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ABSTRACT Objective: Some quantitative structure-activity relationship (QSAR) models have been de-
veloped to predict cardiac toxicity of drugs, which have limited predictive power due to based on hERG
channel inhibition. The objective of this study was try to develop a QSAR model based on all kinds of
cardiac adverse effects, and to predict the potential cardiotoxicity of chemical components in traditional
Chinese medicines (TCM). Methods: In this study, the compounds data of all kinds of cardiac adverse
reactions were selected as the training set. The QSAR models were constructed based on 1 109 com-
pounds with cardiotoxicity and 789 compounds without cardiotoxicity, which were available from the
Toxicity Reference Database (ToxRefDB) and Side Effect Resource ( SIDER) database. The ADMET
Predictor software was applied to calculate and to screen the molecular descriptors, and to construct the
QSAR models using support vector machine (SVM) and artificial neural networks (ANN) algorithm, re-
spectively. The models were optimized using compound-based 10-fold cross validation. Then, the predic-
tive performance for the potential cardiotoxicity of chemical components in TCM were assessed using ex-
ternal validation by 19 components in TCM with cardiotoxicity and 10 components in TCM without cardio-

EE&WE . PELTIRBFE I R4 (201507004-1) % B Supported by the National Special Project for Traditional Chinese Medicine Industry
(201507004-1)
A Corresponding author’ s e-mail, wangqi@ bjmu. edu. cn

4% HH kiR A i8] :2017-5-11  8:33.40 48 H AR : http : //www. enki. net/kems/detail /11.4691. R.20170511.0833. 010. html



Jbow koo M E % R )

- 552 - JOURNAL OF PEKING UNIVERSITY (HEALTH SCIENCES) Vol.49 No.3 Jun. 2017

toxicity. Results: A total of 220 molecular descriptors were selected for modeling, and the best model
using SVM algorithm contained 87 molecular descriptors. The internal validation results showed that the
predictive sensitivity, specificity, the Youden’ s index ( YI) and the Matthews correlation coefficient
(MCC) were 71% , 70% , 0.41, and 0.41, respectively. The best model constructed using ANN algo-
rithm contained 13 neurons and 87 molecular descriptors. The internal validation results showed that the
predictive sensitivity, specificity, the YI and the MCC were 78% , 77% , 0.54, and 0. 54, respectively.
Both models were validated using external validation by the same set of 29 chemical components in TCM
with or without cardiotoxicity, which were not included in the training set. The predictive performances of
SVM or ANN model were as follows, respectively: sensitivity 95% , 95% ; specificity 40% , 60% ; and
accuracy 76% , 83% . Conclusion: The predictive performance of the QSAR model using ANN algorithm
was better than that of the model using SVM algorithm. The external validation study of 29 chemical com-
ponents in TCM illustrated that the QSAR model was applicable for screening and predicting the potential

cardiotoxicity of chemical components in TCM.

KEY WORDS Medicine, Chinese traditional ; Cardiotoxins; Quantitative structure-activity relationship

TR RS C &8 LT AR s, X4k
FR AR ] 7AW B E . L4k,
R BE 22 1) D4 7 A\ ekt rh 24 PRI S 167 1 b
FERZ, B 2 R T 2 R E R
Zo SR, T EEGEG Y YT b2y
I BRI OO A5 [R5 | & I 25 ) AS BN SR I Ay
KA XSS B B RO R
P EEANERSSEIAEIL TN E G R,
I, BT X8 v 24y O M R 1 S T - B s 2 3]
HH: S T 1 e B2 R
RO METE R R AR 25 M TE AR RN R 5 AR
Xof S T ESF [ P 5% JUE A 4 ) R 7 A 5% i) sl 3 0
LRI 2 N S 32 A B RO o 1 2 2 1Y
FEFERZ —, DR AR EZER S, i
2 LA BT O ™ H 1 s, 2 ] S B SE
O NEZSHE S %  FE T A3 ATl 5 AR A2 4 S il
ERYAEAE I, 25 AR, 8 AR A0 1
SN 20 M JH T 5 22 Rk A R s s . I AR
e, — LT F A m PR R e 24 1 58] PRV A 1.0
U B T 30 M T S [ s R A et ATl 37
PSP EIEIN RO AL G207 s, T AR
U st SR 2 Wt S R AR R R o el T A e
210 A LY, HSA A L SR Y 43 B R
RO EOME B0 1 AT 1A N B PR TP AN 150 1Y
B A, KRS s R T E bR RS Y
“3R” RN, BNy 2D (reduction ) FR AL (replacement ) |
Ak (refinement ) J5 U], A1 1] 4% 495 1) 3l ) 52 36 7 3k
T2 A A3 O U BE R 1 O B A — Y R R
P A& RSS2 50 B BB T 20 Hh 24
HEAT O JIERE PR N K A7 75 18000 1) S B B e 2 28 1
HEARET I, E AR R (quantitative struc-
ture-activity relationship, QSAR) & —F{ 1k &9 1
A R0 5 LA AR R A AR IR 2R, e g Ay A A A
SERAEATTSEHUBE 6" . QSAR AR AT 3 i Xf

— AL S W ROAE H S B P AR B A, AT
MBZEH TR & W MUK AT TR PR T, 2 —
P SR R T AL T V5 o W QSAR Y
A RLTSN AN e A MR B, IS SR BE L S
S LU e e, S H XU DAl S 1A A (B ) 25
fmE",

T 2590 MERE PR Y QSAR BEBYZ g B
hERG ( human ether-a-go-go-related gene ) B}l & 1~ i
A Tk —BIL Y , 18 VG B B — , AR ey
B IR K I IE , o A5 T 24k 2 o) Y
O EFEPE T G AN WA o ABESTUER T4 20 EA
RS A7 L B A QSAR B, 3N I E
A SCHRARGE B B A BN B O EREVE B 2 A al
IIVE RS PP H T b 254027 iy O JIE R
T A E S o

1 #R5ETE

1.1 Btk

EEHEHFPE (U, S. Environmental Protection
Agency, EPA) A I T ETRLA Y 09 BE1ESE
ST 25 805, # 7 T Toxicity Reference Database
(ToxRefDB) "', %A 2 A1 7™ #5100 0 HE B A
A1 A S W as B BT RY B B EOR B
TEYR JRE R EE, Side Effect Resource ( SIDER) %4}
2 i IO 40 1 A2 2 52 58 2 ( European Molecular
Biology Laboratory, EMBL) & 37 i Z5 ¥ A B 2 v 41
P, b & TR S W G 25 A R
R ABESE T A QSAR Rk &)
BiE3% B T ToxRefDB F1 SIDER %4 )2 .

AHEFEWEE ToxRefDB H A B 28 111 9 75 1 52 56
Bodh , 0 8 b BATL.OIEREE R AL B W 170 FhE
o FRPESE AR 510 R S WA A BA D IEREE,
YEJBIVESE . SIDER i )R, 28 R R iR A
T AT g | R AN BN 25 ) A BE DA AT 5 | 2 AN



BHERK,AE AT BN 2 O U RE P Y A AR 2O R A

- 553 -

R 2590, A 5E LR b 951 Fiy 5 ml 5
KA AR A BN 1Y 25 W)V Ry B4R, OR7E
PR 250 b IR BEALL FT 5 | AU AR DGAN BB 14 24
YIE153] 485 Ry, I A HAT DR, 1N
BATELE . 5 I M HE 22 01 S B b B 52 b & )
J& , FEAR3) 1109 A4~ BA 0 i 5 1 Ak 5 P #0789
MABRAOIEREER LG, ME o H EE QSAR BEAY
AIIZREE , S8 5 A PubChem T8 BT A 16 & 119 3D
I3 FE RS
1.2 Jp FHRRF RS e

W 35 [E Simulation Plus /3 7] f) ADMET Pre-
dictor BAFHRIFIE /> T8 FF . ADMET Predic-
tor FAF AR IE AL W08 0 -4 4 ST SR 341 Fh
2D S FHERFF FFHME 36 T 3D 4> F-HEARSF , 045
HBCHARAT DB 3D SR AT A AR DG
WRAF ESEE S RE T RS > TR B A ST VB RE
W IR AT 55 o TH R B TR IA AT IS, ADMET
Predictor #2318 i PN BN FIr A ili iR 49 2264 5
e (1) TR A 73 T 1B R 10722 5 R coefficient
of variation) , 5 REUNT 1% WY 73 T HR A B
AN WHIER 5 (2) THAN [F] 23 7 1R A 18] 1 A1
KA, BT v BEAF DG I — X 0 1 S iR A4 2 1 Bt AL
WBR—> o TEREBALIS , ADMET Predictor #8438
HRAE 73 FF R AT 00 GO AT HE , DL e a8 A%
L EEL SN A DN IEA e (1B Yo
1.3 A RE sk

W H] ADMET Predictor 24 H A P 747
BRI G i S PPt . ADMET Predictor {7 H 49 5
S AL (support vector machine, SVM) Al A T #4
25 2% (artificial neural networks, ANN) ] F/43257¢
T A B AN RIS 43 i) o7 3 T A v A A A
AL, SVM gt — Fofr i 235 g XU S /M Ak st B T 5 3
AU B L g2 2 ikt e A% ek K
KRS B i 4R 25 (8] b, P AR 405 8] P e R A 3R
W)l — - TR0 0 R AT 40 2, e — b 0 A
AL, ANN G BEADL A Wl 228 50 %08 R A BT 12
Xof —2H Bt AT oR B30 S AR S (e, H i 25
IYIZREE | 18 W 0T X 28 2 BGH AT R I AT 0
R, DARENT — R (R A 1 30000 ) 8%, H 1 S50
SRR B R AN BB B R
1.4 NFREGIE

R ESIE AT DL 2% S A5 A0 i R fd v L k 3138 X
IE (k-fold cross-validation ) 2 & F T UE47 N SR EEIE 1Y
T3k HA PR R I 2R R BE DL 0 i k S50y, 4 ]
(k= 1) By e85, 0 F Y 1 A3 FRAEI R 21T 30 iE

UNCAR R 204 G0 S AR S et b 1k
AHFFE R 10 3738 SUBUE J7 323 WA R R 4T P 3
HIE, M TR REUE (sensitivity, SE) 757 (speci-
ficity, SP) \Z& 4540 ( Youden’ s index, YI) Ffll 55 {&
HrAH 2% 22 40 ( Matthews correlation coefficient, MCC)
X 4 A FEPRIEIT BB A PERE , 2 SR AR
1.5 AN

(RPN oaT R STR R VA BRI b e S Sy
I PR — MM S A BE A & TR AE
3 o0 ) SCHR T R T Sl T 19 Fb
BAOUEFETER 2517 i K 10 b A O IR
PRI R 254k 27 o3 DAy A0 BB 5 T f i X A, U
WA SINGLEEZ NS E BRI . A
[ 3D 73 F-L548 SCAF 45 N PubChem 2, Hh 244k °7
BHE R 1. TR RIA) SE SP LR &
(accuracy, ACC) DAPEMMELTL A FINGE T o

EE ATl A S E SRS s TN a KA W (I

TP TN
_TP+FN’SP_TN+FP’

~ TP x TN - FP x FN
V(TP +FP) (TP + FN) (TN + FN) (TN + FP)

_ TP+IN \ YN

B FP AR AT LS R, TN 9 BB S 2L,
FN Ja AL S 915

2 HR

SE

YI=SE+SP-1,

Mcc

ACC =

2.1 G FAMRAT I e MR A A

P 1109 A~ HAGBERETE A5 P 1 789 A4~ A
HAORESEERI A DI I SRk A3t O JE 75 8
[ QSAR T ALY, ADMET Predictor {4t %) |
RPN 3D I3 FASH ST T 4258 341 B 2D
Or FANIRAT I 36 B 3D Jp TRGALST, Sl TR B
SR T H A A ARG R A 5 BE AR OGR4
AT, AT 220 Bl 7y TGRS 5 @R R 4 EE
220 Fh 53Tl 3R A 2 HECHC O AN 2 i 532 ) 1) A0 2
R EHER , W SV B30 SRR U 8 AR [R]
(70 5 FA A AR T T ANN B33 s AR UK
BOE AN [F) B 1 20T RN [R) B 1 231k
PR IR
2.2 AU R A B R A R

I SVM 5 ANN B33 4 S 10 B0 14 3 5 10
Pr o SURAET7 54T AR BAIE, 20 5 33 A BT 1Y
SE.SP.YI J MCC, HARHETHIT A5 RAL 1T Ak
TR e ORI, e rpr, SVML B33k 1Ry fe I AT 44



S| SN T S O A
- 554 - JOURNAL OF PEKING UNIVERSITY (HEALTH SCIENCES) Vol.49 No.3 Jun. 2017

AT 8T Blior T A 4F, H SE GR# 71% , SP O 78% ,SP Oy 77% , YL Fl MCC ¥7 0. 54, HAA T4 Uk

70% , Y1 Fl MCC ¥ 0. 415 ANN 553 i e 0 A Y
W& T 13 AMZTT N 87 My Tl IR AT, SE 1k F

ZERILE SVM RL Pr BRI AL . PP 3335 119 e

DAY Y FR I UE LS R AN 3R 2 s o

R SR UMK P A 2 2y iR

Table 1 Chemical components in traditional Chinese medicines for external validation test set

CAS No. Chinese name English name Source Cardiotoxicity
302272 535 Aconitine Aconitum carmichaeli Debx. (3% Fff7) Positive
2752-64-9 o 13 3 Mesaconitine Aconitum carmichaeli Debx. (133% i) Positive
6900-874 R Hypaconitine Aconitum carmichaeli Debx. (%3 JftF) Positive
466-24-0 A G 2 S R Benzoylaconine Aconitum carmichaeli Debx. (%3 JftF) Positive
77181-26-1 3-S5 Acetylaconitine Aconitum carmichaeli Debx. (133 HtF) Positive
2447-543 AR B Sanguinarin Macleaya cordata (Willd. ) R. Br. (fliy&[A]) Positive
34316-159 E)RE2aR Chelerythrine Macleaya cordata (Willd. ) R. Br. ({#y%[E]) Positive
18203-11-7 (1% 1)) Bk Chelirubine Macleaya cordata (Willd. ) R. Br. ({#y%[E]) Positive
482-74-6 It it Cryptopine Macleaya cordata (Willd. ) R. Br. (J#7%[]) Positive
57249 e A BT, Strychnine Strychnos nux-vomica Linn. ( D) Positive
357-57-3 TR Tk Brucine Strychnos nux-vomica Linn. ( Z4%F) Positive
22595262 4T A HET, - Strychnos nux-vomica Linn. ( HERF) Positive
38748-32-2 FONHEH 2 Triptolide Tripterygium wilfordii Hook. f. (‘F/\HE) Positive
1182-87-2 FAEIATHR U Encordin Thevetia peruviana (Pers. ) K. Schum. (#{EIATHE)  Positive
1111393 R ZEEAETATHRIRIKZ Acetyldigitoxin Thevetia perwiana (Pers. ) K. Schum. (FEFEFATHE)  Positive
143-624 VR ROT Digitoxigenin Digitalis purpurea 1. ( FEHLET) Positive
465214 IETER Bufalin Venenum bufonis (WaHk) Positive
470-37-1 Ak b kg Cinobufagin Venenum bufonis (W&ik) Positive
465-394 JI s 7 i i Resibufogenin Venenum bufonis ( YETR) Positive
1124-114 LS Tetramethylpyrazine Ligusticum chuanxiong Hort. (J1|E) Negative
84264 A RN Rutaecarpine Evodia rutaecarpa (Juss. ) Benth. (%:ZE81) Negative
16837-52-8 BTSN Oxymatrine Sophora flavescens Alt. (F5%:) Negative
10338-51-9 FAk-> it Salidroside Rhodiola rosea L. (£L5K) Negative
22427-39-0 NS B Rgl Ginsenoside RG1 Panax ginseng C. A. Mey. ( AZ) Negative
501-36-0 [SE =7 Resveratrol Reynoutria japonica Houtt. ( JEHL) Negative
117-39-5 Wil iz & Quercetin Sophora japonica Linn. (#K) Negalive
3681934 Lan S Vitexin Vitex negundo Linn. var. cannabifolia (413]) Negative
3681-99-0 BRE Puerarin Pueraria lobata (Willd. ) Ohwi (E5#R) Negative
- FAWIZ RN Safflower yellower Carthamus tinctorius L. (£14E) Negative

CAS, Chemical Abstracts Service.
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Table 2 Internal validation performance of the models @*ﬁﬂ E/‘J ﬁ‘{mu ﬁ[éjj iﬁﬁf@% %BE/EL\:U—.E% ':F‘ 29 *EF EP
Algorithm de]:((::ip(l)irs No. of neurons  SE SP YI MCC é”ﬁﬂ:# EZ ﬁ?}’ N H[f ﬁ ‘@ El/‘] ?Jﬁ mu s é} %IJ i+% 2] %‘: Py E/(J
ek BT 4
SVM 87 - 7% 70% 0.41 0.41 SESP Je ACC, 2 RILRA TR 3 o
ANN 87 13 78% 11% 0.54 0.54 F3  BIBUGSMERIIELS R

Table 3 External validation performance of the models
SE, sensitivity; SP, specificity; YI, Youden’s index; MCC, Mat-

thews correlation coefficient; SVM, support vector machine; ANN, artifi- Algorithm SE SP ACC
cial neural networks.

SVM 95% 40% 76%
2.3 BRI HMERGGIE ANN 95% 60% 83%

St 19 B EATCBEREPE (10 Bl HAT O

ACC, accuracy. Abbreviations as in Table 2.
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