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Abstract Ensemble learning has attracted wide attention in imbalanced category circumstances such as information re-
trieval,image processing,and biology due to its generalization ability. To improve the performance of classification algo-
rithm on imbalanced data, this paper proposed an ensemble learning algorithm,namely Oversampling Based on Probabi-
lity Distribution— Embedding Feature Selection in Boosting (OBPD-EFSBoost). This algorithm mainly includes three
steps. Firstly, the original data are oversampled based on probability distribution estimation to construct a balanced
dataset. Secondly, when training base classifiers in each round, OBPD-EFSBoost increases the weight of misclassified
samples,and considers the effect of noise feature on classification results,thus filtering the redundant noise feature. Fi-
nally, the eventual ensemble classifier is obtained through weighted voting on different base classifiers. Experimental re-

sults show that the algorithm not only improves the classification accuracy for minority class, but also eliminates the

sensitivity of Boosting to noise features,and it has strong robustness.
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HMERAFENFANER
AR N ) B Y R B <l TR (A Y s TR B
1HB) ZAH 25 5 00 R 2K4% SRR B X B 3 AR AL ES &
BB AR

AR SCLLANZR DU g A A 43 e i o RS R Dk B 40
BB THAIRIEES A B A, GEZERURHIE 7T 5 4L o 2 Rl
R FIW 2 C 5 — A FEARRIEE R ar B a,, BB
W c=arg. maxP, (C=c|A,=a, N NA,=a,), W
BLi (Bt
P.(C=c|lAi=a, N NA,=a,)

:P,(Alzal/\"'/\A/:a/‘C:c‘) _
P.(Ai=a N NA;=a;) P.(C=0

SR P, (C=c) ] KLU ZR 4 e =X (O Al 71453 2] .

2.2

3

count(C=c¢)

P,(C:c'):m D
HEGE DL 37 S B AT A
P.(Ai=a) N NA,=a,;|C=0)
=P,(A=a |A,=a, N NA,=a;,C=c) X
P.(Ay=a,|As=as N NA;=a,;.C=c) X+ X
P.(A,=a,|C=0) (5)
R AE 22 ) AH B Sy, DU AT A
P.(A =a |Ay=a, N NA,=a,,C=0)
=P, (A =a |C=0) (6)
Xt A, A, I E AL, T LIAS R
P.(Ai=a, N+ NA,=a,.C=¢)
=P, (A =a, |C=c)XP,(A;=a,|C=c) X+ X
P.(A;=a,|C=0) )

Hr, Po(Ai=a, |C=o T O Al 5B, 97 45 094l 1 (H

count(C=c¢)

VL4330 ,0 A 1 3R 2 51, Herp — A0 34 AR 1) R
MR RN a1 vass - ya; by =P, (C=0),b, =P, (C=1)=
1=by by =P, (A;=a;|C=0).b, =P, (A, =a,|1C=1), B L
A SR 25 0 AN 1 AR SRR AL =X (9 AN (10)

p=P.(C=1|A =a, /\"'/\A,=a,)=(ﬁp,1)b]/z 9
i=1

¢q=P.(C=0|A, =a, /\'--/\A/:a/):(ﬁlp,<>)l)[)/z (10
Hop 2 R IE— b8 £, X33 9) A1k (10) Bt 0 4
W, A4

logpflogq:_é(logp“flogp,»o)wt(logb,floghu) an

B w0, =log p1 —log pu +b=logh, —logh, - T 1

.
log?=2w,+h (12)
i=1

B2 CL2) FT AT BEAR G 43 2R B b A wo, a2 . DAERAE
P 1 BE 25 I IR — A REAR S I Dy 1, AR 3R DL B 4 26 g A5
Hop /NTF g . AR SR HEH 00 W T w (i=
Lywees 575 w,<<0, Ui BTARRAE ¢ XFAEAS 1Y IE 8 43 2858 T fiE
PR a0 SOF R AE @ N B D00 A A g O 6 43 25 19 AT g 1k £
Ko VA EAFIE AR T HEBR W 75 R AR 03k R AR R AR 4
A B TR AR IEM R . AR PR A B R A R e A
4 I g o AR ey AT — R AN AT LA D 1] (9 R A4 L
A DL A i 1) (4 45 A1 T 4 ik — A 4R T AR 23 2 2 1 o
RN Z e T4 5 5 W53 28 2 1 4 2R 0CR
2.3 OBPD-EFSBoost & j%

OBPD-EFSBoost 4 % & 4 id OBPD-Sampling % % i
FTFREAR G, R 5 454 AdaBoost il Relief 25 1Y 48, 15 5
BRI R A FURRAE AR I R e A TR o 2885, L B e kR
B o Ja SR M AN 4% S5 1k A A 15 B4 A 2 4% . B R AT 38
Pritk A E| AdaBoost 5% iy JUEE , A AU AT LLER 2 AdaBoost 5
2 W P KR AE 5 ) 4 S5 B TR B SR AR B T AdaBoost K i = ) 4R
oft 4l 4 BE AR (1 4 M . OBPD-EFSBoost 232 i 2 1 4n & 2
Fims

FHBEE
HE AR
B BENE
LEXN:.Y:E3 1o
[#gase | [Baase
v v
#HIBHRS | | THE BT
MATHAP B T E
v v
WHEMHEE | (R4 A B £ A
HAWKFAE T 895 | | R b 22 0% 7 2 ad
1%215 BH || A s s
Gibbs# H 4 Mac FHRA || Bk | [ ek
AN SR FHEDAv || FEDA | | FHEDA
RAETH || BETE| | BETE
F, F3 Fr
BN D BOEAER 1 7 7
OBPDH 3% , Mia 28|[Mha X8| [Men kB
C C; Cr
FHHERD ———F—— 7
| IR EE,
M ERS LR
% 2 OBPD-EFSBoost & 1 i 2 ¥l
Fig. 2 Flow chart of OBPD-EFSBoost algorithm




206 ARG I M =

2019 4F

Relief J2 i o 45 i 028 5] i A G PO TH 5945 A f) —
FIRFAE R L . WRFEAR 5 52 IR 48 M AR AiE |
FO /N T 5 () S Bl 48 H A B U 33 B 32 R A X X0 2
IR EAT SR B 5 DM I R O AL 5 S DM 2 e A A AR
. ORI A9 3 H A S a3 PR
d(x; ()M () dCa; () Hi ()

num num

(13

w(j) =w()+

Hh o (DFRRFIEBEAR 2 5 j FFFEEd(AG) B
RRFEAR A FIFEAR B 7255 § 4EBRIE B HE 25, nwom R 7R AR

Relief B75 1217 8% 3 w1, A X T 18 2 45 F 114 53005 75 &
RREAE 22 8] A B ST 0 I3 X M A RLRRAE 1 A B AR L OT R
U, B AR SO SE Relief 55095 09 UL, AR 45 B3 A S AiE X 4%
A3 FEAA (1 52 i R R OR T E RRAE AL R B R AR R R — R A
RT3 Z A0, HEBR DL RRAE , 5 45 BT 6 45 0E T 42 o] LAAE T —
L1 S B = O N 1 S (R Y LK

WES R U R — 1 S B AR AE T M 4
Hdy Co M B C WA IIREAR 2, B 2, WZEIN y, 2
WC X, MRERNC, (2, NHFE Priz,, |y,) —Priz,,
|C, (2, <0 ULHFE TSR Pra, . COR AR £, 8 /R
FH o B B AR AR AR B AUA s )L Z - 2R Pr(a,, [ v,) — Pr(a,, |G,
() >0, W FFAE RS T 1548 F L RE 3 £, MOAUE . FRAE
KU 3 (1) HPr .

w(f,) =w(f,) +Prlx,, | y,) —Prlz,, [C(x,)) (14

TERFAEAUE B 2 2205 5 A S R AE AU Sy B 109 R AT X 4 43
FEAS AR S AR S DRI 0 B3 L 3k B S A 31 R — 48 A REAE
£, FEHEATE D ABHNEMEEF LG -4
W 2eah . e 2 B SR AUS B AL Ay KR .

OBPD-EFSBoost 5.3 i £ 24 BN 5% 2 Fios,

#3% 2 OBPD-EFSBoost
A AT HIIGE DAEES F={{, Lo,y )
il AR AR AR CCO
LR 1A P A REARSE D = (dy ody s ody )
2. WA R AAL T Hy w(d,) =1/NAFAFEAE K wf,)=1/M,F =F,
3.l B AUE AT DI 4R 24 5T B B A R4 288 ¢, = 1D,

.

SYEF LMK

LA R C A RIRE e =~ D

w(x,) o
N x €D.C (x)#y,

131

RIS =

t

B IR AR 3 C. R M0, = log 5

7. FH NSRBI AR AU Sy A . XA d, €D IR C(x) =y, U
w(d,) =w(d,)B.
8. AR (L) TR AL
9. WA w(f,)<<0, W F'={(F'—1,).
10t 4 IR << T.3R [\ 5 35
11 AT B4 LAy 2K 4%
C(X):arg max 2 q

yEY  .C(X)#y
3 S FEMEREEM

TETTHr 73 JE PR RE AN 98 T 20 26 A M ) T A 12 2 3 % =2

KEBEMEM, LT hHl, % 8 R LR R 1 AIRE
FEFE IR A SOR SR D BE E O IE S, ZH3E XN
k.,

1 TR R A O

Table 1 Confusion matrix for two-class problem

WM hE % K f %
SRy IE 2 TP FN
S FP TN
M CATAGFEAR AN
5 1 R (Precision) :

... TP -
Preczszon—TierFP (15
7 4% (Recall) :

_ TP
Re(all—T7P+FN (16)
FERCPE (Specificity) :

TN
Speci ficity= TN +FP 17
F {8 (F-value) :
_ (A+p) Xrecall X precision

Froalue B Xrecall+ precision (18
G ¥J{H (G-mean) :
G-mean = +/recall X speci ficity (19

A R RN IE A B E W 4 28 0 L 4] B 2 R R OR IE
FEREAIE W 73 & 10 58 B T 5 e kM RO B 2R R AR B AE 1
KB SEHRL Y s F-value JE A 2 R A MER N IH MBI E . SH R FE
7~ Recall 5 Precision A1 X} 5 244 , i % B = 1; G-mean [7] B}
KAEPIAFEMERE R IESE NG I a5

R Kl G-mean Fl F-value 1y 43 28 8 1 BE (19 3T 1 18
B o G-mean (1 B A5 2 0R 35 IF 195 28 43 205 B8 F 5 45 00 T 19
SRS BE 0 B KA A IE 2RI A3 RS B 3 e A0 £ 2 43 2K B2
BRI G-mean B, RA 2 P % A = AT G-mean 4 28
1. F-value {B 5 W) 3678 2% 4 32 i SRAB LLAR i

4 LWRIHTESERDN

4.1 HIRE
A B FVP Al AR SO R PR RE L SRR T 8 4 UCT A
S K A R AT I L A L A 2K 550 A 2 B ) k{0, 1)
B £ ANfE Bk 2 o,
#2 SRBIEEFEL

Table 2 Information of experimental datasets
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Tonosphere 34 351 1.79
Credit-g 24 1 000 2.33
Sonar 60 208 1.14
Breat-cancer 9 277 2.42
Segment 19 1 500 6.37
Letter 16 20 000 25
Vowel 13 990 10
Vehicle 18 846 3.25
Yeast 8 1484 28.1
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Table 3 Selected feature information in last round

EEiE S Bt % B AE 7 5
Tonosphere 5.7,13.24.3.8.12.15
Credit-g 2,10,1,4,5,8,3
Sonar 11,10,36,21,12,37,20,45,44,46
Breat-cancer 4,6,5
Segment 10,11,12,17,2,13,14
Letter 11,15,7,14,9,12,16,10
Vowel 5.7,9,4,6
Vehicle 12,11.7,4,13,3.10,1,8,17,18,14,6
Yeast 4,6,3,8,2

2545 4y AR . OBPD-EFSBoost 45§ 1 U8 1 75 45 4 4 1
A Tonosphere, Credit-g, Vehicle 1 Sonar 4 2H % 3% 45 - 75
B — 5 #Y A B, JL T T 4E B0 4R Ok 3L, OBPD-EFSBoost
SR Aok i TU A R P R AE A AR B TE g B W, A LT AdaBoost
B AR SCH BEAEFE AR F-value Al G-mean [ [P 3 & R Ry
8.94% M1 5.29%,

FEULIINYJE , Credit-g B R E Z HEA L LRI AE
M R H A 2 A RHIEAAAEE £ 55 H X A% BUTE W6 26 [H
ANEAG O B TE B vk A7 M RS RRAE 0 52 e R R, TR AT 30
Credit-g F K fH i 22 1) — HEREAE N B , 48 35 4008 4 Credit-gl.,

Tonosphere J&H1| Wi 75 35 15 5 /& & 1E 5 00 £ de 4. 5 — 4
REHIKM S AR REWE B W BRI ES . Jynsg st
55 7l 5 1 K¢ Tonosphere M55 — 4 5 1E M B L B Bl FE A< 4E To-
nospherel ; 47 Tonosphere B MMFEAR TG I —41 0 21 1 2 (8] 49 Bl
HLECVE S 7 1 — 4EAFAE , #4938 FE A 5 Tonosphere2, 3R 4 41 i
T OBPD-EFSBoost fll SMOTEBoost 57 #: £ 1X 5 A5k -
1953 28R

P4 RS R AT A e T R B 0 1 43 SRR X

Table 4 Comparison of two algorithms when noise features exist

. . SMOTEBoost OBPD-EFSBoost
Ut F-value G-mean F-value G-mean
Credit-g 0.5136 0.6582 0.5909 0.7205

Credit-g1 0.5751 0.7000 0.5913 0.7193
Tonosphere  0.8887 0.9075 0.9374 0.9187
Tonospherel ~ 0.8845 0.9144 0.9296 0.9173
Ionosphere2  0.6472 0.6724 0.9381 0.9200

M4 A UUE M ML T Credit-g U4 , SMOTEBoost
TR I I 3 e P RRAE JS B9 Credit-gl A0 K EH R4
$2TL, T WL Boosting 51k Xif it 25 M 7 b AR BIURR . 2 B A I
DA % A 7E Tonosphere2 I, 38 i T #i W 75 4R 1E )5 , W9 A~ 38 A5
35 MM TR, T OBPD-EFSBoost 8 B b 5 — 5 AN 1k 4
AR R T AR AR BE B AT BIAY U1 LA KT R 7R R AE AT SR Y &
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ek, WLEESL00  #2 vl 0, FATT7E Tonosphere2 ¥ 4E I F o)
BN REAEAE S 4 B 22 W 43 A g, i — L IHIE T OB-
PD-EFSBoost 5. i B £ 8 A Al 4

(3) Ho A 92 30 R W

ME 3 FIE 4 W LLAE H, #E Breat-cancer $UH5 4 I, 8 b
F-value 1 G-mean i30T F B, AH L T AdaBoost 5.1 435I
M7 21.24%.10.64% ., 4543 3 Al %0, Breat-cancer fi¢ Ji5 —
BT BEERAE KR 3 4k, B L] B J& i T Breat-cancer 1E R
TRAE R G, TR R AE A BR , 76 AT Z R R IE B R )G, &
F i — S X E A AR B R TR

TE Letter fll Vowel 0¥ % I . F-value fil G-mean ¥ {~48
PREHRB T —4 EF— TR FRATR 7 2 5 0
Recall Fl Specificity f84R7E3 5 #FATX L, W LUK, PIZH
Bl S DURE A B 22 R B L L DR B e 3R T D B A 2R
FER 23 LU 22 8028 40 R BEAE AU . (LR Sk U, 28
KW SMRE— DA HENERE N, B3RS LA, M
Fb T 22 B0 28 Mk 0 R (Specificity) (19 % i . OBPD-EFSBoost
5 Xk /D B2 TE 1 R (Recall) Y $2 FH 72 B 0 &

F 5 LK AR Y A A R AL AR
Table 5 Comparison of recall and specificityon two datasets
B & Bk Recall Speci ficity
Letter SMOTEBoost 0.8727 0.9372
OBPD-EFSBoost  0.9291 0.9315
Vowel SMOTEBoost 0.9135 0.9748
OBPD-EFSBoost  0.9827 0.9413

M 1 B ) &R A% % ., OBPD-EFSBoost H T L
SMOTEBoost BIETES — Bt £ T = Wi i — 300, 72 55 — By
Bt T FRAE PF Al — 300, N 0L 32 17 5 R [b SMOTEBoost 8 %
Koo B2, B FER S 2 AW RRE BT L4 8 I 2414
Iy 450 . Pt OBPD-EFSBoost Bz 1740 %
SMOTEBoost 2 [F] 45 51 i 2% (14, %t F = 48 504 48 Ok U, 38 17

BERIE ARSI T — A 20k AN B8O o 2 RUCR

M B T Bk B A T AR B 4R R D B i
RO A AT RAR R RS L — R B AR A XA
A FVAFAT A A 247 I 2 i i o R P L U 2T — 3 A
TRIPEAS s /e AR WA B R & B 2 26 . %7 ik TR
TR BOHIE 2 23 A1 R 0 /0N TE I G v 2 BT R A AR HEBR
Wi 73 2 28R 14 W8 7 R AIE o {8 A 20 SRR BE IR T 8 I 1 4
Tho R HAE R A e S BRI WA . R BT ) 4R A
AFt X 52 B LA — 52 B S 5
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