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Ensemble Feature Selection Method with Fast Transfer Model

NING Baobin, WANG Shitong”
School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi, Jiangsu 214122, China

Abstract: Compared with the traditional ensemble feature selection methods, the recently-developed ensemble fea-
ture selection with block-regularized m x2 cross-validation (EFSBCV) not only has a variance of the estimator
smaller than that of random m x 2 cross-validation, but also enhances the selection probability of important features
and reduces the selection probability of noise features. However, the adopted linear regression model without the
use of the bias term in EFSBCV may easily lead to underfitting. Moreover, EFSBCV .does not consider the impor-
tance of each feature subset. Aiming at these two problems, an ensemble feature selection:method called EFSFT (en-
semble feature selection method using fast transfer model) is proposed. in this paper. The basic idea is that the base
feature selector in EFSBCV adopts the fast transfer model in this paper, so as to introduce the bias term. EFSFT
transfers 2m subsets of features as the source knowledge, and then recalculates the weight of each _feature subset,
and the linear model fitting ability with the addition of bias terms is better. The results on real-datasets show that
compared with EFSBCYV, the average FP value by.EFSFT reduces up to 58%, proving.that EFSFT has more advan-
tages in removing noise features. In contrast to least-squares support vector machine (LSSVM); the average TP value by
EFSFT increases up to 5%, which clearly indicates the superiority of EFSFT over/.LSSVM in choosing important
features.
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{67352 200 11 000, Hirf p, A (DL, 1UER
TS RRAE 2k PR AR 2 KL %) i 3 7R ok B AR K T
py o p, PHUIEE AN 0.3 51 0.9, 0K 35 4 £k & 2 4F
MEIFAIET Hys,p o WIEBESRATLIEL T Hy s,
R AE , EFSFT 5 EFSBCV T35 1 1% 1% £ 48 2% A
W B A A PR H, AR SRR IEALE
EFSFT 305 P i e ML A R AR 2 R T p, L X FNI
EFSBCV {2 i 4518 — B MR T Ly, AR
SYRFIE  EFSFT HAL I I B AAUNT p, 1T H.
/N T EFSBCV Sk TH A0 i1 i e B E %, b X
(SNR, s, p)=(1.0,4,0.75) T I FFMIE X, , BLICIEPRAE R
4 0.021, EFSBCV 1 i £ % 4y 0,007 , 11 A SCH3 7k
VEPEMER A 00 24 SR A A A 1) B ARRAE AS 5 2 31X 4
A%, Fe N (SNR, s, p) =(0.5,8,0.50) FH B SR 1F X, , EL
SRR N 0.296, J8 T Ly s o HRASCHILITA
Jei B BEREAE R 0,95, 1 X P B4 (1) )5 P4 AT E 2
DL JLFR B8 SRR B AL L REAE 22 18] A 58 AH 5GPk |
FEE AR SNR,

F2XF Ik T EFSFT 5 EFSBCV.7E 20 FiA 7] 45 4
it T 1 000 K & & SL 5 1 TRS F P Hodt n F d 1)
HUE 43 31124 200 1 1 000 5 L 14 3 75 19 i 355 19 e A
{8, NI A (H i Bk B , EFSBCV 58 19 TP Al
{EAE ¥ £ | MPEFSFT 3351 FP I fBEHEE £,
M TP ()5 He4¥ BT, EFSBCV (1) TP (IS4 T EFSFT
TP H 2 & R AH 22 R K 1 A FP G A B R 43
M EFSFT () FP {E &4 T EFSBCV ) FP . AX3C
Pk — 25 I\ 20 B A 6] B0 B & T 07 YA R 4 b7
EFSFT (%) TP SF-#{f 4 3.102, FP ()53 {f 4 0.856,
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Table 1 Comparison of feature selection probabilities between EFSBCV and EFSFT
(SNR,s,p)=(1.0,4,0.75) X,
Algorithm X, X, X, Xy X5 Xy | X X s Xy Xy
P 0.864 0.863 0.902 0.904 0.021 0.021 0.021 0.020 0.020 0.022
EFSBCV 0.997 0.216 0.975 0.986 0.002 0.002 0.007 0.006 0.001 0
EFSFT 0.873 0.893 0.534 0.021 0.001 0.008 0 0.002 0 0.001
Algorithm (SNR,s,p)=(0.5,4,0) X
X Xs Xs2 Xirs Xss Xies Xaos Xsso Xass Xsao
Py 0.692 0.695 0.698 0.698 0.016 0.016 0.016 0.017 0.017 0.016
EFSBCV 0.576 0.896 0.689 0.365 0.001 0.046 0.026 0.031 0.017 0.001
EFSFT 0.961 0.544 0.713 0.009 0 0 0 0 0 0
Algorithm (SNR,s,p)=(1.0,8,0.75) X
X Xs Xs Xie Xs2 Xre Xize Xezg Xiss Xaeo
P 0.444 0.364 0.498 0.603 0.616 0.615 0.618 0.619 0.022 0.022
EFSBCV 0.195 0 0.770 0.974 0.550 0.564 0.873 0.028 0.003 0.002
EFSFT 0.440 0.002 0 0.916 0.659 0.013 0.731 0.342 0.001 0.003
Algorithm (SNR,s,p)=(0.5,8,0.50) X
Xi Xs Xs Xue Xz Xre Xirg Xezg Xso Xez
P 0.296 0.284 0.308 0.325 0.327 0.324 0.325 0.325 0.012 0.012
EFSBCV 0.310 0.882 0.004 0.906 0.424 0.471 0.283 0.317 0.010 0.003
EFSFT 0.950 0.267 0.078 0.387 0.008 0 0.002 0.524 0.003 0.001
32 EFSBCVYHEFSFTIHTP Y5 FP XLt
Table 2 Comparison of TP and FP between EFSBCV and EFSFT
) (SNR,s,p)=(0.5,4,0)  (SNR,s,p)=(0.5,4,0.50) (SNR,s,p)=(0.5,4,0.75)  (SNR,s,p)=(1.0,4,0) (SNR,s,p)=(1.0,4,0.50)
Algorithm TP FP TP FP TP FP TP FP TP FP
EFSBCV 2.964 0.757 2.681 0.892 2.009 0.211 3.271 1.596 3.237 1.021
EFSFT 2.824 0.032 3.000 0.104 1.996 0.098 2.504 0.004 2.692 0.008
Algorithm (SNR,s,p)=(1.0,4,0.75) (SNR,s,p)=(1.0,4,0.90) (SNR,s,p)=(2.0,4,0.50) (SNR,s,p)=(2.0,4,0.75) (SNR,s,p)=(2.0,4,0.90)
TP FP TP FP TP FP TP FP TP FP
EFSBCV 3.001 1.411 2.562 2571 3.578 1.295 3.540 2250 3.020 2.482
EFSFT 2.758 0.820 2.018 0.014 3.942 0.318 3.438 2.006 2.322 1.470
Algorithm (SNR,s,p)=(0.5,8,0) (SNR,s,p)=(0.5,8,0.50) (SNR,s,p)=(0.5,8,0.75)  (SNR,s,p)=(1.0,8,0) (SNR,s,p)=(1.0,8,0.50)
TP FP TP FP TP FP TP FP TP FP
EFSBCV 2.023 1.562 1.768 1.761 2.081 1.825 5.075 0.502 4.012 1.582
EFSFT 2.968 0.028 1.880 0.760 1.732 0.960 4.800 0.014 3.080 0.420
Algorithrn (SNR,s,p)=(1.0,8,0.75) (SNR,s,p)=(1.0,8,0.90) (SNR,s,p)=(2.0,8,0.50) (SNR,s,p)=(2.0,8,0.75) (SNR,s;p)=(2.0,8,0.90)
TP FP TP FP TP FP TP FP TP FP
EFSBCV 4.220 2.263 3.062 1.254 6.483 2.054 5.622 3.045 4.992 3.859
EFSFT 3.810 1.526 2.786 2.946 6.246 0.010 5.442 3.062 4.914 3.374

I EFSBCV 1Y TP V- Y {l 2 3461, FP (V- N FRALT Ly, HORFOE Y EFAE 3 i 450 I ik ) TP
1.71, EFSFT () TP ¥ ¥ i W EFSBCV & ik T 44 I FP Ak 32 7 TP (EAHZE R K IEM T o —
10.4%,1fii FP FY¥IEHMK T 29 49.9% ., NIIZTLE - FRIET FP1H.
(SISt — D EE T AN SR S R REE L 33 BB Ry

Hys,p "THPRFAEE SRR RAN 22 ARG DL T, ik —20 ASCN UCHER 48 F 4 T 5 480 4, Bl g2 1
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K/NINEE 3FT7R , FEASEUM 1 030 F 43 824, FF1E KU
5% 23, Horf B 4 Airfoil & NASA LR % T &
BUALE ) — S50, iz B0die 3 A SC b AT T s
LA s Bias Bdls L PC sk T E /R H AR, B
A WA A AR H A e RN R IR, XK
I A 45 1 £, 55 W 153 < station” 11 “ date” P N 4RAIE , i
FTFRHEAL AL 38 ; PRSA B U5 A2 P 53¢ T b 5t 7E 2010 4%
1A 1H % 2014412 A 31 H Ay PM2.5 {8, 54 4
TR BT T MBS, IF 240 T 58 — A4
FE“NO” , 3 AR AE X6 £ 405 T1 I 2 TE %A%, % *“cbwd”
AT I AN R, AT T g0t K EAT R O TR,
XFPM2.57 X AR HEAT T B B8R, (R A
TEAS 3 A s Wine U8 48 10 5% 1 14 2 1 A 1 A 25
AR O, AR SC Rk T 1 A A X B SR R AT
B #E F1 SC R [11]— 5 ; Concrete B088 4510 5 1 IR e
BB R R N2 R A AT T bR AL B
Fish toxicity j&£3 7 908 4k 27 4 51 1) 6 & 1 (43
AR A5 ) AE ) B s 4, H F B0 XT3 Pimephales
promelas ( B3k % ) 1) 5 i 2t K AR wg i, RO
P AT T hR Ak A0 FH 5 Seoul bike Bd 4 F T 70

#3 HEEL

Table 3 Dataset information

B8R AT EE ARG b AN R A 3 B AT
B, 5 % B 4 4 19 “seasons” “Functioning Day” FlI
“Holiday” 3 /™ F¢ fiE 17 4 5 , K 47 fiF “ Date” 3% Ky %
g1, IR BT T AR e A 3

AR S B 1 R AIE TR R PR R AR R, Ry
T 3 O A R AT R AR S BRI B O, AR LS
HESCHR [LL] 0] > B AR R AT T 4, foff > a4
PN 1000 NFRAE, Horp i R 1 PR RRAEAF A B
WEE AR A0 A o R YR S 56 Bl AL AR A v 8 B 200 A4S
A PAT FRAE BB, A B AR S AT o
1 000K , e J MAE THE T 240 o I A 0 D st 8
R SEAT T B LG I, AR S HERE AR (1 A 1) &
(B R/NHERE , 2 I8 0k 8k (filter) B9 RELARL, T8 26 LA
BOEAT IR I, T3 — M BR300 A A R AE 1 A
o i E BRSNSy, SR
55 SRR RN — 3L

TSRO B S B A AN Z% 4 s, S 5 SR nT
VLA B S0 4R 520 BN IE T ASE 40, 52 56 JIr 45 H 1) &5
W, EFSFT BETE TP PR {EAH 22 A KR oL T, o
— BT FP AR, 2.375%F EFSFT 53k i it ] & 4
FEVEAT T 400, BE A A 458 & EFSFT B3k 1)
I I) 42 2% B L EFSBCV Bk i, I % 4 J8 R T A5
ETEA D BEAE F 1 CPU - 7wt ], K s,

Y —— —
e e L CPU - 4952 17 i 145 19 /2 1 000 4% ) CPU - 1% 17
Bias 7750 23 1] o 1 CPU P24z £ I [B] AT LA Y, EFSFT ik
PRSA 43 824 12 RO S Priz 47 B [A) L EFSBCV K, i — L 1E T
Wine 4898 11 2.3 MW RI S AR B A0 M o 55 A AL 6 0 B S 8 B
Concrete 1030 8 HE 56 U, A SCHR Y EFSFT 55345 EFSBCV &
seoul bike 8760 14 VAR He R S 8 7 T A A M2, 1
Fish toxicity %08 ! I 7R AIE 1A T MR, SR SRAE TP (B RN W] 42 2% P

44 EFSBCV Y3 EFSFT {3090 B 45 T 0% 5 S 5
Table 4 Experimental data of EFSBCV.and EFSFT under real datasets
. EFSBCV EFSFT
HRR TP FP CPU Y [H] /s TP FP CPU I il /s

Airfoil 4.001 1.214 1.042 2.764 0.006 12.949

Bias (x5 it ) 7.996 3.150 2.892 7.826 1928 14.693

Bias (IR i) 4,000 0.809 2.765 4.074 0.252 14.157

PRSA 3.056 1.276 7.162 20942 0.050 18.680

Wine 5.000 1.428 2.998 5.668 1.374 14.086

Concrete 4.068 1.548 1.122 4.006 0.100 13.022

Seoul bike 4.007 1.555 1:940 4.088 0.962 13.706

Fish toxicity 3.612 0.289 0.986 3.266 0 12.825

A4 4.468 1.409 2.613 4.329 0.584 14.265
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Table 5 Experimental data of LSSVM and EFSFT under real datasets
LSSVM EFSFT
FAEE S - N
TP FP CPU i1 /s TP FP CPU i a]/s
Airfoil 2.624 0.025 2.767 2.764 0.006 12.949
Bias (i il ) 7.523 1.531 3.333 7.826 1.928 14.693
Bias (ki) 3.847 0.234 3.265 4.074 0.252 14.157
PRSA 2.886 0.165 7.557 2.942 0.050 18.680
Wine 5.000 1.745 2.397 5.668 1.374 14.086
Concrete 3.868 0.001 2.378 4.006 0.100 13.022
Seoul bike 3.917 0.679 3.169 4,088 0.962 13.706
Fish toxicity 3.124 0.168 2.188 3.266 0 12.825
EHIE 4.099 0.569 3.382 4.329 0.584 14.265

D5 HAE B g B BB T PP BIE T FPAEAR
B TARA LR RRAE AR A v i 49 1F A Jgf 2 e 7
TEATE T i 2R E T2 5, FP A /Y AR 2R B
EFSFT R&AIG T M R AF 19 A SE A% | 3 B EFSFT 75
F B M R R AE T B LA
3.4 Y5 LSSVM Bk X} e g

X LSRR A B A 8E T 5 EFSBCV
HPA L EFSFT 583k — AL AR T FP A, UEIA7E
R BR MR REAE Ty 1 B LU . BT EFSFT A Ak
HE AR JE LSSVM R R ke ik 1), S T B0 iE A SC
PEE VLB AT EFSFT 803k 5 B R 1E v F oe
i LSSVM [ EFSBCV Sk #E AT HL 85, T 2R FH 9 B 4
A8 NOH A3 5 Ay AR IR, SEER 45 R ANE 5 PR .
S ZE R F , 5 LSSVM A FL , EFSFT 5411 FP
HAEMZE A KIS T, TP {425 T 5%, i . CPU
SEHyag A7 i E] a] PLA W, EFSFT 5303k 14 S5 b iz 17 i)
[ LE LSSVM g . 565K F , 5 LSSVMAHLL ,EFSFT
SRR AR U e LR AE )y TR RE SR 4T
35 PRI

T B UE AR SCHE B R AIE 2 R Tk 1Y JE A
PR UL S A A, AR SC L AT T DU ZE % L S, TR 4 R
REAUL S5y, J 9 20 R L SRR AR S o A 2 X I
S A R TR KR BC B O AR AE 5 B HE SRR
TP ( FP){E A, UEW] T EFSFT 8.9% 15 145 EFSBCV
FOLRHAEOT i — LB T FP 9 1H o K5 AE
BSR4 FIOUE T EFSFT AH L& T EFSBCV #E—
SRR T FP BY(E ,IE W] EFSFT 78 25 15 Mt 75 4 4F )y T
BEALH [RIA0 BT T EFSFT 441 1Y i 1) 52 2% 1% v
T EFSBCV, Jf- 7E L B By Brid s T 3L 50 1) CPU ia4 T
I [H] , [A] A EFSFT 531k g & T EFSBCV B ik, i T

EFSFT 3 ik A 780 )2 LSSVM BL B gy ok ik, B s — 4
X} b S 56 2 AN LSSVM SO e, IEBH T EFSFT 7 i 1
TR E T LA

4 Bifh

A SCERXT EFSBCV Ry 2 PEAR A HUAG 15 22 WM A
A1 55 i B IR 9] 8L, 1T L EFSBCV H 424 2m N FAE
T R BB R LR e T4 IR A B IR
ANFRIE A H R R T —Fh A R AE E
)7 7% EFSFT . ¥ lasso Y112k 5 AR R 28 0k 26 P 41 &
YRR ARG A S LSSVM ALY | Az il T b i 5T F% 5
YW P S B B S B RRAE e PR , 48 OB U
G5 A R RHIEALEE |, SEIH EFSBCV A 2k PE 5
TR (1R 15 2 T8 A i L, B R T REAE BB O IR I
fit, A SCH MM T EFSBCV, XA A4 o i
FEAR AU AR by SRR AE BE #5248 A9 EFSFT, S8R5 i 48 50 50
UEH] EFSFT 75 23 55 M 75 ik i o B

BFARSCHENG THIEHE 2, 6 T4 51 T
VB, AT AR B 4320 S B IR — 2 SHERAE e R
FE el sl T — 2 B RRIE R PR S A W S % kit 4T
R R IEE B
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