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Multi-KNN-SVR A& TN ZE S BLEY
QSAR ##Z HHI N A

R, ZKER, RAkE, TAME, RE
(1. WIRROL R T AR EARSBE, 2. FI2#BE, Kb 410128)

WE RN FARAEYEE S ZRIMOCR, @ T AR QSAR B4, IALG Witk 4l &
BT AN TGRSR I &, JET S Fm & [T (SVR) A1 MSE fi/NE , 28 H 3h SR A% s Bom AR £&
PETRBEREIRAT , M T 24 K- 48 (KNN) T 788, T B th i e SRAF O B 155080 ) DAR B Ay
St 2H A 10 ( Multi-KNN-SVR) . 33 F& LA W% 5 B[R 35 4 00 PE Y B — 3R AL B 25 R W | SR
FHAE LA LR R FE N KNN TR REA RO AR & TR B, 56T 24 KNN A Y JE et 4l & etk — 2
PETMPERE. Multi-KNN-SVR 414 FM7E QSAR DK H e AHSC UM i 78 vh BAg Tz i A5t

KEIF  HRAEY; SRR EREHOCR ; KR4l 4E T

FESES 0621 XEARIRE A XEHS 0251-0790(2008)01-0095-05

FRA EYITE VAR, MRS RN, F N Tz, S B G R AR R e B,
KR EA ST, BRI R, WA H B, 3 S meekt) . e R
(QSAR) SRR 5> FE W M 5L = 5 S8 R S A 0 — R BCR Ge 1 7 i, DAt sr iy
QSAR BEAYA] LA RN AL G P 0 A Wi 1k, T8 S8 25 9 it 56 i, KRR R TR 259 & A
2

TG 1) 3 T 2295 RS e /N U A A 7 v, 22 04k 1k 01 JH 325 ( Multiple linear regression, MLR) |
B LR A M5 ( Stepwise linear regression, SLR) | /)N —- 7% ( Partial least square regression, PLS) Fll
VR 22 I ] % 3o i 25 ) 25 #5574 ( Back-propagation neural networks, BPNN) %5 & #% ) 1z W HH T QSAR fiff
g2 TGRS FE B SRR 1) B3 (Support vector regression, SVR) J& H A & JE e R LR
U5, WOTEEF AR T/NEAS | RN | LG | AEECRMER R NS R, ELZ AR HETTRE )
st

ASCULE FACS WSEREGR 5 RO F B LG R G, @ T —FIET SVR, IEA K-k
£B ( K-nearest neighbor, KNN ) Filjil| #5584 St 2H & FU ) QSAR #7771 Multi-KNN-SVR ( Multi-K-nearest

neighbor based on support vector regression) .
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R AT K SR B 1P 15 (1gP)? | BERYT -
SR MR, WS HCo, STIRSHCE, Ui R i A
HOMO 5 LUMO% 7 24 ot
Ay B BRAR A F 2544 DL Scheme 1. Scheme 1 Structure of fluorine-containing compounds
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1.2 ZEHRIEE
A% PRE B REAR T B — VA5 B Y34 )7 1% 2% (Mean squared error, MSE) #£17 .
MSE = 2 (y _5}) :
n

Ay AIMEEAL, ¢ MBS VAL, o MAEARKL BRI ERE S Pz ek g, (1) Lteimtie =1,
(2) 2R =1, d=2; (3) ZUWXERE =1, d=3; (4) BINIEZERE =2, (5) XHIEY]
KRBt =3. WA REAMEE — 3N, I35 MSE {8, Horh /N MSE {8 57 X565 1 (4% bR BCH B A% i
B BRI MR B — A REARAE IR A, T o A B AS A N R 1) — P &
SR 77 A 114 TO0 0P A 38 ikt

1.3 EF SVR HAELMREAFIFIE

BEA n DFEAR . m MR (AR, DR BEIKE N & 2R AT 0 SVR A 28 F il

BB IR AIBEAS W2 IR R ST, XS —4e e, A .

(Qeymiyrmiy = Qi)
= Qm,XZ,...%...,X”J/(TL I , 1 =1,2,-,
MRANE B EE R (1,0 = m = 1) B F o0 Aa. o QO m AR AT B0 36 % 1 25 7 J5 M
Qg ooy FABRE § DRSS BRI E 2 F. W minF, > F ) RUIBA R
RIS, IKIEZSE R |2, BIBREE | DA E AT —5e 0k R ILE m B m - 1), FASCHEA
Frb B 5GP, SCERERERATTITIF , ) =0. RO KA B AR T 5
SL4x )R Wi 5 KNN .
1.4 EF SVR W£F/HNE KNN Fl

JIFE 4 R TR R DL B — T A @ MRS, HAy n -1 DMHEARZ 5UIGEEL. | THEARER
SERUME, AR TN A% i (O KRR SR k) , P AR A IR fe . fealn &R ) 2
TRV FEAR G A HE R FF SAr AL 3, TR IREAR | SHA n - 1 DMEEARMERICIE R, DISEEA G B
B/ NREAS I BB AR A RRIREAS @ A FENIE ..

KNN T 2 4 oy 300 -5 o 0 SR 0 [ () o 0, RO RR DA AR &, BOREAS ¢ 5 H A n — 1 DNEEARHIER
[CHE B Fe /M) K DMREARVEVI R SETRINEEA (. WK, Ke [1, n—1], HPsm 5% 0 S AR H 5 4 5
TN, KNN e 550k e fre 30 418 Pt A A5 22k 20 DA K 4 Jey il 1153 58 2% B v S
1.5 EF 4 KNN #3IEL& 1E4H & F ( Multi-KNN-SVR)

RAERGERKERIEHE KNN b K HI/NIEHME R, (B2 45 B R REA i i K (8
PSR IRIME. 214 B EA RAF AL e, SLW0MORG B AR T o — WU A Y, H B E k. DI
LA TN 2 USRI A5 53 (20 MR, PLS, BPNN 4§) FUAE R 78S, FFDAZE MLR 5% SLR 4545 F
BRI AR 2~ . IRATTH &I T 24 KNN BHELE4L A .

B, FRRINE . — B, X o DERAS, DL —IETUNAEA i, 24 n B/NET, ITE K e
[1,n = 1] H35 M 3 ~ 7 A K AEA IR, 5 n 8RBT, MBI RERE, AIfEKe [1,w],
w<n — 1AM 3 ~ 7 4> K (BT,

500, BEIUCALA TR S A pR B O 08 B RY. BR 8 3R 455 A8 A B A AR R 1) T (L A,
BT 4] 1.2 Fi 1.3 35 d TR,

S0, AN, BUR LR RECRIR B Y AR — L P R DA A 4.

1.6 T4 EE M 4R

FT B — IR R MSE RIPEI 48 %R 22 H 438 ( Mean absolute percentage error, MAPE ) 7

MRS

Fi

m

Dy —gl/y

n

MAPE = x 100%

MSE AN EZIEMFE R, LLH Y C + + 2@ 18 % H LIBSVM (http://www. csie. ntu. edu. tw/ ~ cjlin/
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libsvm ) 58 BT A 34 4o BRI 48 gk 1
2 BRSHR

2.1 SHERHBMAENEEFL QSAR
2.1.1 HEFEZEBLFHREASF  INEFR33 DT T MEARRF A&, HE— %S MSE /)
B FRARAZ PRECH ¢ =3, IR AR S AT E, f(1gP)?, H E, X Wbk BER2 KT (1gP) *. Tk fliig
FERTIET 7 M ERF I 4R TR Des-7 19 MSE =0. 026, MAPE =4. 928 ; Fids iR f /5 5T 2 M
AR A 4 JR TS Y 32NN A MSE =0. 027, MAPE =4. 591 (£ 1). MF AR EF Y, £ 7 N
P ASTUARG R, KRBT R T SVR JR M0 e b 75 e a0 k.

Table 1 MSE and MAPE of different prediction models *

Model MLR SLR BPNN  Des-7 INN 9NN 17NN 25NN 32NN Multi-KNN-SVR-5 Multi-KNN-SVR

MSE 0.024 0.019 0.023 0.026 0.004 0.021 0.016 0.034 0.027 0.011 0. 005
MAPE  4.592 4.007 4.609 4.928 1.825 3.551 3.624 4.712 4.591 2.913 2.279

# MLR: multiple linear regression model; SLR : stepwise linear regression model; BPNN: back-propagation neural networks model; Des-7;
SVR model based on 7 descriptors; INN, 9NN, 17NN, 25NN, 32NN: K-nearest neighbor model according to different K values, respectively;
Multi-KNN-SVR-5; combinatorial forecast model based on SVR and 5 sub-models; Multi-KNN-SVR; combinatorial forecast model based on SVR

and retained sub-models.

2.1.2 KNN Fl B4 AT ARGFEAREL 33 4>, AT K = 1 (R ef €B A ) , K=9, 17,
25 M 32 (KR A/ ) . B A% pR%k ¢ =3, IR FEIRSTF (1gP) > Al E_, AN[R] KNN FA 7 i) B — 7k
TSRS TR 1. I MSE 25507, S 48H0 (INN) AT 9NN, 17NN, 25NN Fi4 " il (32NN) ,
RUIFEAGE S P I .

M1 ETEZNKNN(K=1,9, 17, 25, 32) SEHa A 0l 0, R 2811 A0 i 1% it 20 75 Tt
I Multi-KNN-SVR-5( MSE =0. 011, MAPE =2. 913, feA#ski% e =3 ) BNE B BAL T 0 e iR 75 5 19 42
JR WML 32NN (MSE =0. 027, MAPE =4.928) , ¥R T 41 & Holl i 43 35t 28 7RI 8 I 1Y
ZH A TSR Multi-KNN-SVR, HARBE TN K =1, 17, A ERECH ¢ =3, TR B oE— 45
(MSE =0. 005, MAPE =2.279).

M MSE I MAPE &, &1 X2 AR AR 45 1 S5 A0 A5 78 Ay e 4B A A INN, H: MSE =0. 004, MAPE =
1. 825; Multi-KNN-SVR £ £ 7l 0 A5 A0 Eb 1NN 455 76 550 000 A% 3 s AR (3% 1), {H Multi-KNN-SVR 45 #Y
(Max ,,, =5.38) %8 INN #i%I ( Max,,, =6.92) FasE. B K {E AT ARS8, Multi-KNN-SVR 47526 P H
O TR B (CBAEAR S ) . Multi-KNN-SVR s 7 5L KNN A I % 19 e i & (BB, oo
AR T INN SRR 5 St D Rs e v R AR Bl BORE R v , AR e Mo,

YER S BIRL, £ 1 RBF 501 T A7 A5 45 ) & 19 MLR (SPSS13.0, ENTER %), SLR
(SPSS13. 0, Stepwise %, #RIA @, =0.05, a, =0. 1, fREAMIARFT N Es) & BPNN B — L2 R. Hir,
BPNN 2k FH DU E WAL 89, trainbr YIZRMZS 5 S8k 7-5-1, dfii MATLAB 23, 4558 oK, Multi-
KNN-SVR B @Ak TAE 5 4k A A MLR ( MSE = 0. 024, MAPE =4.592) 1 SLR( MSE =0. 019, MAPE =
4.007) DL M AL G AR LE A5 BPNN(MSE =0. 023, MAPE =4. 609). Itt4h, SCHR[ 10 ] HGE 2 B0 07
J&, RH SLR FFAIRIF VUK 4555 QSAR [y RELAHAIAY,

SR FHTHS B X W B — R TR, RRUREARANRE S S5 A% pREEE I, 5 3 A% 0 15 R 55 78 0 1 25 2o
2, (HAZ IR, M n =33 Mln =32 B, &eREAZEIL . R4 0 0 18 AN 745 780 %) 0 1k 205 1 5 4 M
], PRILE 1 45 PR A () B — 1 R DU R AR 1 J A 7 R AR
2.2 EZRENRHIS FHEEM QSAR tbig
2.2.1 HBEBBHLFERBEARL N THE Multi-KNN-SVR W4 RE 7, #E— 2% Scik[ 10 ] TP &
RAVERT 5 R F AT QSAR AT HLEL. XF 5 Fig F T SVR 1) 4 FiEHY Des-7, 32NN, Multi-KNN-
SVR-5 I Multi-KNN-SVR #47 [ 8h FHRIAAZ R BT & B, [5)— 995 5 AN [R50 750 R[] — 5 AN [ 5 5
HARA A R AT REAS AL, AR SCHE H AR MSE S5e /N ) 2356 456 5 DA% R 2 T 56 3kt 4% o
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Hon) .

5 Flofi T4 F AU sRE BT IR AT IR A5 R N 2 Fron. al L, R AL& W) Rt i iR 75 A1
(], AR [ 5 ) P B TR AT A 25 5 XIS/ iR AL B WX 5 R T RO VR ML R 25 5. 0 T[] —
FAEY, HHAEXS AR, AP 0E FHAS R 251 A AT 45

Table 2 Results of screening descriptors

Descriptor Watermelon southern blight ~ Wheat scab Cucumber phytophthora blight ~ Vegetable anthracnose Rice sheath blight

IgP — vV vV — vV
(1gP)? vV vV vV — vV
o — vV vV vV vV
E, vV — Vv v vV
MR — — 2 — —
HOMO — v v vV —
LUMO — Vv Vv v

2.2.2 T %A KNN B9 214 F0 Multi-KNN-SVR  XF 5 FiA B A6 2, 23 ) BOH B A% e B0 A B2
HARRE, HHK=1,9, 17, 25, 32 () KNN TO(EAG TR, X PR T 0% 28 f5 2 B0, AS [R5 o f
B F RN AR (S5 R ARIN ) . SR B — L T 45 5 W2 3. XFF 5 AORTE 19996 3, Multi-KNN-
SVR 7 4 R R b 2 g MR IR IR, RWIIE T SVR JELR M v R4 5 TR AL T 24 KNN 7
LAY S it 21 5 PO B | A

Table 3 Prediction performance of different models

Watermelon southern blight ~ Wheat scab Cucumber phytophthora blight Vegetable anthracnose Rice sheath blight

Model MSE MAPE MSE MAPE MSE MAPE MSE MAPE MSE MAPE
Des-7 0. 026 4.928 0.018  3.961 0. 025 4.330 0.012 3.480 0.019  3.887
32NN 0. 027 4.591 0.017  3.810 0.025 4.330 0.011 3.332 0.008  2.553
Multi-KNN-SVR-5 0.011 2.913 0.009  2.807 0.017 3.397 0.010 3.021 0.005 2.136
Multi-KNN-SVR 0. 005 2.279 0.005  2.369 0.015 3. 164 0. 007 2.378 0.005 2.136

VER EEH, SCHRL 10 JEF XS BUREERG, M 7 RS & 4 RIS B ARt e g 1B 10 4N FTiB
MY« A SRREAR ) XFRIAY 23 DMFEACR ] SLR 2i5E, H /L4 MSE =0. 015. i Multi-KNN-SVR B i £
5 Tl 7 o X B JTCRE NG 14 T 235 SR A 2%, IR 7 4 33 MREAR, HiB — 3k Wil MSE {4 0. 015, 7
SREL T Multi-KNN-SVR TR 22 e Ak e P i R HERE.
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Multi-KNN-SVR Combinatorial Forecast and Its Application to
QSAR of Fluorine-Containing Compounds

TAN Xian-Sheng'?, YUAN Zhe-Ming' * , ZHOU Tie-Jun’, WANG Chun-Juan', XIONG Jie-Yi'
(1. College of Bio-safety Science and Technology, 2. College of Science ,
Hunan Agricultural University, Changsha 410128 , China)

Abstract To further understand the quantitative structure-activity relationship ( QSAR) of fluorine-containing
pesticide and improve the prediction precision of QSAR models, a novel nonlinear combinatorial forecast me-
thod named Multi-KNN-SVR, multi-K-nearest neighbor based on support vector regression, was proposed. The
novel method includes the following key steps: firstly, seeking the best kernel automatically based on the mini-
mum mean square error ( MSE) ; secondly, screening descriptors nonlinearly by F-test; finally, carrying out
the combinatorial forecast with multiple KNN sub-models. Multi-KNN-SVR was applied to the QSAR for the
antibacterial bioactivities of 33 fluorine-containing pesticides against 5 different plant diseases. The results of
leave-one-out test show that screening descriptors and sub-models were essential, and the combinatorial fore-
cast after screening sub-models could get a better precision than single KNN model. The predicte results also
indicated that Multi-KNN-SVR had the advantages of high prediction precision ( MSE = 0. 005—0. 015,
MAPE =2. 136—3. 164 ) , high stability, strong generalization ability, structural risk minimization, non-linear
characteristics and avoiding the over-fit in all reference models. Multi-KNN-SVR, therefore, can be widely
used in QSAR and other related fields.

Keywords Fluorine-containing compound; Support vector regression; Quantitative stucture-activity relation-
ship( QSAR) ; K-nearest neighbor; Combinatorial forecast
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