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FE . 7EA M PO SRR E e 57k (FCBF ) JEA1 L, 38 0 i KA 3¢ R 8000 =Uniedt FCBF Bk, w2k, dlad ek
AH I RO RN 22 1 B S D), 03 1 B AR IR S AR A8 Z M) R AH DG B2 SR, -4 IRBIE K/ NIBUT HEA 7 HEY 5 3
WK, 8 3 5 KA 56 R BRI B AR AT I BE S B A 7 TG OCRRAE AN U AR FRAE B 0 6k | BRe e 5 o B R AR AE 45, 760
FE TR 22 R SC AR B BLAS 2 > FE (UCT) (1 8 AN FF AR v A7 %oF L S 304 SR 3R W 56 T A O DG R B AR A1 6
PERE L (NFCBF) BAME T FCBF B3k, BT #: h AR L FCBF Bk Frik BEARERCTF- /0 T 3. 625 4>, 0 J5ifi
FFHHRE T 0.075% . 55 BEKA R (MIM) e /D 45T IS4 FIBE 75 (Lasso) FIASEIE (Ridge) ZEHH HARL
LA A
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FCBF Feature Selection Algorithm Based on Maximum
Information Coefficient
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Abstract: Based on the correlation fast Filtering Feature selection algorithm ( FCBF') ,which is improved
by the maximum correlation coefficient. Firstly, It calculates the correlation measure between each fea-
ture and label with the * maximum normalized information coefficient’ criterion and ‘ measurement princi-
ple of symmetric uncertainty’ and sort these feature according to the calculated value. Finally, Tt filters
irrelevant features and redundant features by the ‘ maximum normalized information coefficient’ criterion
and approximate Markov Blanket and obtain the optimal feature subset. Experimental results on machine
learning repository of university of california irvine( UCI) eight open datasets show that NFCBF algorithm
outperforms FCBF algorithm. The number of features selected by feature selection algorithm based on
maximum information coefficient (NFCBF algorithm) is less than 3. 625 of the selected feature subset of
FCBF algorithm, and the classification accuracy is improved by 0. 075% . NFCBF algorithm gives better
performance than mutual information maximization algorithm( MIM ) , Least absolute shrinkage and selec-
tion operator algorithm( Lasso) and Ridge algorithm.
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K RISE: BETEROOMISCSE B AR B FCBF FHIEELHEF A 87

Bt KB F AR R A K, K (R 554 I B
G DO 4K I A, Tl o A A s L i BL
A2 2 R R B 3 S A | R B 1B A £
P s B IF SR E TGRSR TAE. SR, 3X S %045
HAEEAE R I TE MR B TO AR PR A8 | T 56
CE TURPER IR LA 2 e mabLas 2% 2 Bk iy ik
B RRAFGERRE AR S B S AL n R AE T4
MZF 0] AR L 7 S SFk g Eae. Rtk ¢
TEERERAR Ry AR 2 WAL A% 27 2] Sl Sk K af Ak,
P, R4 i A DG ML 27 2T B0 PR A7 3 B A 2 ) HE
RO B, AT R AR AT 0 A7 6 25 8] A L2 2% 2T Il
SRR AR, RRAE R B A RN A i
RO K. [HE R UL R IE RS R X
AN TR ] B N TESE K S B ST Gk
MEECE TURFHERA PR, S T ke b1 By n)
L SEF PR MR B R BRI KB E &
PR o U8 YRR IE e BB ( NFCBF , feature selection

algorithm based on maximum information coefficient ).

1 #HxXIE

LR F B e 2z N e i g K
R S8 £ 53 1 AR oh ) i A A R B R A ik
( MIM, mutual information maximization )"’ | & i i
THEARN RN B b dn 2 Z 8 10 B4R B, JF 41T
BRI A 4 R A BB I/ N I e AT HE . e KA
S/ INTUA R AR £ 550 ) SR i ) 90 25 4 R
3, RS H bR bR 28 2 8] LA B fge e R 5 2
TERRIE Z (8] 647 AH OGP T A ME #EAT R . FCBE
SEVED R P BT I R A 2 B o AR Ry A G
F MY B EM. Brown' ' i I e K AR B R HOR K
FHEZIE] 1 TCAR , I EL A i 1) 22 45 48 R G i A T
FRIEF AR T4, DU SR BRI T4

2 FEREMEXERRH

2.1 BEEER
EX1 5B ok 735 B LA 7R
et . X BRIP4 X /Y

Hu>=—ipwm%m%> (1)

N2 SPHRIFR S M B R Y
[ BELAE B X % 4 PR A A

H(X1Y) = - Zyp(y) Z{p(xly)logp(xly)

(2)
EX3 HAFES LA () (2) AT
FoR
I(X;Y) =H(X) —H(X|Y) =H(Y) —H(YIX)
(3)
RIE, FHEN(2) (3)H—215
0<I(X;Y)<min|H(X) ,H(Y)! (4)
2.2 RABEERERH
Reshef 258 48 H 15 KA 8 R B8 & S A
TASRR R R R RO R AR
EATE BRI R, W R E B R BT L
It A B R T
M (4) TN I(XY) B B RE H(X) FLH(Y)
Z B E/ME, BER T A2 0. R FREA LR R
ROAHE IR S SEC (X, Y) HAR A A B
W A EERT 1(X;Y) #E AT B ORAR B R B L Ky
R B R BT LR Z (8RR AE A5 B I
22 IR HBUETS BIRBIFE[0, 1 ] RLA. R, X5 T
BEHLAS & X F Y A5 RA5 B R 8L, 3T LAl H(X)
M HCY) Wi/ MESk e, BAR AN
I1(X;Y)
min{H(X) ,H(Y)}

3 MHMERXERRHFILMUE/RA

X NFCBF &ix

W AT B X FIRRSE Y 22 6] A AE 5
PERT DUIE i e KA AR B R B L, (X Y) TR,
A S RALE 22 [R] A SO AR ARAE i T LU X, € S, X,
e S(i#)) ZI MR RMCE LR, (X;X,) B
TR,
3.1 XM

B, EXEFNEIE X 5 Y RAEERE
1, (X5Y) s HOR GIFEEARHE X, 5 Y B PR
FETE AR

SUmax(Xi;Y> :2

L, (X5Y) =

(5)

1., (X;5Y) (6)
H(X;) +H(Y)
wJa, #47 SU,, (X, Y) BT, SU,, (X Y) 18
FKAHELETT AT, 8 B HEZE 1 11 A9 REAE S 230 .
3.2 EMESH
MR BRI AL JR AT RS A A5 A T TUARFRAIE ¥
Br. BRFMEAR R L, (X;Y) >, (X;V) A
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L (X3Y) <1, (Xi5X;).
I b SR fe A5 B R A YRR AE A
wtion- JE X, €S, X, € S(i#)).
k1 NFCBF Fkdlik
1 Initization: S, =¢,S=¢,T
2 Calculate I, (X;Y), for each X; e T
3 Calculate SU,, (X;;Y), for each X, e T
4 sorted SU,, (X,;Y), orderby = Descending and
S—{X,|, foreach X, eT
5 while S# ¢
if 1, (X;5Y) > 1, (X;5Y)
and 1, (X;3Y) <[, (X;5X)

remove X,

S

6 output the selected set S, ;,, of features.

ST, WIRRHEES TS, M S. i, T
RFEAE,

SER2  IHRBREES T PR RHE X,
HYRKGFEEREI, (X;Y);

PR3 IEENREX, 5 Y Z BT
WHETEE SU,_(X.;Y) ;

S|4 XX SU,, (X Y) HATHET  IF K
HEFP AP IE X, A S 25

PRSI R A RS, AT IUR
FEAE AR 5

B MR S, KA

4 LWHERS5HMH

4.1 BT EMNHIELIE
DFE# A Hy python2. 7. 12. SEH MR AE L T
PR 40 UCT s FHERSE , R 1.

F1 UCI 8 INE A#iESE

e Hin sk BEAR  FREE RN
1 lung-cancer 27 57 3
2 soybean 47 36 4
3 dermatology 358 35 6
4 ionosphere 351 35 2
5 libras 360 91 15
6 mfeat-kar 2000 65 10
7 optdigits 5620 64 10
8 mushroom 8124 22 2

4.2 HEBERINBFEEFFTE
4.2.1 rIeaniiny
R FH WA Bl 43248 T 92 S A P A 78 . R 25 D

-3 7324 8% ( Naive Bayes) ' Hl k #2485 (KNN) 32
R PR b BT (S S K NS B <E M i
R AARILFE 3 AR B S AL, Fh R DU Jir 43 S AR 1k
BEASH O E.

4.2.2 FREIERE L

i TR UE NFCBF Bk A 20, 248 T 3 847
RERVERFIE R 595, 1F 2 NFCBF 38095 1y LB vt
4. 1) FullSet 5335 5l J2& 48 AN A fn] 43¢ 11F 228 45 A HE
F¥32) MIM 536 Rl FCBF 803% ;3 ) fie /0 A9 46 X U 45
FIE#EE 7% (Lasso ) FIIE L (Ridge) .

4.3 HEEMMETE

T B AIE NFCBF 805678 T 15 S DL RFAIE
TARM P IEPERE. AW JErE UCTE 8 4k
AR TR 10 4738 X BT A HEAR B AIL 53 R 9 50 1)
10 8857, BRI BEALKG I — 41 S VR R A4 & it
AT, Hoay 9 A YAE AR L&, 2 il fl
FullSet \NFCBF . MIM , FCBF | Lasso il Ridge - 1%,
MU ZRAE 3 S B P RRAE T 45, I8 28 26 1 e AF
FAE A AT, S5 HP K U FE KNN 4
F4R M Naive Bayes /-2 gs th A7 5005, Ry 1 ffi 52
B HA P, R SR AT R 10 Ik, 2R XX
10 RS 25 ORI, M B s s Rk 2 ~ &
3. AT WAL B R, K2 ~ L3 HH
T EAREY o3 S HE R R BUE T AR 57 BB N T Ry
TIEEL.

M 2 AIHT, NFCBF SEyL7E5 3 55 4 I35 7 4%
BRI, 7E55 1 55 2 FI%R 3 h NFCBF Rk
FCBF B3 5 R 002 B o 880U — R4
FEARTESR 3 AN BdEAE T NFCBF 875 T s £ 19 4%
TEECZ /DT FCBY 59k it £ A IR, 7626 6
MEHRE L, B SRS BV Z R 2 A
0.5%. XFh2MC &AE% /N, JLF AT L Z B A 1t
T. FE3 i, AT LLHIGE , NFCBF Bk 7656 5 56 7
G 8 AR Fdr. 725 3 N EHE4E T, NFCBF
YL FCBY Bk by, 76256 6 M Edl4E ™ ,NFCBF
YR FCBF 5% | Lasso  MIM B 1543 2R R4 5 —#F
U FO eSS 3 B AE b B TR AR T 4R
U@/ F FCBF Bk 8 R IE R 758 2 5
P T, B SR MO Z R 228 1A 0.5% ,
XA C AR R /N, LT LLZBS AN T, R A%
S 25 R RV R S B IR AR AR R 43 2585 30 i
NHRELL 1~ B 4 s
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®2 KNNSEBRTHEEBELILE %
B Ful.LSet FCBF Lasso NFCBF MIM Ridge
1 63.33 75.00(4) 75.00(4) 75.00(4) 68.33(2) 71.67(4)
2 100. 00 100.00(2) 100.00(2) 100.00(2) 100.00(2) 100.00(2)
3 96.01 97.76(21) 88.59(21) 97.76(16) 91.03(10) 97.12(29)
4 87.23 87.57(11) 79.13(3) 88.11(8) 87.87(9) 84.79(4)
5 75.78 77.67(73) 76.00(44) 77.89(56) 77.56(72) 76.78(27)
6 97.10 96. 60(25) 95.75(40) 96. 60(25) 96. 60(25) 96.24(54)
7 98. 45 98.52(40) 98.27(41) 98.61(41) 98.51(42) 98.24(58)
8 97.43 99.16(3) 98.23(12) 97.85(7) 97.20(11) 100. 00(8)
% 3 Native Bayes D ESEF T HRER/ERILE %
T FuLLSet FCBF Lasso NFCBF MIM Ridge

1 70. 00 70.00(10) 75.00(2) 70.00(11) 70.00(10) 72.00(7)
2 98. 00 97.50(5) 89.00(4) 97.50(7) 97.50(5) 97.50(4)
3 98. 00 98.90(21) 89.38(12) 98.90(18) 98.36(20) 97.73(29)
4 68.70 67.27(23) 64.00(1) 66.78(26) 67.27(23) 65.62(25)
5 53.11 53.11(90) 51.44(45) 53.33(60) 53.11(74) 53.33(79)
6 92.22 92.55(23) 92.55(23) 92.55(23) 92.55(26) 90.00(38)
7 90. 39 90. 46(50) 89.39(41) 90.50(40) 90. 46(50) 90.10(58)
8 85.54 86.93(4) 86.35(5) 87.81(3) 86.60(6) 81.88(12)
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0.7 09
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< & 07F i
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5 HRiE

AR SCGE R 5 KAH AR B R B 5 kel 1
FCBF 87k #6281 ReAiF A S& M HE 7 A B o0 43 v
FRAE T [y B AE e 55 1 NFCBF 5.3, 16 UCL b 8
ANSTF BRI AT T SE X s A 2 B, 7E KNN
Gr2edn  NFCBF B3k P £t RFE S LE FullSet 4
TEECEE T 30.75 A, s R R 4 4E e T
2.061 25% ; 7 Naive Bayes 432548 H', NFCBF .7
FF e R A LG FullSet $RAE B0 1 27,13
A FUET R T 0. 176 25% ; 78 KNN 43
A NFCBF B89 r i #% R R4 1L FCBF 592
P B E B0 T 2.5 A, A 25 e R 2442
1 0.067 5% ;7E Naive Bayes 732 #H ,NFCBF &
WP R IR IR L FCBF 5594 BT R B4 E £ 44
DT 4TS A Ay SR R T 0. 081 25%.
WL [ 438, NFCBF B3k 7 4 K 2 B0 s 4
RN T , A TR0 FEMET RO A i 13k
P& LG T FCBF 33k MIM $5.3% Ail FullSet, [ Aif
FEST IS UER 27 1H , 76 48 K 2 508008 4 1, NFCBF
BIEET Lasso 51 Ridge 534,

T2 NFCBF 583k 51 A 4345 2R F %k
P OK sh Bk 8 3 P B B R R B A i — 2P
53 A B IR B A [R] , AE T R AR AR AR
FE o FPE A AR G rh R T RRIE A DG E AR TU AR
PR AT 55T, T — L A 32 8 e R AR G
B RBOE AN S /R AT R Ty .
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