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Study on the Optimization of the Bandwidth of the Kernel Function for Kernel Discrimination

LI Ze-zhong BAI Yong
(Department of Computer, Chongqing Electric Power College, Chongging 400053, China)

Abstract Kernel density estimation can be used to estimate the conditional class probability density functions and the
key problem is to choose the bandwidth of the kernel. In this study,a method that the bandwidth is optimized through
maximizing the area under the Receiver Operating Characteristic curve was proposed, Two classification systems called
BKD and CKD, which are applicable to binary features and continuous features, respectively, were developed. The pre-
diction accuracies for UCI Promoter dataset and UCI Diabetics dataset by the two classification systems are close to the
best literature reported results, showing that application of our proposed method for the optimization of the bandwidth

to kernel discrimination has a good prediction ability.
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53 [ R RARYE n NS F SRR (X, 300 1=
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E, xR BHL(SVM) . A TH LM% (ANN) R
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BRI AFE-MISEI T EENERE LSRR T
HEWSEIFE,

EREBSEFES, Nt hsXSd TRARIHRE
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7,30 Gauss %5, FR IR A E AT R BRI 2 H.
TI7ESE bR R o B A3 B A i AR T S il , BN TSR R 2
SAAEBSAPNEENER. Bik, HAEESRKHN T &
BE=ZM I, WEESB0E B AT, W% E 1 (Kernel
Density Estimation )7, B8 BEARTH kb Bk g i — AN Al
R RS HA 41T, AITTCHISON 1 AITKEN' i T
B — R B ¥ (Leave-one-out likelihood method) {1} %
2%, |, Harper™ & Willett 2 A 8 FA4HHA T
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BoE AT R T E e, D E AR R Z R
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_P(X[Y=R + PY=B) _ P(X|Y=H) - P(Y=k)
K
SPXY=B  EPX|Y=RPY=b
<1)
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SRBWHE. BBEMATHRLE T 4R R B — N a) B
EXHRSE A 04T, Wik, AR T&FHE&RNT
HJrHk. 0 Aitchison 1 Aitkin' Fi B — Bl K BUR o $0AG
i+§:

Wk D) =TT P(X: | Di sk (16)
RS p. KD, D HUIGED HBRER X, FHE
A, Willett ZAR BB EMITSR T EHTHEISE
YTk AR SR it X TREMESEN X TREE,. 4
S8R 3 BKD(Binary Kernel Discrimination ) #i CKD (Continu-
ous Kernel Discrimination) 7. FEiF24r25 0, it @&l
WYk, A\MIANRERM AT EYHRT), EBE
AEXFFTMEAEEE . X I r4258%, B (12) ik
AP ERE ., Willet EARHBTHERSH L 0
TH NGB P e A R — R BIN A R R 4
REK/N, HT AR R EERHEE AL FERERHRE
ZHENS, BRR, XBLUIEREKHFEZY 2 ELHE
BEHIERIF RS, ACPRATR AR RERFEROC R
FRTER AUC 4 AR KB AATHFRBH .

2.2 FREMEMERBESBAMRL

T At AR TS , AR E TSR, R
BB (sensitivity, Se) : NFFE R, b IEREE b 3 E B B W
BB BT o5 ol s 4557 BE (specificity, Sp) : XFRELBA %, By
fREA Th BIE S BN A BT & A SR B (overall ac-
curacy, Q) 38 i A REA P Y ER BB REARRT & . A
B A BE IR AR BRI H T 2R 2 AR EEE, L A
By T RA ROC fiRi#AR M k. ROC IR B ATERAE
FURMIERIRE, BOL A # 8 T R BHEeRa e, 557
BREAR PSS BB — 3T 43 B % (Scoring function) B K H
/NHERR » R TII 0 IE AR A A AT BEE R K O HEAE BT I . Tl
KRADTHE MR T O IE A 3R B AT 45 04T 4 R 3.
e B JERMET, WE—RITRE, T4 8RBT X
AW R AR WO IEREA, R2Z N ks, RIETH R, R
FHAS 6] e AR R, T B O A SR B R R L SF AR
SAAER, BL 1-55 57 B (BB PR 30D S B AL AR 44 tH A9 45 Bk
A LR, By ROC 142, B ROC #h£R 7T LA 3 by o B 1 3%,
MR, X B G R, ROCHL AL AR —
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RO BRERRE. BARARERS ERSRE, ERE
EREREBLER, MREEREHRZME/D. Rt H
ROC #hi£k T a9 B (Area under the Curve, AUC) Af 1R iF #3F
oy 2SR RE, BB 1. O M TAUARHERR , (KT 0. 5 M TR &5
RAGBEVL RS .

ERXP, RIOUE R AROESRRE TEREHEE
YERFT4r ¥, #3E ROC #h2%, 3+ L) ROC W THE R R H
R AL E R B B H L. ROC iR T TR
B3 Wilcoxon-Mann-Whitney Zi+/AX0HEH .

ST IX X))

AUC=%L =‘n+ — an
e, FOORITH RS KRS, BB EM TS (O
B2y PY=+411XD, HRMAHEH .
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3.1 BiIERRMELE

UCTEUEE R~ A TR HLE 2 3 O B An s
£, IR T EN RGN KR E R R BE, TR T
80D ARk UCT H189“Promoter Gene Sequences”#1“Pi-
ma Indians Diabetes” - IBEEN LR BIBE ., XFH I
WEREYMBEEP R 5HRE, X BEFR R Promoter
# Diabetes (3£ . Promoter BiEHE & 106 4~ DNA 3
REBREA, & 53 AMIEREA RN 53 kA, A B0%E BT K G AF
B DNA S B Si FRIE RS T. BTN DNA RS
MBS HRTS), XM RREE RS MEGER, e d£H
REABREFHUREN 2B THE. BeHFHRMNE
HREZATMENIRE. ZBEESHFENFFIHAS
CH"HBEF. =" RIERI ). FIBRKENSTH
DNA [F%1 }i Bt. DNA 3 B Bt AGCT [958 2 4 ..
RAHE DNA A R BB 0 F S hi S e R B .
A={1000},G={0100},C= {0010}, T={0001}, X#, K&
4 57 i DNA Fr3 F Brsk 30k 228 B skl AR B < B
R, B30H Promoter BBEF TR Aitchison-Aitkin &
R RS, Diabetes B4 M N L 1A%
REBEERRONREIE, 84 768 MEAR, & 268 MIER
AH 500 MakEA, EMERD 8 NEEKRE R —KHIAE
BHGR. B TX 8 MR BUE R B R — 8%, BT AR AT S X 28
BT B, e AR S R T S EER U
R, A S R ME S o R ERmES 1.
3.2 BRARESHBENISS

EARXH LB ERBHE S H HE %00 F 10 E
ZXRAE(10-fold CVIF k. LOO HkKH3iRsE b8 —
AEEAAE TR, & T REAE RIS , XX & — MEA AR
FET B , 43 2688 O TOI44: B Sl X BT RE A TR 45 R B9 P-4 5
10-fold CV 75 54 B 38 42 R HL b 53 Sy B 2 BOAR [l B 823 19
0L RERLEE E—HRSENNRE, R TREEAREER
—BIENVNGE, XXM E—MREEARE—-AREHET T
W, RB TR X A BEATM S R, R 1F
5t T Promoter B IF £ Diabetes BHEE M 10 ERX X KIF
F R EEEE R EN .
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£1 BRESNL
Validation Number of semples T

Method Set Total samples Positive samples ~ Negative samples
Promoter Diabetes Promoter Disbetes Promoter Diabetes

Set 1 12 77 6 27 6 50

Set2 12 77 6 27 6 50

Set 3 12 77 6 27 6 50

Set 4 10 77 5 27 5 50

10-fold CV Set 5 10 77 5 27 5 50

Set 6 10 77 5 27 5 50

Set 7 10 77 5 27 5 50

Set 8 10 77 5 27 5 50

Set 9 10 76 5 26 5 50

Set10 10 Z8 - 268 s 50

AW EH L B474 H 69 Fortran BF#AT. N HE
HRRR, RIIR A Willett F AV HFELE, K=
HERERBENESZERTERBENBEEESLTERY
BKD F#:f1 CKD .

3.3 TKER

F* 2 M 3 4513 T AR FRRAE /7 ¥ % Promoter I
Diabetes BEEHITHETMM LRI XRBELE R, 4R
AR ERAR TR (Se) AR TN ERE(Sp) . B4 HE
B (Q .ROC ik F B (AUC) 4L 4L 97 7 (Bandwidth) 1
SrAIWHE (cutofD . ALK LR BMITERAERABRRFE R
BP0t EB R BBHE, T AR E R AR F,
HIE AR EREER K,

T 2R LIFEH, X Promoter 33242, A 3CH BKD
2%, Y5 B E U AR E e, B — 35 (LOOY #1 10 X
XBUETE S R % B0, EAE A TR R R AR
P R RS B 85% ~89% ], LA, B —3k
(LOO>#1 10 ER X RIEE M BV WiE 2 51k 0. 64 A
0. 65, BREATIM K IEAE A M BER KT 0. 64 5L 0. 65 AT RIS
RIEREA, BRRAAEAR, MBWHEEY 0.5 5, BEEET
By 84%~85%, BRIER A MM ERRE TP 4%~
96 % (EMREAM M EREN THERYS 74%, Hilt, &
ROC 43 #i thAL SIWi 18, °F LU B R 8, e R
HARMTRERE ARG ERERATEHEE. mR
ZHMAEFTE SVM)  BEHEEMERE N, £ ERE
[ e SR IE R A B OO HE B A S A T e R . (R
KERS B9 SCHRAR TE AR B A 44 ) IE R 2R B TN e R AL S B AR
RIS E, AR, RERKNERE T 0.5 W—1&
EFA, REHANERER o IAERNCREE - 2
RENGEFEEARMAERNEEERAQ0OHTE MW
HLWEREAERSAHUFRE FISGER EREREE
434, T BARMETURM T, Rk, 7 DU S 2688 o AR (LR
WA 4R ARBEMBETMEE . WHE 2 PXMBEESR
EAUES, RPN REL T XRRERTER. &
A3, AT A #4745 I % $ (Feature Selection) , BT A ¥
IEBRATALXEERIMGEIL. T Polatl ) % AR RN, 24
MRS , SRR B o] KRR, B 500 (R 2
Fuzzy-AIRS %550) 3 7% Bl 90% (3 2 h Fuzzy-AIRS/FS %
B, REXEREFFERZANTEINBETE, HL,
A SCH TR LS 70 B A FRIE S B 0T R W) 48t 3 T I T
B, ZRRNBHOERFEMTAT L ELMHE AUC R
AR RSB R —A 1Tk, AT Promoter ¥
BETUBIARENEE.



M 3 % Diabetics BUBERN R TMLE R LIEH, 4
B AEVIME AT, 430 LOO 252 1 10-fold CV Z5RE &
RIS B0 73%,AUC ¥4 0. 82, [F) Promoter ¥(iE & —
R BAEVIRMES , SO 9 8 R I EE R 0.5
B BT T L, TEARE A A T 00 M 1 30 R £ A5 4 0 T O A e R
UL, T EIWHE R 0. 5 B, SRS i T M 35 SR T IE B
AR AR IR, X R 3 FERIRESE R, TTLUFN, X
MWEKKEES URREARCFERINBELERERL. &
AR SCHR R AL T S B F % F SR E R BRI 472
BB A BRI R .

&2 Promoter BIEE I RKHMGR
Validation Se Sp Q

Methods "\ 0 vy (v (s AUC Bandwidde Cutoffb
BKD/This LOO 88.67 86.79 87.73 0.9494 0.6 0. 64
workee 94,33 73.58 83.96 0.9494 0.6 0. 50
BKD/This 10-fold CV 88,67 84.90 86.79 0.9533 0.6 0.65

worke 96,22 73.58 84.90 0.9533 0.6 0. 50

Naive

Bages[1<] 10-fold CV 90. 56

TAN3]  10-fold CV 80, 07

BANIB]  10-fold CV 88.11

GBN[13]  10-fold CV 87.12

C4. 50141 LOO 84,0

Fuzzy-

AIRgL1s) 10fold CV 50%

Fuzzy- .
AIRS/FSIS] 10-fold CV 90%

HH R, E RN RBE — AR BERIRL; Cutoff: J4)
HYIE, B RREA RITH BREBCK TR AR 4 W IEREAR, TR R fH
B o —TEIEX R R A B RS 2 X R EHBRBREIER
(B B TR 551 T 48 AT B B SR AR R RS HAT 5 6 UM
BOEHAE 0. 5 TSR,

# 3 Diabetes BIEE S AR BMLLFE
Validation Se Sp

Q .
M A
ethods Method (%) (%) (%) UC Bandwidth Cutoffa
BKD/This LOO 72.23 70.60 72.91 0.8197 1.4 0.294
workb 25.00 97.00 71.87 0.8197 1.4 0. 500
BKD/This 10-fold CV 76.86 71.20 73.17 0,8198 1.3 0. 291
workb 30.97 96.20 73.43 0.8198 1.3 0. 500
SVMI18]  Hold-out 70. 47
kNN
(ke5y(17) 10-fold CV 70, 96
kNN
(k=3)17] 10-fold CV 69. 09
kNN
(k=1)017] 10-fold CV 59, 62
Adboost-
NG fold CV 73.5
Adboost-
SVMLES) 5-fold CV 75.2
SVMI8]  5-fold CV 76.5
AIRS10191 10-fold CV 74.1
C4. 520 62.0
SLIQL%] 76.0
EDTA[?0] 64.0
pvilzel 72.0
Pv2L20] 74.0
pv3z0] 70.0
Pv4l20] 66.0
PV5/Refl7 64.0

*[@% 2;>Cutoff: [F]F& 2;° FI& 2.

SR\ ACRETHEEEMGH TN %
FEEREEMNM, L ROCHL THEE AUC H B R
AR R BB TS B 8L T o A A0 i SE (B AR 1E
&7 BKD 22675 f1 CKD 4258k, i F LU AUC 9#L
B I H R HEREVEAG 3852 ROC 44748 BB AL LI B
B LAZETE B 5 B AORS BE Y TR , 18 B 485 4 E AR AR B B
HETR AR A B B A B
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