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Cost-Sensitive Feature Selection Based on Sample Neighborhood Preserving

Yu Shenglong, Zhao Hong

(Fujian Key Laboratory of Granular Computing and Application, Minnan Normal University, Zhangzhou, 363000, China)

Abstract: Feature selection is an important preprocessing step in machine learning and data mining. Fea-
ture selection of class-imbalanced dataset is a hot topic of machine learning and pattern recognition. Most
traditional feature selection classification algorithms pursue high precision, and assume that the data have
no misclassification costs or have the same costs. However, in real applications, different misclassifica-
tions always tend to produce different misclassification costs. To get the feature subset with minimum
misclassification cost, a supervised cost-sensitive feature selection algorithm based on sample neighbor-
hood preserving is proposed, whose main idea is to introduce the sample neighborhood into the cost-sensi-
tive feature selection framework. The experimental results on eight real-life data sets demonstrate the
superiority of the proposed algorithm.

Key words: feature selection; neighborhood preserving; supervised learning; cost-sensitive

51

il

TE 5 1T AR A TR 7E B IR A 4 BE L Bt ()™ A R 22l 2 AR 10 T L R o o R
e I 2 IR SO SCAR 26 A5 s A4 K5 20 B 23 BT o Tl 2 Bk AR PRI B R A R L 2 )
A AN T A0 B R TR AL R R B A R AR R 2 — o R AL R 5 2 T 5 R IBCRE R T A R AE Y

ELWA:HEHARBFHEA (61703196 W H ; @A H & TR H JAT160305) ¥ BHIH H .
Y B H:2016-06-07; 1&1T H #8:2016-06-29



318 HIEREEH LA Journal of Data Acquisition and Processing Vol. 33,No. 2, 2018

—NEUNRE A . INEUE 2 A AT A R R R SRR R T LA Ay A M B R T M PR . A IR Y
TR 25 B 2 A AR 24 5 B VAN R IR A9 2 ok AT HE 8 i R LB 2 A B RR R SR B 394 7 Fish-
er Score™ , Relief il ReliefF" . Jg Wi/ (9 F¢ A 3 5 55 1 2 AR 4% B O 85008 5 4E 19 OC 3 Ok 3E 47 45 1F i
EE

— TR A3 W R AR A PR IR VE DL GE SR R RS BE O HRY L A 2 T R 43 S AR BRI R 4 S AR AR IR
SR 76 B0 S 7 T o o A TR B 358 43 2308 2 S BO TRl i 1R 43 8 B o ) 4 s 76 52 o o A% o A7 HE P A 28 7Y
MBI . RAL T 5 O TR W 8 51 5y IR A8 By s AL 1 38 OB R 58 2 ik 4y WIE W A8 o) . 2K
BT RN ET/EANREHHFESL S ;KXY N RANEER TERMWEEBL, BREH T
PR RAN TN TRA I 2R RN, o7 — 30 W R IE B Ak IR B A &5 AR AE oy B
P o AR BEA [7) 2 3] 1) A A B AT R 25 A AT 33X A Ry BOHE AR B A S SRR AR R0 AR L & S BOTE B AL A
AN I AT (A AR 28 Sl ) A WA R AR R B VR ORI R AT I 40 o TR e A 3 52 7 T o a0 20 2% R R 2R R
B 1 1) et

20 22 90 AR MM 15 BB i 30 5 vk b DRI 4 s 0 AR SRR 2 ) L e e L e o T SRR R B
RMEZ "0 BA REZUIE A R T VF 2 A BB 2 5015 R fige ple AR AN SRR i) 0 2 35 iy
) L o 3 A AN ) IF 58 408k IE 92 7 09 B A RS . BN R AR A 32 A S R R AR AR D
BACH o o R FACH T 3 O FEFREA I IR A FARAN T R T B R JAR N AR
BRI TR AR Sl g A SRS By,

R RFAE LA G Z W o SCHRLL7 I3 i — b o5& T 4B JORLAS 46 i 0 A A Js 1k 24 1 1B
FOARAN B8 R 2 5 SRR /NI OG0 AR SO T SR AT LA PR 5 A Jay 388 45 449 1) 1 I [] s 5 1 AR A £
%, 2 Y — T 89 5 TR AN AT I AR 3 B4 A A BEUBER 1IE 1 PR AR 3 (Cost sensitive feature selection based on
sample neighborhood preserving, CSEN-SNP) , 1 56, AR 3 48 S 45 5 J5 3 45 #4009 1 B 45 o 408 185 4 T
FER 51 AARA 30 B FRE A 31 2 B2, 70 SR BUHE M 1038 B A R AE 1 43 580 O X B> e A0 43 50 f 4k e 58
AT HEE IR BURRAEHEE o S2 30 25 R R 0T, 4 i AC M BSURR AR S 1R 0k B AR AT I PR g .

1 XTIk

E B SN HR s AN TR A B 23 2808 0 2 T BOA ) i B 0 RARHY . BRI o REE AR A JF B ik
Boh i 6 G e (1.2, e— 1)) BARMEARIR I N o RBARAEA 1 A AQHT 28 TR 2R o SRBUR A
AR LA | RBAFEAR RO . B TR A5 1 2R BN o — 1 2RBNHN"I B  KBH
CHANAE . MR SCHERL ) AR B R 2T FACH T2 3 2K

(D RFFUCH Co A5 NP R —FR IR FEA R RN H N7 I T — B FE A = 22 1

it

(2) AR Cor A5 419D S BB R 26 4L LR £1 RpER
FEAS T 77 A AR 5 Tab.1 Cost matrix

3 WRIELAUH Cro R A7 IR R R AR B2 0 2 AL AN R M dls L L0
ﬁz"{ﬁﬁfgg:ﬂg’ft'ﬁl\c I, 0 Cy Cio

mﬁiﬂﬂffﬂ”{tﬁl\ CI()’CII *ﬂ C()I E‘Jfﬁ*ﬁﬁﬁQﬁ‘E%o /?"\ : : : :
Cost(isj) (ivj € {1.20meuc) DIHEHE i JREAIRAN M8 j Hebekpy 10 G 00 G

FRf AT L R 2 1 TR BOAC A C. R R T A A g — G Co O

XA OCER 42 0 (EAE BN rp o AC U AR R 38 5 eh T B0 U & 40 o MR8 AU 0 R 1 L 2 SCeR
B () RAE o(1 <o <o) AR E L, A




AR F A THEAABREFORNK RS RE 319

Fa) = (c—2)Cy +Cy a=1,,c—1 "
¢ (c— 1)C<)1 /ﬂ\:f@

2 ETRER KNSR IEEE

AT PR T — L TR A SR R R 1 AR AN U R AE BE B 55 1 CSEN-SNP i 5 325 J2 76 AR U5
SR LR o] A SRR 8 15 R RE A A AR SR N AR AE A AT A AR B AR I 3T LA REAS 1 4 A R AE E AE
H A QB ETE AR R T REAS (1 R 45 4 . T LA B 19 FRAE T 46

B — B X 0 Bl G RN FEARBOMARE R B X0 ox, s oo ox, RFIR n DAEAS
x, € RV, AREER fiofo oo f BERm AREHAP f, € R, EXARBY=[y535 5 3.1
Hrhy, € Ro & x, WEIRETDSE DA, £ FRFER x, 8B r MHIEE G=1.2..m), TiXF
AT SRR — TS f s f R d <om, AR REAR N AR IR R AT B

T EE AR AT IE R A B R i AR IR B G=1{G, .G, .G, ) Hh G RIREE AN REAR.
i ¥ AR B [ G A Wi R 71 (1) K 4R (K nearest neighbor, KNND ¢ 15 x, Flx, & K 4B, (2) ¢ iF
4B (¢ neighborhood) : WTHLEE i NEEARTNEE j DFEARZ AL | x,— x; || <e.

FESZBR R 5 2 B AR R B O ARMEAR B — AP e A SCESE 1 AR 2 KNN R4 5 45
W G, FESL IR RS AR L5 - DNRRIER CSEN 1343 C, CC, B/ EF) BRI

S =27 20 S — 1) (2)
G (x,x)EM
H":AZ Z Cost(y,»y)(f, — f,)° (3
G, (x.X’)E(‘
C,=S,—H, 4)

K EL M= {(x,.x) | x,x, BTR—EN), C={(x,.x) |x.,x; BTARZEN) ;2 H—ANEZ%5.
FH DA 5 4 A 5 43 28 AR 0 0 B P AR

A SCHE ) CSEN-SNP 3k i (8] 5 24 B2 o OCam® + ne)  HEE L REAR W T,

iR 1 TR IEOREE I AN U R IR 2 B

BN CBIRE X Y=y 325 s 3, 1 BE kT

B RFIE TS )

(D AR FEAR Z 8] (A ELBE 5, MR 40 40 3 A 1k 5 . 3R B A SRR ARG R GE AR (LS REAR B 2 L 15
Bl FEARMABIREME G (1 < i << n);

(2) MR 1A D E R MR C MHEAREZEE [(o ;

(3) FERAARHAERS G (3Eal B AR (OB BB EMHENES CA < r<m;

(D XSGR C, PEATHEF - 3R FURFAEHE T  BEBCHT o S HFAE .

3 EiEMREXIEXL

3.1 XgE

N T B UEA SCHE WA R R FOR A A AN SRR R AIE 2 PR R AE UCT Bis 4 b ik 1 A DG i X
LAz, X 8 A4 UCT %4 4E 43 3 & Heart, Australian, German, Wpbc, Vehicle, Glass, Landsat 1 Seg-
ment, & T HERH S Bt CSEN 553 75 28 Y 87 15 50 F 19 P 6, Vehicle, Glass, Landsat F1 Segment %§ #j £&
MIRMBOEA MR, R 240 TEIREMTEARGEL . A LEHTE MATLAB & ESC8l.
A AA BUR R AIE % £ 5375 A 45

(1) Baseline: 3% £ Ir 8 BU4F1IE .



320 HIEREEH LA Journal of Data Acquisition and Processing Vol. 33,No. 2, 2018
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Tab.3 Misclassification cost of different feature selection algorithms
Algorithm CSFN-SNP CSCS CSVS Baseline
Heart 65.8(1) 242.0(13) 148.9(3) 243.7
Australian 152.5(2) 285.2(12) 288.9(12) 315.8
German 588. 8(6) 713.7(23) 711.5021D) 759. 6
Wpbc 77.0(1) 128. 8(33) 132. 8(26) 135.7
Vehicle 105.7(13) 146.0(14) 173.0(16) 177.6
Glass 34.2(1) 54.2(1) 55.3(8) 55.6
Landsat 279.0(33) 287.5(32) 314.6(36) 320.0
Segment 16.2(9) 17.5(16) 17.2C17) 18.0
x4 TREBMEEFREENSEBE
Tab.4 Accuracy of different feature selection algorithms %
Algorithm CSFN-SNP CSCS CSVS Baseline
Heart 57.0 57.8 72.17 57.6
Australian 77.3 80.1 80.3 79.2
German 62.4 66. 6 66. 6 65.2
Wpbc 70.9 71.0 68. 6 69. 4
Vehicle 71.3 69.8 69.5 69. 3
Glass 32.5 26.0 30. 1 29.5
Landsat 88.4 88.9 88. 3 88. 3
Segment 96.5 96.3 96. 2 96. 2
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Fig.1 Misclassification cost contrast for four algorithoms on eight datasets
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