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Feature reduction method based on threshold optimization for
case-based reasoning classifier
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Abstract: To improve the performance of case-based reasoning (CBR) classifier, we propose a feature reduction method
based on threshold optimization for CBR classifier. First a data-driven method is adopted to conduct the feature weight
distribution. Then, a weight threshold is introduced, where a genetic algorithm is utilized to obtain an appropriate threshold
result, together with the feature weight and the threshold, the features of which the weights are lower than the threshold are
deleted to accomplish the feature reduction process. The experimental results indicate that the weight distribution method
and the threshold optimization method can improve the performance of CBR classifier, which confirms that the proposed
reduction method is able to achieve a higher classification accuracy, decrease the time complexity, and improve the learning

ability of CBR classifier.
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1 5|5 (Introduction)

F A5 (case-based reasoning, CBR)#&201H 2280
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343 HTHREREH 1) B TGRS MR A, H R AR
SCHE DA B RS SR TR X S 3T B Uik, TTRES S
E R B AT, 1 55— PP a7 XU S R
FER/NRFAENS) BARYE SRR U A BRI 43
FCAH Y. (A R, 4R S5 28— NP AE B R 1) A, #
BCE/INTFZ BE R HES Bk T 5E BRI 18] X720
M ST H AR SRR &, Hm N AR 2. H
HARZ A TA B E T B LS R, BHATix
BEEFRETERATRE, WREE T AEHENE
BB, $UE T RE S B A HEEE S, i
TR RG> FHER R TIER, AFT RS
BRI = S5 I R R 2R PR I BRI, BRIk, e[ #3381 &
HE AR B P R (B SR A TR 24 ] 5 Bk — 2D At
7.
EExt B i) {5, KRR CBRI K83 HUERf R 55k
FETRE, ASCERH T — PP A E BE SR RIE L
A1 SREmS. B SR BT R IR 3 1K) 5 v5 R (R AE
BCEAT I, SR 5 R FH 844 50925 (genetic algorithm,
GAXT =B AT RAH — MR EEE R
1, ¥ BE SRR E LS &, 15 2R IE L8 17
. ARG ZHIT, H2 N FUES K CBRSY 58
KAFAER) )8, B3R IR T AE R F AL 1 EF
TEL TR, SR47T AT O SR B A & o w, B,
WEARSCET IR T S AR T AT T R4 5 R
,
2 CBR%32E3% 5 inl 43 H71(CBR classifier and

problem analysis)
2.1 CBR%;22%(CBR classifier)

HRHE Aamodt & Plaza$ft Hi 4RI\ GIAEALR] 41
Fin, SR CBR A ZRASH TAE R,

B 1) 7

SEZES ]

Kl 1 CBRZMEARHHLE
Fig. 1 Schematic diagram of CBR

HARRAERET

W7 B 248 A RIUR 2 ) T R 7R Sk an R i e

Y%
H<Xu}/z>72:1)2)7m7 (1)

Hr: mBARIREGELL, XY, 5052 5 AN IR S S
1) i) SRR RN 2R S8, X T HRHE RN
’ xin)a (2)
Horr: n h ROIRE REN L, 5 8 A R iR
FHRISE MR RE, &I I3 — 1 Ab 3.

WHRRGIAT = (t1,t0,- - - , ), WEHIS2EEE
Y. SR 2T BK G FE B I KNN(K-nearest neigh-
bor) Ky Z SR, T B AR RO T 58— MEESIX,
FIARALLEE, ik

T.X,)=1- 3 (t; — i»2,
{5( ) \/];wj( J mJ) 3)

i:1727"'7m7

Xi:(xih'” 7xij7"'

Forpt; 0 BRSPS AN AL R IR A, Ws(T, X))

€ [0, 1] BArSGIT 5 P 52 5450 X Z TR RIAHABURE ;
iwj:1,0<wj<1. 4
j=1

TEAS BN S B (AR RS 5 , W o R B P AT HES )
{S: [31 So - Sm]7

®)
81> 83 >+ > Sp.

TEHUHT KA AHALBE XS N YR S A Hy y Ho,y - -+
H e, AR5 3 A R B, W] SR S R AHARL B 2 A O (K
= DERZHEH T RE > 1HAFBE D45
%USJ.

Yy =Y(H), K =1,
{YT = majority(Y(H,)), K >1.  ©
i=1,2,3, ,K

B e A R IR E FR 5 B S A it adt [ sk S
o, SERLCBRIATRHEFIZ R ] .

2.2 43T (Problem analysis)

R FERI A G HICBR A A, 21 Ry
IEHHE P EE RENE BIIRSESN, XHILR
(SR ARFAE XS 2R 487 SR [ T IRAMN 2t R 2 B ]
BRI I, B4 FE KU T . RILR
BN TUA A AE AT A 18], ASSC 5 NRRE A EE B
{EkiR SRR, B e — N EEE N,
KA/ T BE PIHRFAE S BRI 58 e 18] 2]
M AFAEA B2 B A 1) & BRI HY ) .

1 2(3) FT AR IE A B 45 RAMN = M0 3 R4 1
S RUETRZ, IE E Y WA 5 SRR AR 20 8] i & B
Hk, BEEEBEMNTC BB REREL RIS R
B MCBR A KA MERE. H ATt BEF 2 H
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H PR AR B 8 25 %6 e 1, EM R, A
T RGN HR 55 I [R) 52 2% B2 () PRI, B R
ANEIE R EE B, A T Rt R B WA H B
fiE, BETTSEMaEEN R G0 ) 73 RUER R AR,

3 FRIEZ ] (Feature reduction)

AATH SN ABE R 5B 7 v, B s s
ISR A8 X A8 57 55 55 X A0 TR R XA EE [ Lk
AT 0. FEDCTERY b, KA /N T I B E AR
PASE R SRR
3.1 BUE4HES(Weight distribution)

R FH 2T E5088 IR 3 1) 5 X R A FE A T 2
B, BOEAE SRR T :

C., = Zl log, (1 + piw;), (7

Horh O fE AU B ZAF R 5 oK, T
B, AH R A EE K. BRI, 5 B B B
BUE 7y B 7 S8 7 B AL Z IR bR ik Bl i K. pd MRS
38 VR (T SRR, B2 P b 28 /M 3
A TR ETEIRC, 1A & AE ARG R &
T, MG B H R T
L(w, ) = 3 logy(1+ p2w;) + A1 — 3 wj), ®)
j=1 i=1
HA )RR B H &7, SRE 43 B 21 B CEE v] )
ZEREO Ew, KW T 5153
w; = max(0, (¢ — 1/p7)), ©)

Hre R TRAE, HAEET AR 0)KE.
2 SR g R 0 SR [13].
3.2 BUERE TP (Weight threshold optimization)

I AR AEAS B 58 2 ] PR SRS TR B R oy — AN
) R, B B A E ) R H AT BB B
P ECE FARTE B 5 251016 e 1, W,
A7 e T B A FHRET AR T R G F
(3R 5 I () 52 2% I B A, BRI, AR SCR A BR
(GA)NRHIE R B2 B BEREAT I, DURH R B
oAy B 1) R B A A T FE DRAIE R G 43 S UERA 1)
[ s PR AER B 1) 2 2% .

AL SRR — T SR AR 1) L) v FEE AT () 2 SR AL
FRIPEN S RAE “URELIR” [ B IR IEFEH,
TR R T B3R BN RA R R R AR,
I T N A R I R DR AR A . R BE 5
VRS IVRMIE B 2R B ) 0, T ST L T #RAE:

1) 9ihs. ASCiERE I — ik flgmes, SR 75
Rz 232w b

2) PHEERIAEAL. BENLIE SR PN YL OARA Bl — AN
&, BEAR NI BB 2 AR, 086 A

R INIX I BRI URAR
3) ENERE. FEGAFMIE RS, —A RIFHIE
I BE R £ R s 3 SO0 7 ), BRLtE, Oh T RUEHE R
B ) FE B R R A RO S A R A R R,
T8 SN BRI . P R 4
Fitness = N'/N, (10)

Forp: N'RosTE 20T BIE N BATRAMELIf )G, RE1E
7 R RBIAN L NRAHA TG REE . %
B HORT AORUE $ 21 73 SRy 5% i LB S AR 2 H
B RE B, RIS LAR;

4) EFE ASCHE R R AL RSB IME, %
FHRER/ANA Py, Ferp AN MARIIE LB f, MIAMA

P,
P =fi/ ;f (11)
5) X ASCRH R AEAREE DN &

HUJG BIZER AR P, B3, FEAR AN A
6) AR AICRAERZFE T, MR G
PRBENPEE — AN B LA FE R E DR P, 3738 5+,
BEATHUR BRAE.
KRB EAHERE S, RN GABMTEEE
BES VLRI PRSI R B
BEGIN
Initialize threshold population P, (t);
population size P;;
mutation probability P,,;
crossover probability P;
iteration number Iter, the feature weight; // ¥ 41k,
4 ERTREECE, SR R, SRR B SR
H
While (¢t <Iter )
{
Decode the threshold,
Reduct the attribute, // BEI{E N BATHRAMEL &
Evaluate Fitness; // &N E115E.
Select operation,
Crossover operation,
Mutation operation; // EFf, 2 X, A8 F4AE
P,(t+1)=P,(t);
t+ +;
}

Return the best fitness;

Decode the threshold; // 753 & A B 2B R{E
END

Wi FRPER, TR A B A S R
S, FIFH 45 Rt 4h A 2K () e IR EE A /)
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TAZBMERRAE SR, I 78 UL L AR,
4 SEE%E R (Experimental results)

AT 2 BN SR HH P T AN B M SR AR AE £ 16
T Rk, B UCTEE e Hh 1041 4 2R R 4
BHATSEE S, BARME BWR 1R

A1 ERHIFEEERE L

Table 1 Basic information of the datasets

Fr5 sk FHINBUA FAEN A /28
1 glass 214 9 6
2 seeds 210 7 3
3 fertility 100 9 2
4 Parkinsons 195 23 2
5 blood transfusion 748 4 2
6  statlog (vehicle) 846 18 4
7 ionosphere 351 33 2
8 pima 768 8 2
9  image segment 2310 18 7
10 bench 208 60 2

AT WARAS ST BRI S53 38 KA T3
%, I 5 — SR 3 ST R EAT 7 RUE R K XT LE,
BEVHSERIT AT

AR SUERTE, B SR A SCR A BIEER IR B i)
B A FE [ICBR 2 2K 281 WWF&CBR), 3 516 451y
B CBR( HMCBR). AU 43 FL AL (FJCBR(E A
EN&CBR). 13 1% 5 1% 43 Bt AU E FJCBR(IE A GA&
CBR) DA K & F 43 R EVEGE B4 SR BiE 5
RBFHZ 4 VEST L ;

LA 2 N U UERCE B U0 B AT AT, 1R
BUE IR LAt R GARMT 2 RE MMM R,
FHAIH I BETE FRME LT, FRR A0 E R e AR
S RUERIFRIC A WF&CBR&RD.

SER B — S HEREN: SERPK =T,
RBFNNH R H Gaussian B £ 1E 4 42 1) FE PR 4L, SEE62
AL L (GA) TR B VI P REBLP, = 30, — ik
A BCh ST, AP, = 0.06, X XAMEE P, =
0.3, AR E I ter = 30.

4.1 ZAfRiETE%S5E (Results without reduction)

RYE S 1, A2 (7)—(9) %) FdiE £ - AR 3
ITBUER /L, MRYEEAMRE R EE Efahnfs itk
J& BIRLEE; FF FH SEA E AT CBRIV 20 2519 BIWF&
CBRI 4> KU 2, I+ 51E5GMCBR, GA&CBR, EN
&CBR, J48, RBFNN HEAT #EAf 2R L K32 47 I 18] g Xt

TR 1 ARAEACA T RIS P EERE B b, XA IR 2 PR,
% 2 6FF 7 ik e o KA R 5IEAT R AT b
Table 2 Comparison results between 6 methods
MCBR EN&CBR GA&CBR WF&CBR J48 RBFNN

HEHIZE1% I Il /s MERIE% IFIR) /s MERFIZE/ %0 IHTR)/s MERFIE% BHIR) s MERFIZE/ %0 BFIR) /s HERIZR /% I TR) /s
glass 67.26 0.047 65.90 0.047 69.62 4914 71.04 0.078 65.42 0.050 68.69 0.764
seeds 92.86 0.016 92.38 0.026 92.38 4.243 93.81 0.016 89.05 0.010 90.95 0.718
fertility 81.00 0.016 82.00 0.008 81.00 1.123 84.00 0.016 84.00 0.010 87.00 0.359
Parkinsons 91.79 0.031 90.26 0.040 88.21 6.911 92.82 0.031 89.74 0.020 82.05 0.655
blood transfusion 61.12 0.234 61.25 0.221 61.65 43.560 63.52 0.265 77.27 0.080 78.61 1.123
statlog (vehicle) 68.92 0.561 66.19 0.555 71.52 113.650 72.34 0.593 73.29 0.110 65.37 1.529
ionosphere 85.75 0.140 85.75 0.152 90.01 30.330 89.16 0.156 89.74 0.050 90.88 0.764
pima 69.92 0.296 66.28 0.294 67.46 59.610 69.77 0.296 71.22 0.080 75.26 1.061
image segment  97.27 3.900 96.36 4.035 97.23 861.620 97.58 4.134 96.45 0.280 87.32 4.711
bench 77.83 0078 79.29 0.096 78.87 17.000 7877 0.094 71.15 0.080 74.04 0.640
mean 79.37 0.532 7857 0.547 79.80 114.296 81.28 0.568 80.73 0.077 80.02 1.232

H 220 F tH, 1048 4 H WF&CBRI) 73 2K
e R K £ B EEMCBR, EN&CBR 5 GA&CBRH)
HERI R B i, R T A SR EE 3K 3 5 23k A T4
TERE S ICRE 19 BT RS IIACE S R, 18 T
CBRIJZF BRI %R, A FEBEEIMATRMET A
) A E 45 8. 55 148, RBENNJY ¥ A b, WE&
CBRTEZ BN BHR A 7 R UE R R E AR,
R0 B HE R 1 45 SR VT P38 SRR 2,

HAEE W E2FT . B B2 i & HWF&CBRF
B0y KRR B 1, AT T 5 ERAE 7 R UER R
Rt FE—P IR T A SR H RREA E 43
BL U7V RE S R A 15 AR IE S FE M B 1R R,
1320 5 I0-& B R E 4B 45 R385 T CBR4:
RERIIUERR. b, WBATH ] B2 8, &Pk
514 J48, MCBR, EN&CBR, WF&CBR, RBFNN,
GA&CBR. 7]/ HHWF&CBRZE 24T I 8] LA
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B R fERIC R B, AT T EEER 4.2 BUEFRAR KSR (Results of feature red-
T TR, B TUAR HE A R, SR W& uction)

CBREI T A% . AR 15 3 0 45 L AT/540, R A E 4
820 77 e BB CBRIGA AR R, 5 HoAb A R
81.5] 8128 ] SRR W T %A E 2 RO, )5

L S 80.73 - SR (L TR AL T A R 4
£ T Gaacer e KA WA TR, 5IA T ERE
= Sor 7980 ' B, SRFH T GAXY B R AT SR, JFARd It
£ 7osp 737 mesr 1 B 2 PR S R AE A 010 24 57 DAY NI RO B R 42
Por 7857 1 JRBE. FER 218 5 SR 42 HEATCBR 4> 2652
=T | Ko, 4 S 45 R S IEAT R 1 3P, M
780 EN&CBR ~ WF&CBR  RBFNN RKIMLLEH, 10N EHRER A TR T35 THRE, A

Vi SVIRES
SRR OFENETES

Fig. 2 Average classification accuracy

&3 BMAFHRAEE

[l Bpa e I A oy R AT e Al 2 FRHERF 5 T
&, 10 BR AR AL LI 18] 5 ) 20 RAER R AR
A TR A T,

o KA % 5 Bt ) 2 L

Table 3 Comparison results of classification accuracy and the cost time with GA for reduction

Hdhe WE&CBR/% WEF&CBR&RD/% LIFEIHIFHEAS LITE/% LIRBEEATIN /s A1 JF184T I E/s

glass 71.04 72.91 5 55.56 0.078 0.016
seeds 93.81 93.81 0 0.016 0.016
fertility 84.00 88.00 6 66.67 0.016 0.010
Parkinsons 92.82 93.33 14 60.87 0.031 0.010
blood transfusion 63.52 69.66 50.00 0.265 0.203
statlog (vehicle) 72.34 72.69 38.89 0.593 0.406
ionosphere 89.16 90.30 11 33.33 0.156 0.109
pima 69.77 69.77 4 50.00 0.296 0.218
image segment 97.58 97.58 4 22.22 4.134 3.416
bench 78.77 78.77 34 56.67 0.094 0.031
mean 81.28 82.68 8.7 43.42 0.568 0.443

F3H R HoAth 4 K7 EAH L, WF & CBR &
RD HJ~F34 73 FHER A 1L 5 82.68%, EEMCBR, EN
& CBR, GA & CBR, WF & CBR, J48, RBENN/} 5
EH293.31%, 4.11%, 2.88%, 1.40%, 1.95%, 2.66%.
R IIASCHTR A FIBME IR VAR A A L faj
TUAR BIRFAE, T — 4 T CBR 14 K HER
; NRGRISATI ) E, FRAEL 1 5 15> KT
IR 2] T — e R IRE, “PIRE L 5 s
AT [A] L2 TR IR T £021.91%.

Ik, I ERGAR S, Pl E P SRR K
Hltertf 732 45 5 R WU SIOH BE R, 43 )3 B T
FREEHCE 410,15, 20, 300F, 10 H 5 4 73 F kR
RIS, WE3FTR. HE3AEH, fE&RE R
ERIK B T ter 1, 10 BHESEHIF3 7 e 3y
LB TSR, BEE FRREECE (3G N, 384 R UER
RIE BB LA IR B ter Wik D i #a 3, HAE

Py = 300, WSl FE stk

0.85 T T T T T T T
0.80 7 / ]
. 075 .
2
¥ 0.70 i
=
gl ]
g 065 —~— P10
K ol P15
——P.=20
0.55F ——P=30 -

0.50
0
AR EL
B 3 ANFEFEESESEAREAE LT HPF 2 R
Fig. 3 Average classification accuracy under different

population and iteration
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4.3 BEMEKL (Significance test)

H T RAEA SR A A2 B R B
SrRMERE, MTHHMTTRE, B NMEPESE
FACERIRN, SRAIBT A FEAE 5505 & B AR
RO EREREE: YPRKT EEKFalt,
MFR—FLERBERARA L, PN EZEKF
aftf, MR R~FZREERE, PEB/DNZERBE
#. £ 4AMREWF&CBR&RD, EN&CBR, GA&CBR,
J48, RBENN 5 1% ZEMCBRIFA] ) 23 2 M RS i) BEA T
FLH 25 3R (B3 K F40.05).

R4 5 EERNIFHLE(a = 0.05)
Table 4 Significance test for the classification

performance

7715 GA&CBR EN&CBR WF&CBR&RD  J48 RBFNN

P 0291  0.071 0.0034  0.255 0.406
ikt ARHE  ARF B AuE A

H R4F H, 78 8 3 /K Fab0.058, WF&CBR
&RDFY 5 43 2| ¥ Ak 2 PAE /> F0.05, TIGA&CBR,
EN&CBR, J48, RBFNNK % 75 F| I P{H ¥ K T
0.05, B 5 HoAh4FP 5 iEAH b, A SCHTHR 2 AU E
B S0 (R I 240 13 SR B e % (2 2 32 = CBR I 43
FKERe.

gx TR, ASCHR AR B T LR AR 4 1
WS AL SRR R 4 e R BME SR,
IR SR 2R R B IK BN T VE R A AT 4y
BeRER A AR FRHME P e M B A B, WIS
BT HEONREHAE S L R, 55 %IRCBR,
EN & CBR, GA & CBRFIH FH 140 2K 752 J48 LA K
RBENN ()5t Eb 3 B, WF&CBRAE WS 1R 15173 K UE R
R, BAE T ZAER AT S AE 4 R0,
AR EEINES, XK T GAXFHIEEZE
FEBEBAT T S0, HR R BRERAT T RAERIZ
a7, SLIe &5 R L 8] 5 FIRFAEAMY FER T 3847 1
iR RE— 3R T CBRIUUERR, R T A
SCATIR TR SRS RSP I CBR R A I RE SRR
5 %5 (Conclusions)

h$& RICBR ) 43 S HERf 2 I PR IR [A) B 4 B,
ASCHRH T — TR B E F A0 R IR 4 1 3R
W 5 58 Ik o UK Bh VR R R AR, IR
SINEEEBIME, JRAGAN HiE 4 1 =2 3
EIATRAIE R, RIE1F 20 B E T8 SRR L.
Xof b SEE0 R B, BT B SO0 AR AR 24 8] 7 32
REfp Ut — DR CBRIN A RUER R, HIRE T RS
(RIAZATIN A, $2 7 T CBRIIE S e 7. B THRAEAL

TG A R B B R S DL SRR )
4R, BARSEIO R W, A SCRF B3R IR 3h 1 75
PR — AN, BIXF A IYUHE MRS
(1953 FC AL, B = 1A% 3T B8 D). TCBRZ — /M
B2 R, BEECBRA B MIBAT, S0 B
SAWTHE N, A A S EALEIAS 2 LA H
A E IR E S R BRHE LR 25 1. R,
T2 KI5 £ B AR E ) A S HLH
7, MRIECBR 28 BT HERE.
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