ol 50% 7} H= AFAY NEZEAHS Frtsks A
2 7129 mESTHHY 54342 mESCY AZAEZze] 8317} 50% 7 S+ Ao old mEB2
S F o] 50% 71 H= AEY FE 55 BFrishe 2ol mESTHHIE the Hojgt & 4 o)
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Table 3.1. Class of data

=4 ow =
al Non-toxic(F54) 24
ass
(k2 o] =4 of2) Moderate toxic(F7F 54) 24
Strong toxic(7Z3 S4) 20

Table 3.2. Explanation of independent variables

A 5 ek
n2sE FHo wjerErIMEZAA FES 109 FX =EAT T Alx AEE]
[C0BSC T gwmow e e el B
Aol AROPIENA FES 109 5% =27 59 AZ JEgo] Ao 44 @
1C503T3
we) okge) v
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50 e
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\ ) - .-6
x ESC_Log M A\

% 1559 SEEAS 79 Az Yt T 6839 AAES Ao Fo 2 Alx F iAol
A SAREZ B3l FEY SA4S A5t =S4 F5A, FUSEA, s 54 ] ‘:}ﬁli _}
Atk Zh Aol gk 59 Nge F5A0] 247, S5/ 0] 2470

th. Table 3.161A4+& 2459 &F IFS Table 3.200A & A59 SHHUTE Ve 911’42

dzof| A g =20l thte] FEEILE Hote] thR7] el —‘?—% EPAL ASEE H3
< AAEFTE Figure 3.12 ZF WigEof ot eFEQ] &

= 77 o2 F HdollA B3g W& vehd 2o,
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Table 3.3. The results of quadratic discriminant analysis

z7F A= 7} 7V A 5
i=1 0.941 0.922
i=2 0.882 0.872
i=3 0.941 0.931
i=4 0.882 0.821
B 0.912 0.887

Table 3.4. The results of support vector machine

=7 c 5 FE 5 Ao A T
i=1 5 1 0.941 0.922
=2 10 2 1.000 1.000
=3 10 2 1.000 1.000
i =4 100 1 1.000 1.000
B 0.985 0.980

mEBTHES AHg3te] AZEAL B8k 3 NG Al 952 25 ALgsiof 240 o)
Jholoms SU4e AHen B4 AFHAL HRel BoeM A9E B¢ FE04 44 23
V3(6) = 136.215% ©.3ke) SRl W55 ok Aol Selsglek. webd 1FEE Y TR
UL 195 QDAE SRSt

dfolds CVE 53 2% 75 2 9748 stgon, 2 2708 25 Fes A57ASE Table
3.300 AN SHelTh QDA 59 A%, B# L7 R} 0.912, 7 FHEATAST} 0.8872 Lhebict.

N

3.2.2. MZE WE DAl HolHE AP0 BT 5 gt Aol ANAY 0 AL 4
£ olg3te] uxdoR WA F AYPHor Rerl 7fedles drh B AFolNE 7R A
& ARSI, ZHRAISE AY BRA L et 2tk
. || — a4
K(i,7) =exp{f 573 . (3.1)

4] (3.1)0lA v = 1/20° 2 A=Y A5 O y= 288 F3to] A9 grog AAsAT. 4-folds
E Y% & 72 27208 C8) 4, o ARRFHY 42 BER AR 5Tt AlgE 2] Table
3.40] Jeidet. SVM 43 A3}, Ha FF == 0.985, 7719 Al¢= 0.9802 2 et}

3.2.3. ABMHY  HAFS WA A 29F2 SR AL, 29 =29 £ 9 =
=9 2/30< 2= dgset BFeE ths —3%011 33 softmax 2 A7 3}3dt}. softmax+=
0 1 Abele] groz &) HEE WS AT HEE dfe] AV 1o] HEs gt sidds
+ ot 2tk
, exp(2;) :
Py =jl|X) = , for j=1,2,3,
Sy exp(zx)
z=w" X +b.

LA E 270 540z A8 o A3 Cross-Entropy 32 A ’“3}9&“% A7l e 34
& YA A8l A7 95 ddEE R Hedl 7HeA 3Ee wekal o SA3
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Table 3.5. The results of artificial neural network

z7F A= 7} 7V A 5
i=1 0.941 0.922
i=2 1.000 1.000
i=3 0.941 0.934
i=4 0.824 0.773
B 0.926 0.907

Table 3.6. The results of k-nearest neighbor

27 A= 7V 7V SHA 4
i=1 0.941 0.922
i=2 1.000 1.000
i=3 1.000 1.000
i=4 0.941 0.919
B 0.971 0.960

Table 3.7. Comparison of the performance of four classification algorithms

2w dudz P HFEAAE
QDA 0.912 0.887
SVM 0.985 0.980
ANN 0.926 0.907
k-NN 0.971 0.960

QDA = quadratic discriminant analysis; SVM = support vector machine; ANN = artificial neural network;
k-NN = k-nearest neighbor.

Aol M? /25 HalFo] AEE 24 "k oWl AS 0.0012 Ao, 2AFL —0.1004

0.1 Abolel ko= AWSA Atk

t}2-2] Table 3.5%= 4-folds CVE £33t & 7z} 271 AAY 23 I BE Jiw  s1zs)aA4 4
0.926, B+ 71 719HA4E 0.9072 VERT

3.2.4. I8 KOHIRER 715 KNNS A7} 742 dolee] 754 o 24 Yoish 5
o 2 =RolAE /EH ol PHe the3) 2t
K(d) = (1-d)) - I(d] < 1). (3.2)

03714, d= o€ 2k AelE Uehdch tlolH 2k Al 2ttt AeE o] &3te] S48 AT
T}29] Table 3.6 k = 72 AA3}aL 4-folds CVE 33 &, 7k 22 BF AF=9) 7151944
£ UEhd Axtelth o714 k& 3, 5,7, 99 ¢ FHT F 7PE d5H o] 438 k= 72 A3
o} k-NN 3 23}, g7 8=+ 0971, 37 7157HATE 0

3.3. 28 492|5 M= dlw

ok Table 3.7 vl 23e) 45L wmsty] A3 25 FRE9 A5IISE B ol B
AFNA AT ARE oA Azl MY Yo APHLE o) AIIRAS St} £F 3
% 0912, 457G 08029) FHE Atk AR FF TR FDS AL AFWBRA
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0.735% O]i}%%—ﬁ—)—‘i‘, 0] 2R ‘] 7(‘]3']'6‘}—14———— 25 A O—h’;}_ FET:S_]_-’ Table
EE BR AT} 0.9 oo o&Yo] 9438191, JEItuAlS =
< 2] w7} 0.985, 7FETEHAS 0.9800.2
= ¢F %E} et HF 2Por SVMS A
o8 747} 7:30% tpo] SVMO| A5 3
Mia=

HFAoZ AAARSY 70%2 THE A= 4970E o] &3 SVM 23S
& 2L Eslo] 24z H A 7kel 1037} 12 AASGT s naoz
I}, B2 AT 0.947, 7= 9414 0.9279] AFAE A9t

£ AT A5l doidE ditF oz Mgl 7ol ftglon HAlY 7Y FAAE SVM
=

Agadrh. 45 0% 2 %
%8 A= 19719 483 2

4. #2

AESAH ASE o 83o] vl 744 BHAY(AFEEA, AEE WE w4, ATAFE, 715 -AF
ALER)Y 4SS Wtk A% Mug FER: 2§ A AEARASE olgsgon,
Lfolds OVE +8316] 74 ] 9] Z24olnel £ Bl eSS B Aol A =
Bo] 1% 52 ATk 4 MRS A5 2R duelEe 498 Folt 94 A2E oA @
W FAg NUT A58 WL 7:39) M2 o] 2y oh Bojsla.

B AT AR ol§3 229 o5 B A%E AvEE AAFoz HAHY el $4% A I
AF 5 gtk AF BF IuFS ATE WE AR, HF BR ARE 0047, AFAAAS

o B 95 BEo] 27Uk ot ¥ AT AR LAY ANE FANAL w malEY 7Hel
$5% % F Sbekn 25T & vk WARAY 3§ ol 2ATS FIAIA RS A APt
3 g0l itk AT AFAYA W% AHE 2 mE
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NESH RH2Z 0188 27 2D2US A5 vl

S0z - ol - Tl - Faele . ol4Ee!
“PAlieln HB WIS, PER IS $o/8t R, cESsin e S e
(20184 5& 282 T4, 20184 68 7Y 7, 20184 62 8 AN EM)

O OF
o 5

A2 s2A8e oAy £ Sz A8 ZANE ol AAE ol8de] S4S Aueks Wil sy
O ol BEol A oHEE FUsHe o) obl A Azo] SFEL £Usko] Ao Wslo] GE SALE
S A= Wylolth. B AFAE thHFE MEFA AEE o83 FAF 7l shEEA(discriminant analy-
sis)I MAI#Y 7H<QA AEZE #HE 1Al (support vector machine), <1547 (artificial neural network), k-<I
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