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Incremental Feature Selection Algorithm for Dynamic Partially Labeled Hybrid Data

YAN Zhen-chao,SHU Wen-hao and XIE Xin

School of Information Engineering, East China Jiaotong University, Nanchang 330013, China
Abstract Many real-world data sets are hybrid data consisting of symbolic,numerical and missing features. For the decision la-
bels of hybrid data,it costs much labor and it is expensive to acquire the decision labels of all data,thus the partially labeled data
is generated. Meanwhile, the data in real-world applications change dynamically,i. e. , the feature set is added into and deleted
from the feature sets dynamically with different requirements. In this paper,according to the characteristics of high-dimensional,
partial labeled and dynamic for the hybrid data,the incremental feature selection algorithms are proposed. Firstly. the information
granularity is used to analyze the feature significance for partially labeled hybrid data. Then.the incremental updating mechanisms
for information granularity are proposed with the variation of a feature set. On this basis, the incremental feature selection algo-
rithms are proposed for the partially labeled hybrid data. Finally,extensive experimental results on UCI data set demonstrate that

the proposed algorithms are feasible and efficient.

Keywords Hybrid data.Partially labeled,Incremental learning, Information granularity,Feature selection
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Table 1 Partially labeled patient diagnostic system
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Fig. 2 Running time of algorithms NIFS,Semi-rough-D,NSFS and IFSA
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Table 3 Feature selection numbers of algorithms NIFS,

Semi-rough-D,NSFS and IFSA

— _ %?liifé/\\#‘” :
NIFS  Semi-rough-D  NSFS IFSA

Hepatitis 9 7 8 9
Horse-colic 3 8 3 3
Credit 11 13 14 14
Australian 9 8 10 11
German 13 13 12 13
Wpbe 7 13 7 8
Sonar 9 9 8 10
Anneal 16 12 16 16

# 4 ®IE NIFS, Semi-rough-D, NSFS fll IFSA 7E C4. 5 43248 T 0950 2508 1
Table 4 Classification accuracies of algorithms NIFS, Semi-rough-D,NSFS and IFSA with classifier C4. 5

BAEE Raw NIFS Semi-rough-D NSFS IFSA
Hepatitis 81.50£0.42 84.6340.247 84.59+0.287 84.52+£0.197 84.63+0.24
Horse-colic 84.4640.92 84.70+1.977 81.76+1.437 84.70£1.97— 84.70+1.97
Credit 84.7540.07 84.85+0.16" 85.45+0.62" 85.63£0.37" 85.63+0.37
Australian 85.1340.87 85.7140.28" 85.414£0.477 85.15+£0.367 85.9240.51
German 73.03+0.17 71.46+0.55~ 70.62+0.67" 74.53+0.26" 71.4240.06
Wpbc 73.83+1.31 74,3640.32" 73.75+£0.557 74.36+£0.327 75.3340.47
Sonar 71.93+3.28 74.1641.31°" 60.46+0.65" 67.70£0.647 74.83+0.47
Anneal 98.56+0.04 98.66+0.04" 98.33+0.237 98.66+0.04" 98.66+0.04

Average 81. 64 82.31 80. 04 81.90 82.64

Win\Tie\ Lose 4/3/1 8/0/0 4/3/1

# 5 B ¥k NIFS, Semi-rough-D, NSFS il IFSA 76 SVM 4325 28 T 73 256 &

Table 5 Classification accuracies of algorithms NIFS, Semi-rough-D, NSFS and IFSA with classifier SVM
HAE & Raw NIFS Semi-rough-D NSFS IFSA
Hepatitis 81.2940. 84 83.9040.49~ 81.33£0.19" 82.63+£0.88" 83.90+0. 49
Horse-colic 64.15+0.08 80.13+0.10~ 66.22+1.09" 80.13+0.107 80.13+0. 10
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German 76.70+0.13 74.5440.07F 72.46+£0.037 76.81+0.18 75.81+0.76
Wpbe 79.68+0.89 79.80£0.28~ 76.30£0.11"7 79.80£0.28~ 79.80+0.12
Sonar 79.66+2.49 81.4242. 01" 62.57+1.74" 73.56+0.367 82.36+0.47
Anneal 98.83+0.09 99.40+0. 147 98.40+0.16 " 99.40+0. 147 99.40+0. 14
Average 81.42 84.06 78.57 82.96 84.15
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Fig. 3 Running time of algorithms NIFS, Semi-rough-D,NSFS and IFSD
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ARHET 67.18%,70.81%.77. 83% 5 4 K Ht 4E Horse-colic i
45 = AR 4E B, 2 3 NIFS, NSFS #1 Semi-rough-D 1y iz
A 43 5 H 8.51s.8. 455,52, 625, M 251 IFSA #1517 I}
[8] 4 3.01s,4H LB ¥ NIFS. NSFS. Semi- rough-D 43 5l 45 45
T 64.62%,64.37%,94.27%.

IR AR S 0 55 ST LU L AR SO A B R E
Fk TFSD 76 M B 5 1iE 48 B T DA 280 4 0 32 A7 i ), 2 B R
A2 B vk TFSD 78 i A 5 AT 38 £ 25 S 00 JE il 1 i 47 FR AF %
B VT 043 R 0T G 0 B 45 4 a0 A R A 4 SR 0 1 B
T A T R ]

2% 6 BTN B 4 AR 4 I 4 A3 NIFS, Semi-rough-
D,NSFS #l IFSD i e A& FFE e B4, R 7T MRS HIHL T

4 FPREEETE CA.5 A SVM 4R F B34 43 6 i L

#6
Table 6

4 NIFS. Semi-rough-D. NSFS il TFSD #y 45 fiF 1 #14~ $«
Feature selection numbers of algorithms NIFS,

Semi-rough-D, NSFS and IFSD

. i iﬁﬁﬁﬁg/\\#{‘ i i
NIFS  Semi-rough-D  NSFS IFSA

Hepatitis 9 8 9 9
Horse-colic 3 2 3 3
Credit 9 8 9 9
Australian 9 8 9 9
German 12 12 12 12
Wpbc 7 7 13 9
Sonar 10 7 10 9
Anneal 10 7 10 10

MR 6 AT LLE M, 25 BSR4 o N B R AR 4R B, BB TF-
SD, NIFS, Semi-rough-D #1 NSFS ¥4 7 DL A5 %0 [ A% 5048 4 1
(] BsF s 4 X6 S [ #5040 48 L (8 33 NIFS, Semi-rough-D, NS-
FS, IFSD £33 i #57 fiF 1 48 45 52 2 AH 3T 09, 61 W, 78 Credit 4
PAEF B NIFS, Semi-rough-D, NSFS, IFSD 75 3| (1 45 fiF F
AR A 9.8.9,9. IFE 7 FFK 8 A/ IS 45 BT LU
F il 58 NIFS, Semi-rough-D, NSFS # [t , 5% & IFSD 4
FNAYRHE 7 A 45 R0 40 2K B =2 AR /Y. 1 4N, £E Austra-
lian LT . 7E SVM 4325 4% T 57 NIFS, Semi-rough-D,
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NSFS,FSD Ay 43 25 8% B 43 3k 85. 70%6,85. 55%,85. 70% ,
85.70% . M Win\ Tie\Lose W& 4Rl IEH, 58 %
NIFS. Semi-rough-D, NSFS #H Lt . & 3k 1FSD 15 K3 43 5 45 4

TR LA B A T B R . i, 7E C4.5
o33 55k Semi-rough-D Al o 5%k TFSD 78 8 D4R
G b T LUAS B B G 1 3 R B 45

# 7 B3 NIFS, Semi-rough-D,NSFS il IFSD 7E C4. 5 43248 F (20 ks 1%
Table 7 Classification accuracies of algorithms NIFS, Semi-rough-D, NSFS and IFSD with classifier C4. 5

AR & Raw NIFS Semi-rough-D NSFS 1IFSD
Hepatitis 83.95+0. 15 81.9340.21° 81.91£0.63" 81.93£0.21° 81.93+0.21
Horse-colic 79.71+1.08 73.78+1.58" 63.73+0.35" 73.78+1.58~ 73.78+£1.58
Credit 84.944+0. 64 85.7840.48~ 85.76+0.337 85.78+0.48~ 85.78+0.48
Australian 85.51+1.16 86.86+0.06" 84.83+0.08" 86.86+0.06" 86.86+0.06
German 73.36+0.56 74.444+0.547 72.62+0.08" 74.44+0.547 74.44+0.54
Wphbce 72.2240.48 75.3740.227F 76.32+0.177 74.20+0.157 76.33+0. 14
Sonar 69.86+£1.62 74.36+0.98" 66.58+0.13"7 71.63+1.367 75.03+1.35
Anneal 98.56+0.09 98.93+0.16~ 98.13+0.117" 98.93+0.16~ 98.93+0. 16

Average 81.01 81.43 78.73 80. 94 81.63

Win\ Tie\ Lose - 2/6/0 8/0/0 3/5/0 -

% 8 ¥ NIFS, Semi-rough-D, NSFS il IFSD 7£ SVM 43288 F 8950 2605
Table 8 Classification accuracies of algorithms NIFS, Semi-rough-D,NSFS and IFSD with classifier SVM

£ Raw NIFS Semi-rough-D NSFES IFSD
Hepatitis 83.2440.13 81.90+0.087 79.40+0.127 81.90+0.087 81.90+0.08
Horse-colic 68.70+£0.56 69.7240.527 63.70£0.05" 69.72+0.527 69.72+0.52
Credit 85.924+0.08 85.80+0.09= 86.12+0.16 85.80£0.09~ 85.80+0.09
Australian 85.70+0.13 85.70+0.047 85.55+0.057 85.70+0.047 85.70+0.04
German 76.37+£1.08 76.58+0.387 75.58=+0.30" 76.58+0.38" 76.58+0.38
Wpbc 79.83+0.61 78.3040.07F 76.38+0.127 77.84£0.077 79.36+0.08
Sonar 79.83+4.76 81.33+0. 51 70.53+0.237 80.73+0.447 80.93£0.63
Anneal 99.11+0. 14 99.46+0.047 98.53+0.12" 99.46+0.047 99.46+£0.04

Average 82.33 82. 34 79.47 82.21 82.43

Win\Tie\ Lose — 1/6/1 7/0/1 2/6/0 —

g% 1, SR A AR R W] YRR AR AR A3 B i TR A B P
BRI 58k TESD 75 fR UEAS BRI 7 48 i 20 28RS A () i ]
DA 25 4 s AT I
4.3 HEMBREMSH

N Tk — AP B AR SCBE R R R M AR SO A T B B
JIE A O Bk i R PEEAT 3BT S

Is|+1s" [ —21sNs"|
[s|+1s"1—1sNs"|

Ho,s fls" RRPIAFRIEF4E .

F& 9 RNFE 10 43 BB H T 10 RRAF £ 0 B R A 4 i 5
# NIFS, Semi-rough-D. NSFS #1 IFSA(IFSD) fi¥ 4 & 1k , H
“Average” KT R AR AR HIE T M- REHEER.

l)T(SvS,):li

% 9 L NIFS,Semi-rough-D, NSFS #l IFSA #YH&E 4 Hr
Table 9 Stability of algorithms NIFS, Semi-rough-D,NSFS and IFSA
B & NIFS  Semi-rough-D  NSFS  IFSA
Hepatitis 0.63 0.50 0.70 0.63
Horse-colic 0.50 0.91 0.50 0.50
Credit 0.57 0.57 0.57 0.57
Australian 0.53 0. 66 0.53 0.53
German 0. 60 0.52 0. 60 0. 60
Wpbc 0.62 0.41 0.26 0.93
Sonar 0. 20 0.50 0. 50 0.66
Anneal 0.68 0.63 0.76 0.78
Average 0.54 0.58 0.55 0.65

M9 iR — AT E R e M A R LUA S, 2 0
FRAEME AT, 1 NIFS, Semi-rough-D, NSFS #1 IFSA 78 8 /N4
4 FR TR E S R R 0. 54,0, 58,0, 55 F1 0. 65, K itk

Bk IFSA A I A fe e e g SR . R, AR 10 By 45 SR vl
DL . 224 I B 509 45 B, A 36 NIFS, Semi-rough-D Al
NSFS, 5% IFSD (¥ fe it w1 0. 08,0. 22 1 0. 14,

210 5% NIFS, Semi-rough-D, NSFS F1 IFSD 1 £4 & P
Table 10  Stability of algorithms NIFS, Semi-rough-D, NSFS
and IFSD
HIEE NIFS  Semi-rough-D  NSFS 1FSD
Hepatitis 0.63 0.60 0.63 0.63
Horse-colic 0.66 0.33 0.25 0.66
Credit 0. 80 0. 80 0.72 0. 80
Australian 0. 80 0. 80 0. 80 0. 80
German 0.91 0.78 0. 80 0.91
Wpbc 0. 60 0.50 0.73 0.68
Sonar 0.27 0.33 0.35 0.63
Anneal 0.71 0.16 0.66 0.90
Average 0.67 0.53 0.61 0.75

Li b S A R R W AR U M IFSA M1 IFSD B H
RS E T .
4.4 HEMEITRIE S H

gt — 20 X AN ) Bk G S 06 45 R HEAT G0 LA, 1R
Friedman Test™" } Nemenyi Test /45 314 56 J5 1 56 UF 55
BRI A R

Friedman Test fEN —FfAE S8 -850 75 6 & M F K
I S0 TR I 3 R PR AR AR 2, Rk e R

- <T—1>xi~2

T(s—1)—XF

X I‘i.s'(erl) (Z:lR’ 4 )
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Hop T Fs 4y B8 SCSG SOHR AR A S 00 B ik i B R R R
i TEAR 532688 oy 25KG BE 45 R 0 - Y HE 216

211 FEE 12 23 %0 T 8 % NIFS, Semi-rough-D, NS-
FS 1 IFSA(IFSD) 78 4r 25 %% C4. 5 A1 SVM | 432K i 45 |t
RS . LSz, T=8,s=4, % 11 fM1£ 12 F
Y HE 4 45 AT B 5075 43 JA R RE 1Y Friedman {f, W13& 13 AN
F 14 o, AREI o — WA (0 Ha=0. 05, B T 13
BAFEAE N 3.027,

2 11 Bk NIFS, Semi-rough-D, NSFS F1 IFSA 43 25K B )

E 34

Table 11  Average ranking of classification accuracies of algorithms
NIFS, Semi-rough-D, NSFS and IFSA
[E3 RN NIFS  Semi-rough-D  NSFS IFSA
A EFEE CL5 2,250 3.625 2.500  1.625
o ERE SVM 1.812 3.750 2.437 2.000

# 12 ¥ NIFS. Semi-rough-D, NSFS I IFSD 43 2585 B 45
17 2 k44
Average ranking of classification accuracies of

Table 12
algorithms NIFS, Semi-rough-D,NSFS and IFSD

M B 48 AR NIFS  Semi-rough-D  NSES  IFSD
AEKE CA5 2,062 3.625 2.625  1.687
XM E SVM 2,062 3.625 2.250  2.062

% 13 ¥ NIFS, Semi-rough-D, NSFS il IFSA 4325 P RERY
Friedman {8
Table 13 Friedman statistics of classification performance of

algorithms NIFS, Semi-rough-D,NSFS, and IFSA

[ R Friedman f& FEHEM(e=0.05)
KM E CL.5 5.873 2 07
o %M E SVM 5.910 o

# 14 H Y NIFS, Semi-rough-D. NSFS #1 IFSD 43 #: B 11
Friedman {4
Table 14 Friedman statistics of classification performance of

algorithms NIFS, Semi-rough-D,NSFS and IFSD

P ik 28 A7 Friedman {& FREEHE(a=0.05)
kM E CL5 5.206 2 07
4 £ A5 E SVM 3.873 o

H13E 13 3R 14 W0, 43 25 PE RE MY Fireman {6 ¥ K F B (5
FEAH 3.027, 7] AR 48 ik . X 3R W A SCHE 9 55 1k TFSA
H1IFSD 7E 4> 2505 (C4. 5,SVMD) | 5 HAB S i 5 5

JEAh . Nemenyi Test af JF — 25 40 87 B A b 45 5500 (0 A %t
PERE B 2 5, Holf B 25 0 3 SOk -

CD,=q, /.s‘(.s‘e;;‘l)

X S, T=8,s=4,a=0.05, ARG FRMHEE
A1 qeo.os) = 2. 569, HET Al 13 CDo.o5) = 1. 658, H1FE 13 F1E
14 BFBHERA B CDoo.os) T 23 il 35 IFSA (IFSD) 5 o Ath Xf
FLAE Y Nemenyi K580 45 R an &l 4 FE 5 fioR, dE 4
AL AE C4.5 F SVM 4326 4% 7, 51 TFSA W 2 L TRk
Semi-rough-D, #ATM, XF T 5 % NIFS Hl NSFS, & A17E 45 2%
R D HARFAEF R EMES, mES Al f, 7 C4. 5 432K
T . Hyk IFSD & # 8 T 5 1% Semi-rough-D. 1ii 7 SVM

AT, B3 NIFS, Semi-rough-D, NSFS Fil IFSD 7643 2565
EELHAATFEEDENESR,

CD CD

4 3 2 43 2
EIFSA L nirs
NIFS L IFSA
Semi-rough-D NSFS  Semi-rough-D NSFS
(a)C4. 5 432 (b)SVM 42K 4%

B4 Bk TFSA 5 H A X L 19 Nemenyi #5025 5
Fig. 4 Comparisons between IFSA and other comparison algorithms

for Nemenyi test

CcD CD

[ —

4 3 2 1 4 3 2 1

L | I] ]
; IFSD ‘:IFSD
NIFS NIFS

NSFS  Semi-rough-D—

Semi-rough-D:

() C4. 5 73K 8%

(b)SVM 43248

5 F: IFSD 5 H A% b7 19 Nemenyi #5025 5
Fig.5 Comparisons between IFSD and other comparison algorithms

for Nemenyi test

LRIE  FEXR AR 4R 2l 25 AR AL Y B o AR A0 IR A Bl
A (A 39 O R 2 438 T 0 1 A7 AT 32 43 PR R AT 4R 30 25
AR B4R BT R S R O T R0 AR AT R AR £
CRRIR B 1 I (W [A] L I 3 S I BT R A 3 45 2R L T
To ik a2 P A5 B ARAT 4R 3 SR L5 R AE IS A AR . R
I B X S AR S TR A B AR IE R A B AR AL A SCIR I T
BT B U IR R ik . B, S A% )
SR g i 1A RO A 3 SR AL 5 AR L TR L AL L
$ T AR b AT 1R S B T R A AR 1 A Bk B 8 R R
PP i SR A R R T AR AR B SRR AR S PR B0k
Pt B VR TE R B AR 20 KT BE A S OL T, RS M T R AR St 45
S B i LTI 1 5 P (0 R s 0 D B (e - £ L 1
FRIC TR A B T X G 5 R AR 7] I 24 A A8 A I, dn e g 25kt
TR EE
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