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An ensemble learning algorithm for feature selection based on solution

to multi-class imbalance data classification
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Abstract: In order to solve the problem of unbalanced multi-classification, a feature selection and AdaBoost
integration method is proposed. First, the data is preprocessed. The WSPSO algorithm is used to select
features, and the initial population is constructed according to the importance of the feature. The initial
algorithm can be carried out along the correct search direction to reduce the influence of incoherent
features. Secondly. the AdaBoost algorithm is more sensitive to sample weights, and the attention to small
samples is enhanced. And using AUCare is used, as the evaluation standard, because compared with other
evaluation criteria, AUCare has the advantage of visualization and is more sensitive to poor AUC. Finally,
compared with several other unbalanced classification algorithms on the unbalanced data set, the algorithm
can effectively deal with the unbalanced multi-classification problem.
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A0 B0 SR M X Y A, R S Bk Ty vk 2 R BE S RORBE. BT, Chawla SFUUVL BT — Fh
SMOTEBoost( synthetic minority over-sampling technique and boost) f{) J7 3% . SMOTE R k:8 1 5 4 il &
12 Boost A& G ISR T XF /NP A (1 56 7 BE 5 AR U0 RS BB T B R BE L e R R 2 ROCR B Y
R B 4 4 A Ak SR 5 ) AdaBoost 553 X6 BT A B B d 4 AT 4y 8 A 5 2013 4F, Krawezyk 2510 i
JH PUSBE(pruned under-sampling balanced ensemble) J5 ¥, 1% 77 ¥ % ia F T FRAE & B 3 K ;2014 4,
Krawczyk 25 42 T CS-MCS(cost-sensitive multiple classifier systems) £ i )7 9% , 18 JHBEML R R KE 454
WA IR SE A R T X, TEARE S AR ECR W e B A EACR RE, SCHERE8 48 R ATy
5 BRTT LLBE TN R FEAR B PR3 BRI AW A 2 TG B 0 S8 X /N ERE A 2 73 1 DG
Gy AR LB AR B s . X, TAO SN 4R T — BB 09 i SR AR B R L % BOR 1 S (B 15 E HE
(RNS) o 2 2k Az il N T/ B B 1 JC 75 52 B 1 A B Sl . 28 i D B s Can SR A i k) 2 5 5
PRy B HE — R R S 2B BIRMA & AN R T E R E AL BAE S b e ] TR
AR .
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i DB 53 A ] R0 [ BRAIL A 2 2 AR AUEL Dietterich B2 2005 8 024 2T 9 A HLER 24 ) 4 KRB 2
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AHTPE R4 T — Bl I AR S A B G V. % VR T DASE TR SR S L AR b e R AR AR 1Y
FKodn AR REACE B 3E N b 2 BB SVM 4328 85 B[R] 5Tk 5 3% AT DAGE 7 A= R[] Y 43 28 4, T
Pz TERE. B, Tao %0 AR W T — Fhopr (9 3 F 55 A1 AN 8 00 ME SR 09 BRI SRR 1 B PLHE R
(ACFSVM) . ZHCERFEA RS2 FN ) R AR SCHF ] 4 348 380 (SVDD) #5881 5019 L 1208 B 46 7 1) 22 Bk
N GRREAAE WA 8] P gEA T I 26 280 T FSVM 24 3 Jir fili A A AL, Xof I s R AR (1 40 38, Tao %51 R H
¥ ke el 2 R 0 e 5 LAHTAR [R) 19 4% 23 8] vh 2 80 IR AS 1 S8 0 A 3 . HAT B 20 2R 38 i R A SE AT 1 i
S I L3 2o 4 R AL AN 43 AR e 5 A A Ol A B AR SR T R /b T MR R R AR R e, ok T e AR 2
A R E R ER R IR T —FE a5 L AdAdaboost, I XA R B AT T ot , & Rt B AL RS 43
. U0E T AdaBoost 5 1R A 3R 14 [ B A5 2 1T HAF ARSI BB 5 Guo YUK AdaBoost. M1 53k 5 RRAE 1
BEE AR AR T T — BB 9 42 B 7 BAK(BPSO-AdaBoost-KNN) , ffi il KNN {4 34325 %% . /5 KNN 11
Bl A S i L A B OB L T AR B re-samplingd B9 75 25 5 Ak B0E SR 5 66 L 1 H AdaBoost. M1 4 X%t
T35 JEAR I BOR i TR A BOR AR L 50 %0, X Ub RS EEN O AR B B ) SPSO(simple particle swarm
optimization) 8 ¥ PEAT ik ¥, 3 5 Zhu 17 SAMME. R iR AS 9 AdaBoost B ¥k M 45 &, 1M T
WSPSO-SAMME.R-DT 5% . HI Ui A - 2 73 26 M. 5 AdaBoost. M1 53 BT AR 9 . SAMME. R fif
FHUCSREA AR g 253 28 8, b B0 76 U 2 A 1 46 2 B (0], B8 IR X0 R 40 28R B SR . O 17 R A1 25 43 28 38 9 AH G
PELSIA T HEHLIL R 7 . (] AUCarea 1 VBB BE 46 AR 54 AR 3 1 FEAR R ALRRIEIE £, $2T T
INEREA R
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AdaBoost FikJE— AN AR FE , 5550 FEA8 002 R R AT Y . #E AdaBoost I YNk A2 b, 2 28 1Y O
W e B B0 L X S FE A REAS | BD 2 YRR A SRR AS . B S I 2Rt 25 I JE T aX BB R R, 3Rl i AR
TRAEAT W) A N G AR 3 Bl AR S S . R A AN o W 0 0 — B L 5 2 i R g A 4 6 B AR AR
FT T B A9 B — 2 55 40 2 88 W T A 55 20 2R A8 I A4 A B — 15 3 2K 2

AdaBoost B35 T —4r25mE, AdaBoost. M1 o] F] F g £ 4325 m 8, {02 AdaBoost. M1 B Rl #
FA IR I RAR R F N T 50%, X —ZR i T4k, 2 BN G R W, BT DL ER L EH E PR Zhu
AU Y SAMME.R JRAS 9 AdaBoost 83 . FEAIR T X 5L 43 25 2% 1 - 7 85 (9 5K L A EL BE ML T s g B
A, [REE A oSS 28 A A 3T A R R X R AR B R AT T T

FEZSB P IR AR At T AR

p () (x) =Prob.(h=Fk | 2),kb=1,",K, [@D)

Horproe MIEARUKE .2 254825 Prob bR B R [ X 38 b A B0 7% A8 45 G X IR) P ARG X0 7 AR, AR A8 A 2%
WE AL 5 L R BRI H 2 B AR AR 133 1 (0, (20

1 K

h(t),(x)=(K —1)(og p(t)k(x)fzz:log p (D (), (2
k=1

w; =w; * exp(— _ yT,log p(z‘)(x,-)j i =1,,m, (3)

Hey=(yany,0’
1, if y==¢k
”{Kll, iy £k
1.2 MHEEEE 21E4F AUCarea

XF T AN a3 28 IRk U, 28l ROC iy 2ok B2 o 73 28 v A A 1 L ROC 2 32 32 35 #AF Re  ih
2k (receiver operating characteristic) , I | ROC #HZE T (1) i Bl (area under the curve) fE b 51k 0 PF A A5 o
HUAH 524wy AUC O 1.0, BEHLAT I 149 73 2648 AUC 29 0.5,

AUC P b METC 1 B3N 5 2 03 6 IR, 5 0 AT 40 R . el Ry 2 R R 7 i o e D —
XI5 2) =X 205k, AT EINEM XS X 2 FO5E S Y=y y. ey} Y RN REURE 192 bR
BAES  E—X—BIr kR TR AP AL S (v, 7)) B AUC H, — XN 2805k, e
SO ZAr KM, Ay, €Y BT vy BFEAE CIESR  FIRMFEA S 738 K5 1HRE LE M AUCHE. i
WG B] —H AUCHH(riaryseor, b oG BCERE . ICAE avg AUCHE R PEREE BEEME . LA E 2 M5
T T B S (B TR A B PR AL . P 2 2 A AUC #AZ A avg AUC BYAE W] BE A AT AT A2 4k
BN, r, R r,to.r;, BHRr,—0,G.)E{1,2,,n)), MAH avgAUC B{EBA A, L E 1T
FEA Y H 1) A

K H Hand D] 2 H ) —Ff LA W] 084k B A0 09 B2 & 46 45 7 % AUCarea, AUCarea 2344 Ir i 1) AUC
AMELER AL bR 2l thok . ani&l 1 Fros , B 6 R 2 = M IB AR 10t — D J2 =23 28 AUCarea B A2 4R R
B0 JfE 2 T S A0 T AR e e A R . AUCarea BIFE AT

AUCareaZ;sin(hj([ir, erj + (r, Xrl)Jy 4)

n

Hr.n  AUC W BEGr AEEXRAE (v y,) GFjH ) AUC BI1HE.
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Fig. 1 Three-category AUCare polar plot
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T B HEAT 20 2R RRAE S PR L AT =2 i A (embedded) (i 385X (filter) A1 E 2 K (wrapper) .
i AR Y SR 2 20 2 F B A ST 2k . AR RCR BT (B2 X T S 8000 150 B 75 2R 1 MR 5
aob 178 2 0 %) S BB R S X A AR 8 R DG P B HICPE HE AT DA HE R AR U T Y B R R R . (HEXHARIEZ
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BT BRI (PSSO, particle swarm optimization) 8, BA 5 Szl Gt i 8 B H B e T ag X
YERYAE S iz TR E SR AL ) @ AE . SCERL 16 JZE3E B PSO B4k 8 5 okL 3% T OC J5 4t 1 187 4k hit
B F R AL (SPSO, simple particle swarm optimization) 2%, 2545 7 3 B 26301, SPSO Wy #E b AR
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Fig. 2 Curve of optimal individual fitness value

SRR AUCarea LA K55 — 8532 B A A5 43 2538 B8 GM(G-Mean) ™ X 85k R 47 9F A o
GM % T

TP
GM = «/TN+FP K/TP+FN’ (10)

Horp TP, FPL.FNL TN 3 36758 /NS IR 23 26 i i, B0 Sy /NS (ELR 092 O 38, T O R HE 52
NIE L RICIERR 0 J B .

x1 HEERER
Table 1 Dataset information

SR S AR B/ AL F B o3 A IR
Balance 625/4 (49/288/288) 5.88
New_thyroid 215/4 (30/35/150) 5.0
Hayes-Roth 132/5 (30/51/51) 1.7
Contraceptive 1437/9 (333/511/629) 1.89
Dermatology 358/34 (20/48/48/60/71/111) 5.55
Thyroid 720/21 (17/37/666) 39.18
Wine 178/13 (48/59/71) 1.48
Glass 214/9 (70/76/17/13/9/29) 8.44
Zoo 101/16 (41/20/5/13/4/8/9) 10.25

Autos 159/25 (2/14/33/32/20/9) 16.5
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HER[ 61710154 H$EH T PUSBE.CS-MCS.BAK % 3, 5 H () WSPSO-SAMME. R-DT # 17 %}
. REC—XF— 7% PUSBE fil CS-MCS ¥ 78 8] 243 25 0] i |, 45 R 32 2.3,

Fz2 4FEER AUCarea E3T b

Table 2 Comparison of AUCarea values of four algorithms

AUCarea
PUSBE CS-MCS BAK WSPSO-SAMME.R-DT
Balance 0.631 0.651 0.792 0.981
New_thyroid 0.975 0.932 0.974 1.000
Hayes-Roth 0.872 0.784 0.767 0.972
Contraceptive 0.544 0.502 0.632 0.596
Dermatology 0.987 0.975 0.931 0.994
Thyroid 0.882 0.921 0.936 0.992
Wine 0.978 0.988 0.905 1.000
Glass 0.858 0.807 0.872 0.887
Zoo 1.000 0.923 1.000 1.000
Autos 0.804 0.832 0.927 0.931
P E 0.853 0.832 0.888 0.935
*3 M#EER GMEI L
Table 3 Comparison of GM values of four algorithms
GM
PUETTE S
PUSBE CS-MCS BAK WSPSO-SAMME.R-DT

Balance 0.861 0.738 0.899 0.971
New_thyroid 0.970 0.939 0.981 1.000
Hayes-Roth 0.887 0.841 0.916 0.916
Contraceptive 0.639 0.614 0.530 0.459
Dermatology 0.997 0.921 0.957 0.991
Thyroid 0.987 0.971 0.931 0.996
Wine 0.989 0.994 0.834 1.000
Glass 0.899 0.865 0.992 0.993
Zoo 1.000 0.948 1.000 1.000
Autos 0.798 0.915 0.945 0.953
S ME 0.903 0.875 0.899 0.928

Wi 2 5 3T UIAEII T 458 80 08 WSPSO-SAMME.R-DT {4 1: RE B A T35 Hifth 3 F 44
WL, L H & 7E New _ thyroid, Wine 5 Zoo #(#& % F, AUCarea 5§ GM W EHHEH T 100%, BT
Contraceptive 33 4E 41, 78 H ALK HE 4 I+, WSPSO-SAMME.R-DT W% &5 F HoAfth 3 Fhdd g, Hrp CS-MCS
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£ AUCarea I F-¥{H R 0.832, t PUSBE ¥R T 2.1%; tb BAK M F(EAR T 5.6 %05 thg iy
WSPSO-SAMME.R-DT #FEBEAR T 10.3% ., i GM {H I CS-MCS B 14 K 0.875, Lt PUSBE ()
PHEML T 2.8% 5 btk BAK B FIMEART 2.4 % 5t H A9 WSPSO-SAMME.R-DT B F¥MEAR T 5.3% . HLt
AT B AR BB A X 4R 25 L ik R R CS-MCS 3L 1 I A7 MR At 3 Fh 3830 — MR AR IE 2 B R, ixX b
TE B T RRAE 35 B8 0] A 850 B T AN 4 22 43 S R) R

R T E X 4 R RE M ORI/ 3 A T 4 M3 IE AUCarea A 19 #B 4 polar Bl FRAEE 3
FEs B o2 o 42 A0 36 PUSBE; 5 (5 2610 38 CS-MCS; # (0 i 28 10 % BAK; 75 (0 4 /L% WSPSO-
SAMME.R-DT., A7 Bl i) i AR5k 2 HEXF W i AUCarea B{E ., ME H ] IFE HF WSPSO-SAMME. R-
DT 7£ Hayes-Roth 5 Balance $4f 42 H 1 B K . B2 WK 35 763X 9 A 8cdiE 42 . WSPSO-SAMME. R-DT f F
HAth 3 3L, #E Dermatology 51k i HE 55 — (U2 52 8088 48 F i f 433 PUSBE Jir /™= A& 119 1] PR AH 22
VER
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Fig. 3 Comparison of AUCarea polar coordinates of four algorithms
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GEAHRME R SEB RS B T WSPSO-SAMME.R-DT &4, 76 10 41 A 29 i 538 45 1 % A< 34 vk
HEAT S, S 6 45 I UE T X B A Bk, WSPSO-SAMME.R-DT ffi ji T WSPSO & ¥ 3 H DX
AUCaredﬁzﬁﬁr”r“{ﬁ A FEE RS . b, AUCarea H ol WAL 00 21, 9F B8 22 19 AUC {5 im0
R, BRI TA SR TR B AR X ) 1 B30 B 00 A7 B0 J2 1 v el L Rk T R R E A B I AR SO
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