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An Improved Criterion for Evaluating the Discernibility of a Feature Subset

XIE Juan-Ying® WU Zhao-Zhong' ZHENG Qing-Quan’ WANG Ming-Zhao"?

Abstract To overcome the deficiencies of the discernibility of feature subsets (DFS) which cannot take into ac-
count the influences from different attribute scales on the discernibility of a feature subset, the generalized DFS,
shorted as GDFS, is proposed in this paper by introducing the coefficient of variation. The GDFS is combined with
four search strategies, including sequential forward search (SFS), sequential backward search (SBS), sequential for-
ward floating search (SFFS) and sequential backward floating search (SBFS) to develop four hybrid feature selec-
tion algorithms. The extreme learning machine (ELM) is adopted as a classification tool to guide feature selection
process. We test the classification capability of the feature subsets detected by GDFS on the datasets from UCI ma-
chine learning repository and on the classic gene expression datasets, and compare the performance of the ELM clas-
sifiers based on the feature subsets by GDFS, DFS and classic feature selection algorithms including Relief, DRJ-
MIM, mRMR, LLE Score, AVC, SVM-RFE, VMInaive, AMID, AMID-DWSFS, CFR, and FSSC-SD respectively.
The statistical significance test is also conducted between GDFS, DFS, Relief, DRIJMIM, mRMR, LLE Score, AVC,
SVM-RFE, VMInaive, AMID, AMID-DWSFS, CFR, and FSSC-SD. Experimental results demonstrate that the pro-
posed GDFS is superior to the original DFS. It can detect the feature subsets with much better capability in classi-
fication performance.
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feature search strategies
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Table 2 The 5-fold cross-validation experimental
results of GDFS+SFS and DFS+SFS algorithms

SETRE R

Data sets H# JFAFAE
GDFS DFS GDFS DFS
iris 4 2.2 3 0.9733 0.9667
thyroid-disease 5 14 1.6 0.9163 0.9070
glass 9 2.4 3.2 0.9346 0.9439
wine 13 3.6 3.6  0.9272 0.8925
Heart Disease 13 2.8 3.4 0.5889 0.5654
WDBC 30 3.4 6.2 0.9227 0.9193
WPBC 33 1.8 2 0.7835 0.7732
dermatology 34 4.6 5 0.7151 0.6938
ionosphere 34 4.4 3 0.9029 0.8717
Handwrite 256 7.4 7.2 0.9657 0.9440
) 43.1 3.4 3.82  0.8630 0.8478

# 3 GDFS+SBS 5 DFS+SBS &M
5-47 28 B iE S 45
Table 3  The 5-fold cross-validation experimental
results of GDFS+SBS and DFS+SBS algorithms

FIEPHHE TR

Data sets # IR RHIE
GDFS DFS GDFS DFS
iris 4 2.6 3.2 0.9867 0.9733
thyroid-disease 5 2.8 3.2 0.9269 0.9070
glass 9 8.2 6.8 0.9580 0.9375
wine 13 12 11.6 0.6855 0.6515
Heart Disease 13 11.8 11.8 0.5490 0.5419
WDBC 30 28 28.8 0.8981 0.8616
WPBC 33 30.8 31.6 0.7785 0.7633
dermatology 34 31 31 0.9443 0.9303
ionosphere 34 31.8 32.2 0.9031 0.8947
Handwrite 256 245 2486 1 0.9936
T 43.1 404 40.88 0.8630 0.8455

(Variational mutual information)*, AMID (AUC
and mutual information dlfference)[”], AMID-
DWSFS (Dynamic weighted SFS using dynamic
AUC and mutual information difference)™, CFR
(Composition of feature relevancy)*!, FSSC-SD
(Feature selection by spectral clustering based on
standard deviation)™! WEFEHIRFETEE /K ELM 73
IR RUERE R Accuracy. B ifE* precision. £t
A3 recalls TEAEZR AR 42 (I FIF3 F-measure.
IE R HER U A F 42 F2-measure””, ROC
(Receiver operating characteristic) Héﬁ?ﬁ a
AUC (Area under and ROC curve) .
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# 4 GDFS+SFFS 5 DFS+SFFS HiZ(H 6 SIGAE A R R R A
5-HTA8 X IRIESL IR 45 R Table 6 Descriptions of gene datasets
Table 4 The 5-fold cross-validation experimental using in experiments
sults of GDF FF DF FFS algorithms
results of GDFS+SFFS and DFS+SFFS algorithms MR BEAL HHE S Bk
EFRRHE e R
Data sets H# JFHFAE HEIT AR Colon 62 2000 2
GDFS DFS GDFS DFS Prostate 102 12625 2
iris 4 2.8 3 0.9867 0.9667 Myeloma 173 12625 2
thyroid-disease 5 2.2 2.2 0.9395 0.9349 Gas2 124 29283 92
glass 9 4.2 44 0.9629 0.9442 SRBCT 83 2308 4
wine 13 4.2 44 0.9261 0.9041 Carcinoma 174 9182 11
Heart Disease 13 4.4 4.8 0.5928 0.5757
WDBC 30 1 114 0.9385 0.9074 preSelePara S ERAE.
wene B 0% 44 0w 07 7 % BE AR IURAE T4 ELM 458 10
dermatology 34 168 174 09522 0.9552 Accuracy. AUC\ recall. precision. F-measure #ll
ionosphere 34 9.6 10.2 09173 0.9231 F2-measure igﬁéﬁ%iﬂ_‘_\‘7 T}"?EII:HE(J GDFS+SFFS
Handwrite 256 42.2 40.8 0.9907 0.9846 ﬁ?ﬁﬁﬁﬁ#ﬁ?ﬁ%% E(J éj\%ﬁléjj Ig/% T E Prostate ﬁ
T 431 1032 103 08992 0.8885 WM AUC. 7£ Gas2 1] recalls 7£ Carcinoma 1]
F2-measure Bk T DFS+SFFS Hik4h, 7£1% 3 4>
# 5 GDFS+SBFS 5 DFS+SBFS R

5-1 58 X e S 45 2R

Table 5 The 5-fold cross-validation experimental

results of GDFS+SBFS and DFS+SBFS algorithms
Data soi LA HILPERFE PR
GDFS DFS GDFS DFS
iris 4 24 2.8 0.98 0.9667
thyroid-disease 5 2.4 2.2 0.9395 0.9209
glass 9 5.4 4 0.8979 0.9490
wine 13 9.2 9.4  0.6519 0.6086
Heart Disease 13 5.4 6.4  0.5757 0.5655
WDBC 30 22.8 24.6  0.8911 0.8893
WPBC 33 246 254 0.7681 0.7319
dermatology 34 28.2 27.2  0.9444 0.9362
ionosphere 34 28.4 26.2 0.9174 0.9087
Handwrite 256 1374 148  0.9938 0.9722
5 43.1 26.62 27.62 0.8560 0.8449

FH T 25 DR O SR P S R B T B, 8 T
/b R AR 36 R R0V (M) I8 AT I TR) R4, S8 SR
F D-score H L2 X3 6 B4 48 247 FRAE Bk
5, BB A AH ISR TURFRIE, 19 3% H im0
(BIERFAE T4, & FIEFEBIEFAIE T4 BT RMIE
HHE. R 7R T GDFS+SFFS 5 R % £ 5 1%
DFS+SFFS. Relief. DRIMIM. mRMR. LLE
Score. AVC, SVM-RFE. VML, ,;,.» AMID. AMID-
DWSFS. CFR K& FSSC-SD ] 5-41 28 X I IF 256
S5O, KA R R ORI A R W HRVER S
% BN Relief HIER UL 484N 3; LLE Score
FEZR N AR 4, RAMBIECN 12; AVC HiE

LR H A 5 DNVPAT FRRR, DLATEH A 3 AN
B HER 6 M FEFR Accuracy. AUC, recall,
precision. F-measure fll F2-measure ¥ T R 15
DFS+SFFS Hi%k. WAL THEMBKRE, 2K
GDFS+SFFS H %R 1 1E Carcinoma 548 1 5F
JEFEE ARG = T (R FERFFE SO £ T) DFS+
SFFS kA, 1E HAR KIS 815 2 1) R AE 1 52 1 A
15 (RFIEE) #A m T DFS+SFFS. Kk, 7] PAii$e
HBRFE 7 4R X 2 FE PR U GDFS T 5 4f
DFS, BEde BB /N H2r 2588 T 50 HRRIET-4E.
AN, FEH ) GDFS+SFFS Sk ik Fe ik 1
K ELM 4328281 precision 1 F2-emeasure 7E
5/6 NI R L, F-measure £ 4/6 (¥
ST Fr X VL, AUC Ml recall 4 5I4E 3/6
F12/6 A S E S BT A R BRI B AR, X
L& 7L VMI, ;. & Colon £ #54E#) AUC. re-
call Il F-measure fIt X tL 5%, AUC Hl recall
{E ¥ N KAE 1, (HIER H F2-measure N 0, 1M
2B AR 1 A 38 A7 R AR 38 % 1HR IR R A
A, Bk CFR 7 Colon H¥s 45 A7 1E 1E £ (1 FFAE
FAEH) ELM 43 285 [ recall 645 N KME 1, H
F2-measure A4 0 [ A) 8, 245 4R 1) 1 SR FEAC
RN IE R ARIE ). Aok, 3R 7 B R4 S
I 4E R RE  GDFS+SFFS H kG FErRHE T4/
DRMERERTA 13 NEE R
PAE g3 dr s 38 H R AE T 4R PR HE U] GD-
FS IR 4G DFS #EW SE 47, Be e £ H AN H 2 28
Ae IS 0F PIREIE T 485 7 4h, GDFS IE#: B FRIE ¥
TR IrHRBE I T HFFLIE FE I Relief. DRIMIM.
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Table 7 The 5-fold cross-validation experimental results of all algorithms on datasets from Table 6

Data sets Bk FFIE% Accuracy AUC recall precision F-measure F2-measure
GDFS+SFFS 5.2 0.7590 0.8925 0.9 0.7 0.78 0.4133
DFS+SFFS 5.4 0.7256 0.78 0.8250 0.6856 0.7352 0.2332
Relief 8 0.7231 0.7575 0.9 0.6291 0.7396 0.16
DRJMIM 13 0.7282 0.7825 0.8750 0.6642 0.7495 0.3250
mRMR 5 0.7602 0.7325 0.85 0.6281 0.7185 0.1578
LLE Score 7 0.7577 0.6563 0.8750 0.6537 0.7431 0.2057
Colon AVC 2 0.7256 0.7207 0.86 0.6439 0.7256 0.2126
SVM-RFE 5 0.7577 0.7588 0.75 0.6273 0.6775 0.3260
VML, 2 0.7423 1 1 0.6462 0.7848 0
AMID 8 0.7436 0.95 0.95 0.6328 0.7581 0
AMID-DWSFS 2 0.8397 0.9875 0.9750 0.6688 0.7895 0.1436
CFR 3 0.7603 0.95 1 0.6462 0.7848 0
FSSC-SD 2 0.7269 0.9750 0.9750 0.6401 0.7721 0
GDFS+SFFS 6.4 0.9305 0.9029 0.8836 0.8836 0.8829 0.8818
DFS+SFFS 6.6 0.9105 0.9349 0.8816 0.8818 0.8529 0.8497
Relief 11 0.93 0.8525 0.8255 0.7824 0.7981 0.79
DRJMIM 9 0.94 0.8629 0.7891 0.8747 0.8216 0.83
mRMR 12 0.9414 0.7895 0.7327 0.7816 0.7520 0.7597
LLE Score 26 0.9119 0.6796 0.7291 0.6582 0.6847 0.6616
Prostate AVC 12 0.9514 0.8144 0.7655 0.7598 0.7592 0.7573
SVM-RFE 22 0.92 0.8453 0.6927 0.8474 0.7567 0.7824
VMI,ive 9 0.9419 0.8605 0.7655 0.7418 0.7481 0.7580
AMID 27 0.9314 0.7929 0.7655 0.7936 0.7690 0.7797
AMID-DWSFS 4 0.9514 0.7251 0.7127 0.7171 0.7011 0.7098
CFR 7 0.9410 0.7840 0.88 0.7430 0.7922 0.7942
FSSC-SD 23 0.9024 0.7796 0.8018 0.8205 0.7892 0.8130
GDFS+SFFS 9.6 0.7974 0.6805 0.8971 0.8230 0.8558 0.5463
DFS+SFFS 9.8 0.7744 0.6296 0.8971 0.8047 0.8474 0.3121
Relief 23 0.8616 0.6453 0.8693 0.8225 0.8415 0.4631
DRJMIM 36 0.8559 0.6210 0.8392 0.7881 0.8124 0.2682
mRMR 12 0.8436 0.6332 0.8095 0.8046 0.8067 0.3539
LLE Score 64 0.8492 0.6169 0.9127 0.7909 0.8461 0.2313
Myeloma AVC 22 0.8329 0.5820 0.8974 0.8098 0.8501 0.3809
SVM-RFE 20 0.8330 0.6270 0.8971 0.7935 0.8416 0.3846
VMI, ive 19 0.8383 0.5639 0.8847 0.7902 0.8331 0.2691
AMID 11 0.8325 0.6743 0.8979 0.8282 0.8603 0.5254
AMID-DWSFS 38 0.8381 0.6233 0.8381 0.8197 0.8249 0.5224
CFR 14 0.8504 0.5931 0.9124 0.8014 0.8523 0.3010
FSSC-SD 15 0.8381 0.6662 0.8754 0.8173 0.8438 0.4992
GDFS+SFFS 7.4 0.9840 0.9704 0.9051 0.9846 0.9412 0.9474
DFS+SFFS 8.4 0.9429 0.9465 0.9064 0.9212 0.9203 0.9018
Gas?2 Relief 4 0.9763 0.9520 0.8577 0.9316 0.8911 0.9005
DRJMIM 19 0.9750 0.9004 0.8192 0.8848 0.8449 0.8584

mRMR 5 0.9756 0.9358 0.8551 0.9131 0.8815 0.8895
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Table 7 The 5-fold cross-validation experimental results of all algorithms on datasets from Table 6 (continued table)

Data sets RS FFAE %L Accuracy AUC recall precision F-measure F2-measure
LLE Score 25 0.9769 0.9312 0.8659 0.8748 0.8449 0.8538
AVC 3 0.9840 0.9073 0.8897 0.9390 0.9122 0.9160
SVM-RFE 18 0.9756 0.9009 0.8205 0.9052 0.8503 0.8716
VMI,ive 10 0.9763 0.9425 0.7372 0.9778 0.8311 0.8778
AMID 16 0.9833 0.9305 0.9205 0.8829 0.8968 0.9013
AMID-DWSFS 2 0.9840 0.9247 0.8359 0.9424 0.8839 0.8977
CFR 10 0.9917 0.9080 0.9013 0.8236 0.8432 0.8434
FSSC-SD 16 0.9596 0.9095 0.8538 0.8758 0.8555 0.8642
GDFS+SFFS 11.6 0.9372 0.9749 0.9567 0.9684 0.9579 0.9573
DFS+SFFS 11.6 0.9034 0.9130 0.9356 0.9449 0.9452 0.9352
Relief 10 0.9631 0.9479 0.9439 0.9589 0.9467 0.9390
DRJMIM 4 0.9389 0.9363 0.9656 0.9511 0.9555 0.9503
mRMR 8 0.9528 0.9479 0.9283 0.9624 0.9275 0.9294
LLE Score 11 0.9271 0.8941 0.9333 0.9332 0.9247 0.9154
SRBOT AVC 8 0.9042 0.9355 0.9139 0.9544 0.9223 0.9183
SVM-RFE 13 0.8421 0.9149 0.9128 0.9385 0.9159 0.8240
VMI, ive 14 0.9409 0.9181 0.9250 0.9429 0.9269 0.9188
AMID 13 0.9387 0.8999 0.9567 0.9335 0.9407 0.9239
AMID-DWSFS 9 0.9167 0.8151 0.8178 0.8516 0.82 0.7466
CFR 8 0.9314 0.6839 0.8994 0.8570 0.8693 0.7150
FSSC-SD 6 0.8806 0.9096 0.9267 0.9422 0.9284 0.9160
GDFS+SFFS 23.4 0.7622 0.9037 0.7872 0.7879 0.7839 0.5570
DFS+SFFS 19.4 0.7469 0.8998 0.7808 0.7869 0.7801 0.6261
Relief 42 0.7351 0.8701 0.7687 0.7785 0.7680 0.5392
DRJMIM 13 0.7757 0.8991 0.6742 0.6621 0.6656 0.4557
mRMR 2 0.8079 0.9188 0.7613 0.7505 0.7533 0.5089
LLE Score 76 0.6682 0.8452 0.6689 0.6702 0.6663 0.4109
Carcinoma. AVC 7 0.7227 0.8746 0.7872 0.7790 0.7796 0.5068
SVM-RFE 30 0.7213 0.87 0.7027 0.6933 0.6929 0.4065
VMI, ive 33 0.7443 0.8784 0.7487 0.7527 0.7441 0.4731
AMID 42 0.7307 0.8878 0.7295 0.7165 0.7194 0.4841
AMID-DWSFS 38 0.7412 0.6231 0.7558 0.7447 0.7457 0.4255
CFR 33 0.7054 0.6216 0.7514 0.74 0.7410 0.5315
FSSC-SD 21 0.7306 0.8716 0.7039 0.7016 0.6992 0.4344

mRMR. LLE Score. AVC. SVM-RFE. VMI,;, o
AMID., AMID-DWSFS. CFR 1 FSSC-SD f ik}
HEFEERI 7 J5hE
4.4  GHEEMHRLE

R TR Y GDFS+SFFS - {iF 1% 38 5 v
5%} ELERIE % 27 Reliefs DRIMIM. mRMRA

LLE Score. AVC., SVM-RFE. VMI, ,;ve~ AMID.
AMID-DWSFS. CFR. FSSC-SD bl K&

DFS+SFFS &% BA gitm L R R E X, K
I Friedman for 46 Sk K6 46 & 503k 2 1] i) 272 57 1001,
£ Friedman 504G 2 092 8] 1 B Z VEA R 2 5,
FIH Nemenyi J& &2 56 >R K I 575 6T 14w &7k
Z ARG E L B R EEAR. RIS Ne-
menyi 5775, FE4TE ST MK o i, 4R
AE—BEXS A B0 2 8] P 24 e B /N T Il 5
B OD, WLLE G 1—a R F /A “PEIETER
HAFEY, SRR (%) BB, WMLV REAFAAE




5 WORAEAE: — R G PRHE 74 X 7 BEAT v U 1303

REVEARF. KAl R CD = go/ M | 3X

LY MATN 73 3 s FAE A BN BHE R, g
Al AR IR S HE TR R E T ELM 4
K451 Accuracy. AUC, recall. precision. F-meas-
ure fil F2-measure 7& a=0.05 i ff) Friedman £33
LR 8 FIs.

HHZE 8 1) Friedma 3045 Km0, & H% Pk
FHIEF2EM ELM 20282811 Accuracys AUC, recall.
precision. F-measure fll F2-measure ¥4I N1 p
fE35/N T 0.05. Bk, AT LAFE 4 TR “& 5
AE e FREVEVERR AR [R]) ™, WU 2% 00 BT IR R A - SR AE
6 MNEERHAR AR F 0 B RRAAE B 2 R

TEA5 FEAFAE W 3 1 2 e 2l | R A Ne-
menyi J&5 Sk 50 Rk — A2 56 IE & O 1 EE
Z R R AR EEAR. M a=0.05 Fik
Ny 13 I, RATERT K g0 = 3.13, HCOD =
gor/ MO AT R CD = 7.4491, W)
AEKFEA 0.95 B, A — 0 SR Lk BRI RS AE
FHEX N ELM 732548 1) Accuracy. AUC, recall.
precision. F-measure fll F2-measure $& A f] Ne-
menyi fr 445 R U 5 fis.

Kl 5(a) 1] Nemenyi fre 25 R 27x, GDFS £
Accuracy fEbr b5 HARX LEVE TR 2 5. ARFT
JAgN, FERHAR AT, R ERECEA
& T VP RRE 742 o PR RE Y. Rk, B 5(a)
MRS 25 R 7R, GDFS 5HAh 12 fxt thH k2
BEfFEETI, 5 DFS MZER&A, HILT DFS
Hik. B 5(b) 1 Nemenyi #5045 R 27k, GDFS
fE AUC #8#5 -5 LLE Score fl CFR HIA{7/E &
FZM:Z% HAMUT LLE Score fl CFR #i%, 5H
fit 10 Fouf bLSIE T W2 2 5, (HAFAEZ R, H GD-
FS e . K 5(c) M Nemenyi 5645 R 2R,
GDFS fE recall #it5 £ 5 SVM-RFE {71 &% %
5, SHABX EETLREE R, HNL LR AT
PLA i GDFS 5 Ath 11 PR IE 5 Bk R 7 22
5, H GDFS ¥gemft, 8T DFS &i%. Kl 5(d)
] Nemenyi #5645 B 7] L, GDFS 7 precision &
#x £5 LLE Score. SVM-RFE Fil CFR SVL {71 i
W 2E%, AT LLE Score. SVM-RFE I CFR

ik, 5HAD O MR LR E E R, HAAE
5, BT DFS, j& 13 PR EE R 5k b R i it
). Bl 5(e) H] Nemenyi friu4h R L7, GDFS 7£ F-
measure $8¥5_ 5 LLE Score fl SVM-RFE H.%: 4%
EREMZSR, HALT LLE Score #l SVM-RFE #
%, S5HAb 10 MR LR EE R, BAEE
5, H GDFS Hae & fh, R T DFS. Kl 5(f) 1 Ne-
menyi fr 36045 R 2R, GDFS 1E F2-measure $8 45
-5 LLE Score. CFR. VMI,,,;,, #1 AMID-DWSFS
FIRAAE R E 2R, HALT LLE Scores VM 500
AMID-DWSFS f1 CFR &%, 5HAth 8 Fixf L&
LR FEES, HAEAEER, H GDFS Mgk,
¥ DFS.

K| 5 %551 Nemenyi £ 56 45 ik iR, b b
#35 DFS. Relief. DRIMIM. mRMR. LLE Score.
AVC. SVM-RFE. VMI,,; o~ AMID. AMID-
DWSFS. CFR #1 FSSC-SD, & 5% 0] A EAESE
HEXEHEEEER. B4, K GDFS T
DFS, REHMEHEG IR L FMWEEHEER, H
5 [1] Nemenyi £ 525 4G, B T recall ¥8¥5,
GDFS 5 DFS A& b =R i KT 2.5, H. re-
call #8¥RIF, GDFS 5 DFS (%5 2 L 2 2 E oK
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IR I 5 02 R 1R 5 2] 7 S 1 RE B U I RRAIE T4, 18
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R FREILPTERHIE T8 ) KAE ST Friedman Kl R

Table 8 The Friedman’s test of the classification capability of feature subsets of all algorithms
Accuracy AUC recall precision F-measure F2-measure
x2 23.4094 27.5527 22.1585 29.2936 26.7608 32.5446
af 12 12 12 12 12 12
P 0.0244 0.0064 0.0358 0.0036 0.0084 0.0011
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UCT HL28 24 > $dl 42 1 & i 3 R BUE 4 1) 5-
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