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Abstract: Feature selection has played an important role in machine learning and artificial intelligence in the past dec-
ades. Many existing feature selection algorithm have chosen some redundant and irrelevant features, which is leading to
overestimation of some features. Moreover, more features will significantly slow down the speed of machine learning and
lead to classification over-fitting. Therefore, a new nonlinear feature selection algorithm based on forward search was
proposed. The algorithm used the theory of mutual information and mutual information to find the optimal subset associ-
ated with multi-task labels and reduced the computational complexity. Compared with the experimental results of nine
datasets and four different classifiers in UCI, the proposed algorithm is superior to the feature set selected by the original
feature set and other feature selection algorithms.
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FEAE 5 H AR S A O M L AR AR 18] TU AR 1 1 5K
RIEAEMRIE TN S . WK, RPEEFEEIL
Sl KEHE . =R N TR SR
SIS BN G PSR (W EE S 5 1), AT S T 1 P
VAN 2= RIS BN = N N 1] 27y Ry R
Iy R 2 2K RPAESRIBCRIRFIEIE % . RPAESRIDUT AT
LR CEAFAE R AR R e 45 0 — Mhopr AR 45
AEZR IR, BT AR AR O 2 DAt sl AR 2 1tk 1 77 U
FEIR, AR T VEAT L1513 B (LDA, linear
discriminate analysis)\ JAZ873 70 #r (ICA, inde-
pendent component analysis) 13473 #1™ (PCA,
principal component analysis); MIHFAEZERE 77502 N
AR R AR B A Bt SR A U SRR AIE DL AIS
BRI R HAT, RRAEE SRR K i Y
MR EAZIE . Hlas 2] BRI R AR TE 5 Ak
P . FAAEERE AR R 2 2K 2K
4> K2R (wrapper 77V embedded 777,
Ty MR AHG Y A (filter J775) . wrapper
Ti AU SRR IE A S RN &, AR e A
A0 R (1 73 FEMERA A A % AR AE 7 AV e B
HARER, e E AR I 2 SR AT B B O AL T
o BEMEERE .. —RUHHEEFER —2
ERH T 328 77 AR R AT AT BERRFIE AL
JPERA HARTHE)s =X AN Rl K
W, wS I T PE” % . embedded J AR
(EE IRt Rer, 8 wrapper J5 20151y 5 H
I “RLAUG 7 B, H R T N B A 1 B
HOR AT NAE o filter J7 VMR RFIE S5 FR 2 (RAH K
PEATRAEHE Y o filter A FZNAH 34 — £
FEARFAE B AE 7 1 = 5O et — R e e T
AN FARE)7r 2K 8% =205 AR BR 2 N HIAE filter
Jiikr, AL filter J7VEIAT HUBLHL S B BRI LA
B, SCER[10~17]4& A EAR R SCEAR R 4 AF
HAG BAIRA HAR B S

A SO TE BB A TR AN, $2h—
FACBI (K13 T AR PR AR I $E T i5——IMMC. 1%
SR H o2 2 e i filter J7VA MR LL R R
PE, BT, LR IR IR e Al A A 2 2 SO G
MTCARMEICE NG . AR, A SCRVES T
I 8 R VLR B K B /NRRFIE S £ S ), 19 38 S 4
PRFIE 74, ERE S m RO AL B de Bl 4R . A
UCT 1) 9 N ATFE AR h AT 5256, 45 R/ A
ST IMMC J7 VA RERS AT RO AR B s 4 2, JF HL

B 2 2 AN ) 4285 B 1 43 2R AR
2 HxIfE

filter J7 ¥kl 2L YRR AELE R 10— MBI ST A
o DL, A E N A EIE LT filter
TR IE PR

AR SV 3 AR R A 5 H AR B 10 LA
SME RN KAFFVRAE R o R AE Hh m] e AA AL
H TN TUREHE. B, EX T R geRr b 4R &t i
1AM

Kwak 25U T 415 B R (0 LA S
fiEikE$E (MIFS-U, mutual information feature selec-
tion under uniform information distribution) /7% 2: 24
Ut MIFS 7732, N ERSR R RS H brit % 2:
i HAR A, R eSR A IR T or A
TiiE LA R e FHIRHE

SCHR[19,20182 H) T MIFS J7 A ) SOk R A——
H— A BAR R AR FE 775 (NMIFS), e HIAR
HEAG I AR R T BRI AR B, X R i
Un] DLRE e HAR SR 2B I H 0 I mT R

SCHER[21]42 T BE G HAF B IR Ik 2 £ 07 V5
(JMI, joint mutual information), A ]I\ ALERES
FAR T P 3 R A A TR R AR SR R B K 2
(B IEREAE, B2 H A% 05 R TIE A 1 R R A1 B
PiE L )N =

Peng PRI T /NI A e KAR SCRRIE &
(minimal redundancy and maximal relevance) Bk
UKz bt mRMR ), g A 134004 P 361 T4 EEL 4
TE 5 FAREEAE C AR TE DL 5 PSR IE 52 S 1
TURMERATH 73, WA 0 e R E I S Hh e
mRMR B3k A U SR R AR AR (R PR Ak
XS ERANREAE I VPAS S (RIS RE M TR AE 2 R fiE
[F) P~ 280 FH OGP ok R 7 A B AR i 5 M AT RFAIE 7 4R
Z B TCAR T o

SCHR[15]42 8 T FCBF (fast correlation basd
filter solution), IX/&HET RGEAM & ML B I RFAE
EFETTE . el I i E R IE 5 A D R AT R
TEHERR, AR5 R — AL IR ] R S B0 P 15
FEAE AR TUARFF AR AT ek o

SCHR[24148 8 T Z AR RFIE IR B, &
BRI 2 AR T N2 R E R R, AT RS
FHIE TR

gr bRk, HuY, 4R ZEA IR R AL G
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(1) T S5 AR SR R AIE 5 A 2 2 1] (R AH OGP FIRRAE 2
R TCARTE . 48R, B 2H R IR £ A
AR AR RBRTE. Blhn, MIFS-U mtj 4 ks
TEAESE NI, R IE AR H BRI, A
FEAE )P TAR P A REAE RS s mRMR AT NMIFS
PERFIRV S A J 2 MFRERI GRS, X
TR S it R SR AE T B 7 5 K

3 BEAMKEERREENTEMR

3.1 M. M. BEEMRERER

EX 1 PR ERRAE 1948 R, &
L FH R AR AT LR R . B BE LA
Y={y,¥,} p(v) Ry R, A H(Y)
(F1995 55t 7T LA 7R Ay

H) == p(r Mop(x) M)

MA(DFT 5T, Y A oS, HY) Wik
K, BT FERE S 2Bk,

ESLZ &&EHL%%X={X1V”’X"}’ p(xi)j"j
xzn,(]%%ﬂje%’ Y:{ylﬂaym}’ p(yj)j"jy]n(J%
ISR, HABENIAR & X MY & Y MBS AT
DL R 7R N

HOG) ==Y Y pliy oy @)

/H:ES(:; VXLISJ@HL/EEX:{)CP”UX;;}’ p(xi)y\j
x MERBER, Y={y, -y}, p(y,) Ny KL
MR, AN R Y NS & X 21400
CIRY e ]

HX 7)== pay bpGly) ()

EX 4 FIRSIBERZ A1 5C R Wx(4)
PR o

HX,Y)=HX)+HY | X)=HY)+HX|Y) 4)

EX 5 HAFRORE RS HRK P R
TH, EFr—A AR X PasreT5n—N
BEMLAS R Y IfE . B X MR Y, BRaM
REEREOE p(xy), EATL SR 2 RS R 00 )
2 p(x)s p(y), IAENNEARI(X;Y) TR
INA

I(X:Y) = PO 5
K =2, 2 ptlo 5 ©

L, AR (1)~R(5), BERSH. &0
RN A 00 2 TR 1R ¢ R v LR R R
I(X;Y)=HX)-H(X|Y)=HX)+HY)-H(X,Y)

(6)

EX 6 FMHAGE WA 3 ML RS 52
X\ Y. C, EATHIEESME2R % T R 2
P(XYC). p(X|C)AI p(Y | C) AR EAT MR 5% FE b5
 op(XY|C) , BEBENAR S C 2250, AL
e X MM E Y ST RN & C &M A
BIX;Y|C) TR R N
pP(XY|C)

I(X;Y|CO)= XYO)b—————
(KX 1€)= 2, 2.2 PO 15

xeX yeY ceC

A LA SR 058 SC, R AR BT DR
INA

0

I(X,Y;0)=1(X;C|Y)+1(Y;C) ®)

EX T AL RPRSREAT AR E TR
FAAE, (HRE IR AL = A5 .
RHAFEIX;Y;0) HEREGEARE . B LZRIEK
KAW LAEIR A

I(X:Y;0) = 1(X,Y;C) - 1(X;O) = I(Y;C) (9)

WHCRYL, ZRHARBMER DR IE. B 0. Y
BN & X | Y AEE I ERA A RS
EATE BRASIE RN, S EAFEBRIRAIE, T
KA TAE R IEBENL A & X | Y a1 TR
(Wd K As BE: 4BENAE & X . Y & AR R
FEFE AT [R]85 B, R HAFRR R A Y
BEMLS I AN FEABENLAS BN, I T B LA & X
(B Y) FCZEMPKXRN, ZHERBRRN 0.
3.2 HERYEAME. TRUNZEER

HREALE AH G 11 20 BT 2 1R e F T 2 (1) O
TNEZ o TEAE R, REAE AR O PE AR 4 IRy
RATRAA ARG, TU4 TERMIAZH.. John Z5127hK
FEIEZR 0 3 28 oAHOG . S9AHDCHIIJC ML . 1A
AR LR AR B G IR B % A A BT A TR SERAH G
FEIE R —3B3 G9AH CHEAE , AEFE L CHRIESE .
THGAH AR AL AR M 5 2%, el PO LEREAE R
Wk R CRRFIE, SRR L B Re 4 T
ROCHEL, SCHR[18~241FE H T VF 2R IEE R S
AT ILEFE T — 2 AR TR SR AE

i, NS SERETEGER. &M EER
FIAEHRE B IIME, 45 HPIBTRF AR DS E IR bRitE .
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EX 8 REFHEALED =(T,F,C), nIFR
FEARMEGE, FEARTMGEE ) m, T=1{t,1,} FNR
FEARES, C={q, e} BRI EEL,
F={fi, . [} RS . fieF,f,eF, M
Ff#Sf o SCFAIRSRFINTH, S'=F-S&
RS F T4,

EX 9 FHIEAHOCHE. S CAMIER T, 4
fieS f, e S, WMRAEAEI(f,C;8) > I(f,,C;S) »
AR f, 5 AR CIMRIER T £, 5 Hbsbs
ZC AR M4, wTRAME— DS, W f,
5 [AERBR R, IFH fes, S=fUS, i
w DL IHREAE /) 55 HARPRZE C ARG PE S RN
A s, "I/, C8) > 1(f,C) .

EX 10 FHECARYE, f£S AR,
R [AAERKBRR,  fRILRRAE, JFH
fieS, S=f,US, IMBAmaT LU IRAE /£, 5 HAx
PREE C AR SGHE 2 B, B ON T ek 2D, B
I(f,,C;8) < I(f,,C) o [AI, hnfLlit— %R A
I(F;C)<I(S;C)+I(S";C) -

EX 1 BRI, S CanmItse ~,
R 15 fZMRTRN, WER f5 f AR,
T2 v ABEBHARFAE £, 5 HARAR2E C (AH DG HEA
S f AT s s, RIS, C8) = 1(f,,C) .

EX 12 R fE R B feS', f,e8,
RIER(©), WH 1(F;C)=1(S;0)+1(S;C), ME
IRAE F A4S T BARATT — AR AR ) Bk R A 2 5 2R
X HARARSE C T GE Ty o IR, A8 HAS BMHIE
A RARE— 2B R AR AL f, TN S I, AR
i 5 HARBR 2SS (R AH O P 1 (8w vl LA R 7R A
I(f,,C5 f,) » AN BRI ) 5 AME BT BLROR
W min 1(f,C;f)) -

33 HiEHES

M 3.2 FETRTLAENE, RRIEZ IR RAES HbRbR
2 C Z M AR OGP SE A nT LU 1(S7,C8) 5
I(S"C)« I1(S';8) Z I RN EAH AT E » PRI,
I1(S',C;8) 5 1(S;,C) « I(S;,8) ZIAlff= R E T i%
FEIEJE T REATSCREIE . TUARRFAE A TE SR

PR A SCHR[3TFI SCHR[11], &5 HRRAE DF 4
Wi

J(F)=D(F)—-R (F)-C/(F) (10)

Hi, DF) RREEF 5F:% C A<M
R(F)RWFHE F 5 TR S S T R AE 2 (7]
MILRTE; C(F) RRFHIE F SPTiEf4EA S
[ AE 2 (0] (A TA
AR 2 (8)~=0(10) LA S SCHR[2 175 ] BAHE 3
H R AT 45
S =argmax ;. (minfjeS (/.G f) (1D
RO FARTE, W f . f, NHRIE,
CHhbi%s, feF-S, feS, f=f, Wk
A BRI P A
IC ) =1 1,10 =1/, 1)) (12)
gt X@)~012), A
Sume =argmax ;. ([I(f;,C)—(min, _ ((f;,C;
F) = 1S 1)1 (13)
FESEER A, I(fs f, | C) SRAFARF IME, DA
SCEEGSCRR[11,28~3014 th— Rl BUSK AR 7%

é\

g A0S | HULD (14)
T H(S) H(f))

HCHEN, W A CIRAFAETA KA
R A4k . P, W] LA

I f) 10 1,1C)

H(f,) H(f|0)

e Jn s R A13)~K (15 LA H

Sime = arg max . p g [(f,C) -

I/, f;) (16)
H(f |C)=I(f, [
H(T) ;1O =1(f /)]

(15)

(minfjes(

34 EiEimk

T bR A AT T DA, AR AT R I
B, BT R H SRR LRSS, &
P2 FRRRAE ) 5 bR 28 2 [ 0 AS AR S, TIAESR 2
RO BT IR AR HE S SR R, AR R R
THRIE S AR 2 M AR OGP s A Se BV E A % I8
TIE 5 5 25 2 1) IR AH P DL SRR AIE 55 R E 2 18] 1) T
RYEMRIR, A 20 T R AR 2 [k A 28 BLA
BRAEAER O R, AR SCR W T R RIS A
HEE (OMMCO), % T RIE S22 A1
R, HiE— % 18 T R H LR X AR 28 T
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BEEANLIRE P AERZ W, JF LA 8 T %y
MESRAAEZ FMAZ HAF R, A ARAS T B A
BANCRIEA . R, 45 IMMC R IR £E5
O SEEL, BRI SE 1 Bos.

Bk 1 IMMC bk

BN RIGEERE Dy JRUIRRFIESE F SRS
kG C

Wi WS PTIE R IR AR S

1) #liatk

2) S«¢;

3) TR K HAR

4) for each Vf, € F'do

5) WHEAMFEMER R I(f;C) . HFEN
relevant mi_set Z£ &

6) f.. =max_sort(relevant mi_set)

7)) F < F\ 038 < fow

8) MNP R IE T4 T — ML

9) repeat until F FEEAN

10) JEFE N MR -

11) fR4 X (16)BEAT V5

12) F«<F\/

13) S« SUf,..

14) [ F E£5 NN, BRTEA

15) Hth T E RS S

DB D~ B 2), YIRS IEEE S ; DB
3y L BR 7), MEPERIAR S AN S B K IRy AL AR
B, fFASEAT; LR )~DIE 14), AT
AN R TP g (16), R H RS R
ARG HL 5 JE AR AR 9 P 2 18] B N O AR IRRFAIE
FEIN S, G SR bR S 2 F R IR

‘
~[n [ (rwan -] g

s

WIR15), EIEMER T HRILES .
4 MR

AR IMMC BE AT A Sk, 32
MELTE 2 AT HE A HME: 1) & IMMC &
e B ARE R e, I e R I 4 = B 2 1)
HERIRE ;s 2) 5 AR IR LR A7 LA, IMMC
VR IE T ReA AP B SR o ARSI (AT 5T
HEZ EAR U P 1 o
4.1 HFERERZE

IMMC E3EE BT 2], A n %18 TRk
55 R 28 I AH SG HE LA R R AIE 2 TR) (R D0 AR 1 AN AZ AR
B, B EA R VIER IR S T 2 T HIUR
FEAE AN TG RFFAE I AEAE o A T R b 1 S50 7% 1&
(R, SOk 4 REAARMERR IR LT
AR IMMC BRI LE B %, e Aol &
FullSet. IG. ReliefF fl FCBF.

1) FullSet J7 2l & JR IR RFIE S &, R BN
H 13l A2 BT 5T IMMC 020 1) A AiE 18 8 A2 5 B
AR BES HAARERE e, FERIN 42 e
TR () HE RS S

2) IG 2FK 45 B35 (information gain) 14,
P SRR HE S, R R AR
TE SRR A OCHE, 3t & Ui sk e e ik 55 20 2K b
ZEHAH G, EATZIRMAE B IE A K, REIE
W e fa, RPERE 5 AR I AH G /NI
BEATHRRAEHE T I 4t o R, TG R AR S0 SR A A
T P AU RS 6 P B A A0 I B DL T R v
Mk —s

3) ReliefF SyEU T —Fh 2 i () 3L TR ik

104728 ik

[

FCBF&Y
i | |

A

L

v

1 WFTHELE
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B Sk B REAS R (1 258 P B 3 P 26 [ R
2 R AT B R AR 2 TR IR 25 o — MO R I IR REAIE Y,
ZJE T A 2 9F B e A ) B A 1K 28 fa i
T AN TR AR 25 B AE A N 3% A 1 R fE b BOELS 7] R
ANF . FEARCH, ReliefF 5k in S5O 15 &
A5,

4) FCBF 533455 2 W EH N, AR,
42 KRB

RIS Y IR ES & lenovo-ThinkPad 210 K,
gb B 2% R Intel(R)-Core(TM)  i7-4500UCPU@
1.80 GHz,2.4 GHz, WA¥/L 8 GB, Windows 7 64
4 AE R4, pycharm F1 Anaconda2-(64-bit)FF
RN, python WIZAT M 8E fRUAS 22 2.7.12, [F] 1K),
A SCR UM 1y R, Bk B
PR

1) I£48 (KNN, k-nearest neighbor) &%, #&
Y AMREARLERAAE R AP & AN I REA,
X LA A KK 2 Hos T3 — 2K, 4%
FEARWE T XA KNN EAL R8s 2 A&
B o AL . KNN I A5 & R 3.

2) R EIHM (C4.5, classification and
regression tree) 5H.yL 1l I entropy B JE RECKIE
FERFOEREAT 70 Mo 2% BAT p 4ERF RN n ANFF
KAE) e MR L FEARCH, C45 KA
RBOHATRAE 73 X o

3) X HFM EHL (SVM, support vector ma-
chine), Fi5 i i Fh 4k FEAC LE R A [n] 5y 2 2% 1) Al ik
S, AT JRARTEAR AERE A 2 () o A 2 P mT 43 1 1) it
B Al R AERFAE 25 ) 2 1t m) 43 1) ) J . SVML 432K
28 ) Z B sklearn 0 ) ERA S B E -

4) WAEDRE, HUEH 3KNN. C4.5 Hl SVM
AT G KRG ENTBRRN KL, X,
3KNN. C4.5 fl SVM EPﬂ‘JWEiéJEX%O

43 EEES

S 1) S 6 B A 4 ok B I B JE AT
UCIL BlLé&s % ) 8l 45, e A1 7l & heart .
dermatology. movement libra. wdbc. arrhythmia.
musk. mfeat-kar. mushroom. kr-vs-kp 1X 9 /M4{
Fadl, VEMNARWME 1 Pron. FEARZE 7 2KE00
2~15 4, FEARHCN 270~8 124 A, FEARIRFIESL
A 14~279 4o g T ORUEEHE AT LR, AL
WL PR 10 HTA8 X3 UER I 5 56 K S AT

WRKFIPEAT S d5 i, AR 10 56 K B 15 2
B i (1S 56 4 2R

=1 SRIG AT UCT BURE
Fes Hifhitk HARA R A

1 heart 270 14 2
2 dermatology 358 35 6
3 movement_libra 360 91 15
4 wdbe 569 31 2
5 arrhythmia 416 279 12
6 musk 476 167 2
7 mfeat-kar 2000 65 10
8 mushroom 8124 22 2
9 kr-vs-kp 3195 37 2

4.4 ZTHRERDH

AR Accuracy TR 1E 595 AL S &
[FIF, AT E— 2 U WA [F] SVE A AN [F] 43 2 28 A
BRI g, A0 Win/Draw/Loss K St
W S Z R ) 22 5o Win Ron I A I
T B, Draw X8 iE A % T B, Loss RRHZE A
72T B
45 IIERRERRERA ST

TENFEARBAR G, SFIFEASCH 390 4,
SPRIRFIEECh 42,75, R 2~k 4 T ITIEFE 4
PR AR BT 232548 (BKNN. C4.5 1 SVMD
KH 10 4728 IRV P SRAF (1)1 35 73 Sty %
FURFIES, 2 5 4 th T i +% 4 R4 LIRS
8% (f 3KNN. C4.5 fil SVM 4l K H 10
A8 SIS UE VB 3R AT (1) - 35 43 S HE 1 22 R0 EAE
. B2~ 5 25 T IX 4 MR E S ERIES
SRRABOR, Horh, B AR R ISR UCH 4 1) I ik
FREFARECH, PARAR R IR 11 50 R UL .
MR 2~38 5 DL 2~ 5 Pros s &5 54,
JMMC SEVEAE ] 3KNN 73 2845 7E heart 2l 4k |
dermatology #(#fi % . movement libra %{ ¥ 4E I
wdbe H#E4E I Lk FullSet & H 4.074%10.833%.
0.666%F1 1.391%; JfH, IMMC $iEMH C4.5
3 RARAE heart FH4E . dermatology F#iE4E .
movement_libra % #5 5 Al wdbe %5 % kb
FullSet % = H 1.852%+0.833%.0.666%F11.391%;
IMMC HEAER SVM 43 K48 75 heart £i¥ia4E .
dermatology % #% 4. movement libra %4 45 Al
wdbe Z#i4E FLE FullSet 22/t 1.481%. 0.294%.
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ERE GETIE SR iPS TS CEmER ISV N EA T e S I S AP <117 -
%2 ET IKNN S KB NFEIHEE FIERE
FullSet 5% IMMC 51 1G Hi% FCBF $% ReliefF &%
P
YRR L YRR RHIE YRR RHIE TR L T
1 67.037% 8 71.111% 8 66.296% 8 66.296% 6 66.296%
2 96.013% 31 96.846% 28 91.027% 34 90.455% 24 97.171%
3 80% 87 80.666% 85 79.222% 85 79.222% 61 79.555%
4 92.633% 16 94.024% 26 92.633% 26 92.633% 7 92.633%
SFRME 83.921% 355 85.662% 36.75 82.294% 38.25 82.151% 24.5 83.914%
%3 £TF C4.5 D LERMATEFFEE FIHERE
FullSet 1% IMMC 5k IG $Ti% FCBF 51k ReliefF 571k
Fe
e RHE TREAA L A RHE TREAA L YL
1 76.296% 8 78.148% 7 76.296% 12 74.814% 11 75.925%
2 94.735% 26 96.124% 25 94.146% 32 93.297% 29 95.029%
3 68.444% 74 67.777% 53 66.666% 67 67.333% 27 68.444%
4 95.099% 6 95.437% 16 94.384% 16 94.739% 23 94.212%
Rl 83.643% 28.5 84.371% 2525 82.873% 31.75 82.545% 22.5 83.402%
*4 T SVM LR[S EE THERE
FullSet 5% IMMC $i2: 1G B FCBF $.7%: ReliefF #Hy%
P
iR FHALE iR RHAE AR RHAE A L T
1 70.37% 8 71.851% 5 59.259% 1 57.407% 2 55.925%
2 97.434% 25 97.743% 24 93.169% 34 92.645% 31 97.728%
3 52.666% 61 53.555% 89 51.111% 89 51.111% 84 53.555%
4 88.973% 10 94.569% 5 89.111% 5 89.111% 1 69.197%
SERME 77.361% 26 79.429% 30.75 73.162% 32.25 72.568% 29.5 69.101%
%5 ETRENLBMARE LN THERE
FullSet &% IMMC #i% 1G 5% FCBF #% ReliefF &%
A
A L TREAA L A L TREAA L L
1 68.765 % 4 79.51 % 6 66.173 % 5 T1111% 6 66.42 %
2 95.722% 21 96.952 % 34 92.416% 22 96.692% 23 93.522%
3 65.888% 81 66.777% 85 65.148% 87 64.962% 82 66.037%
4 87.301% 7 93.926 % 5 91.107 % 8 90.288% 5 91.284%
V3 {E 79.419% 28.25 84.291% 32.5 78.711% 30.5 80.763% 29 79.316%
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0.84 1.549%. 0. 0 Al 3.538%; JfH, IMMC & kAl
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0.80k . N N N N N 4  mushroom i £ FIl kr-vs-kp Zhi#E I Lt FullSet
HEFRIAEIE R P 5.456%. 0.195%- 0 F1 0; IMMC 5L Al
B S wdbe Hiin AR R SV 11744 IE T 3% SVM 4 2K 45 7F arrhythmia 2035 4E . musk ¥ 4E |
%6 JMMC & 5H R FHFEHEFE X H Win/Draw/Loss 54
sy JMMC 5 FCBF IMMC 5 IG IJMMC 5 ReliefF
HEER HER KR WER e HHESC HER e
3KNN 2/1/1 4/0/0 1/1/2 4/0/0 0/0/4 3/0/1
C4.5 3/0/1 4/0/0 1/0/3 4/0/0 3/0/1 4/0/0
SVM 1/0/3 4/0/0 1/0/3 4/0/0 2/0/2 4/0/0
WA 4/0/0 4/0/0 3/0/1 4/0/0 3/0/1 4/0/0
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7 £F 3KNN 5L Z R FTIAFHEE FIERE
FullSet &% IMMC 5% 1G 5 FCBF #% ReliefF H7%
Eiac
WA FHIE HiRTis FRAIE HiRTis FHAIE LS L L E
5 66.345% 133 67.278% 155 67.278% 183 65.601% 40 65.06%
6 77.967% 128 79.516% 153 79.516% 118 78.203% 83 78.407%
7 97.7% 63 97.7% 64 97.7% 64 97.7% 64 97.7%
8 100% 6 100% 11 100% 17 100% 19 98.425%
9 92.676% 23 96.214% 36 96.214% 16 92.614% 36 95.776%
PE 86.937% 70.6 88.155% 83.8 88.141% 79.6 86.823% 48.4 87.073%
%38 ETF C4.5 DARMPMESFEE FMERE
. FullSet 5% IMMC 51 1G Bk FCBF % ReliefF ik
e TR RHAE W RE R A L W RE L L
5 65.846% 168 71.302% 228 67.177% 172 67.442% 242 67.229%
6 76.926% 152 77.121% 158 75.694% 162 75.06% 163 76.31%
7 84.849% 17 84.049% 14 84.299% 11 85.049% 10 84.8%
8 100% 6 100% 11 100% 17 98.425% 19 99.852%
9 100% 23 100% 36 100% 16 100% 36 100%
SERE 85.524% 732 86.494% 89.4 85.434% 75.6 85.195% 94 85.638%
%9 £F SVM 2 EBMEMEFHEE THERE
. FullSet #72% IMMC 5% 1G 5% FCBF #.% ReliefF 7%
i ML L A FHIE L AL L AL TR
5 56.946% 68 59.012% 3 56.946% 3 56.946% 5 56.946%
6 60.728% 6 63.517% 2 58.644% 2 58.644% 2 59.247%
7 94.65% 64 94.65% 64 94.65% 64 94.65% 64 94.65%
8 97.047% 1 98.523% 1 98.523% 1 98.523% 18 97.023%
9 100% 23 100% 36 100% 16 100% 36 100%
TE 81.874% 324 83.14% 212 81.752% 17.2 81.752% 25 81.573%
10 ET AR S LEB[NAREE L8 THMERER
FullSet 1% JMMC 5k 1G 53 FCBF 51k ReliefF 5%
P
A L A REE e L R 52 L e E
5 62.853% 171 63.935% 189 62.983% 237 62.904% 255 63.364%
6 70.198% 158 70.484% 166 69.913% 162 69.991% 165 70.129%
7 91.416% 63 91.549% 61 91.333% 64 91.466% 63 91.383%
8 98.15% 6 98.757% 11 98.014% 20 96.806% 19 97.839%
9 97.558% 23 98.738% 36 97.538% 36 97.485% 36 97.444%
SR 84.035% 84.2 84.693% 92.6 83.957% 103.8 83.73% 107.6 84.032%
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