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Abstract Concept drift and class imbalance in data stream seriously degrade the performance and
stability of the traditional data stream classification algorithms. To solve this issue in binary
classification of data stream, an online G-mean weighted ensemble classification method for
imbalanced data stream with concept drift termed OGUEIL is proposed. It exploits the online update
mechanism of component classifiers’ weights to modify block-based ensemble algorithms, combining
the hybrid resampling and adaptive sliding window algorithm. OGUEIL is based on the ensemble
learning framework that once a new instance reaches, each component classifier in the ensemble and
its weight are correspondingly updated online, and the minority class instance is randomly
oversampled at the same time. Particularly, each component classifier determines its weight according
to the G-mean performance on several recently incoming instances, where G-mean of each component
classifier is calculated based on the time decay factor increment. At the same time, OGUEIL
periodically constructs a balanced dataset according to the data in the current sliding window and
trains a new candidate classifier, then adds it to the ensemble based on specific conditions. The
experimental results on both real-world and synthesized datasets show that the comprehensive

performance of the proposed method outperforms other baseline algorithms.
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o FL9 K )
T 2 51
IEZ i
E% tp fr
e fn tn

3.2 HIE&ENA

SE AL A H] 6 A N TR AR R 2 A S KoHE
BT .

Sine BHE 4 X BIEE LA 2 NEME 2«
oy AR EREUR y=sin(x) 658 1 RIEKZ AT, K
B 2R T O B S BB AR e A IE 28 il 2R ) S )
BebRic Ry 2, e 2 AN AR L A
A3 ) S 77 A = A% Sine FE 4D A 100 000 A4S SE 4
BEBE 20 000 A2 7= A 1 RIE RS, 300 A - i, &
10 Y0 My

Sea i BRI AL AR A 3 A B L H
5 3 ANEME SRR R o) o <<a s LB
HKNIE AWK, 20, TRET 2 A EPE K
SRFEAE N 2 AN B B BUHE 4R 1) Sea, i 3 ROCRFE =4
& NAS Ay NS A 5 (Hg /0 28 S T o A HO W
IR AER 0.05, EEHE T P FEAb S5 898 B T2 0.95,
2RI AR N A 5 2) Sea, 8 5 KR FE P 2
ISP AN P47 2% [ 7 Ry 0.05.

Circle B 4 B AE AR A 2 N EM:
oy 4 DATE R T FE s 4 A A R &L 81 P 10 52
B4y 2R IE B A A B, 36 2 A28 5] AE RS A

o T A B Y 7 R oK 7 AR RS, Circle 8048 S 40
50000 A5, BB 12500 A 241 7= A4 1 IRIEFRS , 2K
Oy A AT, S 10 Vo

Hyper Plane 5 8 % 5l £ A A A 10
A B AE | 38 T % S e e D 3R R P T AR B RS Hyper
Plane, 7% 50 000 /> SE 4] , A - iy 5 [ 72 24 0.05.

Gaussian B85 280 A A 2 A8
P o 38 Jek PR v B A3 B B (B RN T 22 7R AR TR AR S
50 v Ao R 7 A 2 R P A B s % Gaussian,,
R A ER LR 0.05, 88 J5 % i b F+ & 0.95.

Electricity $CH 4 2 B0 4 o 252 80d 46
W T RO A B R R R L T Y 45 312
A ECHE A 8 AR PR 2 2.

Weather 038 £ ZBUEE N E S BEE . B
& DURYETC AN AR IN 50 24K 1 K AUAE B
55 2 0N — K2 A5 T WL A S5 5 v g KR A SR
PO A Al 00 RS i T E Ol 0,05, 43 7% 18 159
S 8 AN B 2 A5

2B TIAREENE L. L8 M
8 M AL — 20 AT 43 S DU R S B 4 Bl AN [F] 3
St DMLEER 19 287 # Bl 4 L A4 Sine, Circle,
Electricity; 2) A BE & B RS 19 28 A - A5 B4 46 H A
A SR AR B B L AL 4G Sea,. s 3) A HEE
B 10 S 0 A1 18 5090 . LA 35 A 1 23 52 W 28 Ak
B 1% O B35 Gaussiang ;4) 7 HE & 19 28500 A
i B W 48 HLAS F- i 5 [ A4S A4S Sea,. » Hyper

Plane,..

Table 2 Description of Datasets
x2 BESEMHER

B GRS Ja 1%L IR by g AP AR
Sine 100000 2 0.1 Abrupt 0.49
Circle 50000 2 0 Gradual 0.50
Electricity 45312 8 0.41
Seay 48780 3 0 Gradual 0.05 Z2fL % 0.95
Gaussiang. 51893 2 0 Gradual 0.05 4L % 0.95
Seaye 100000 3 0 Abrupt 0.05
Hyper Plane,. 50000 10 0 Gradual 0.05
Weather 18159 7 0 0.05

33 BHIH

AT OGUELL 9B p CHEG 25 75 587 Fi 301
A TEME X B 2 G-mean PEREFEAT T 5280, 45 S
% 3 PR

3R 3 B AT AL, S8 p B9 [F I )
OGUEIL ) G-mean % fig 5 M &/, R B p =500 B
1E 8 MR AR AP HEA S L BT L2 OGUEIL
SH p WE N 500.
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Table 3 G-Mean Results of OGUEIL Under Different p Values
%3 7AFE p ETH OGUEIL B G-mean £ R

B ds » =500 p» =750 »=1000 p»=1250 »=1500
Sine 0.8620(1) 0.8592(2) 0.8489(3) 0.8426(4) 0.8401(5)
Circle 0.9736(1) 0.9729(2) 0.9706(3) 0.9699(4) 0.9686(5)
Electricity 0.906 0(1) 0.9027(3) 0.9050(2) 0.8955(4) 0.8923(5)
Weather 0.6642(1) 0.6439(4) 0.6582(2) 0.6588(3) 0.6422(5)
Sea,e 0.8320(2) 0.8150(5) 0.8487(1) 0.8210(4) 0.8273(3)
Gaussiang. 0.9292(3) 0.9313(2) 0.9239(4) 0.9485(1) 0.9243(5)
Seane 0.9609(2) 0.9593(5) 0.9615(1) 0.9603(4) 0.9608(3)
HyperPlane,. 0.8652(1) 0.8564(3) 0.8581(2) 0.8551(4) 0.8554(5)
A 1.5 3.2 2.2 3.5 4.5

T AL R S AL R 15 55 b B AR R HE A7 L B0 /B

34 EWERSW

AT T OGUEIL fUH Al 5 F 7 i 78 b ik
8 LA A L 4y K UMEH 2, G-mean Fl /DA 1]
RGBSR 4~6 FrR. 2K 4 Bl T A TR 8 A
BAREE E A MERR R ZE R R 4 v RLE I H—,
Sine, Circle, Electricity 3 805 £ 6935 50 4 A XF S
flir o B R AT DL U M B R B RR O VR Y M BE
OGUEIL 7E3X 3 M4 s R HEESS 1. %
Bl OGUEIL W] DAAR G- My b $L45 Fh S RUAME 08 A8,
A& OAUE #l DWMIL, —# 45 Al H = 78
HARES AT HEE L, OAUE ¥WHEA 5 1.1
XAFER W OAUE &b B 28 B A - 7 5008 3 Ak 2
RS R 1o T I A 5 vk DR Sk B3O8 O 1Y 268 43 A
A TR i 0 T 228, BIRE — Ak
A 0 i A S0 T Sy 22 285 n LA AR AR AR /R 0 HE
R P 2 S, S BE A B M 2k 2k e
TS5 BT A Gmean BILE 458, G-mean X}

o3 A AR AV i SR S i EC0E B A T AR 4
iR e — AT ik PR R 45 R R : OGUEIL 78 7 4>
BoiE g EOF ¥ HE4 B s DWMIL 2, 1 OAUE
1) G-mean TEAETR 2% . 7F Weather FHZEH 0, (HE
AV R AR R L X 3 BB Y 2 2R R AR AR 4 i /b 2
REAR 22, TR B A A BN A - 1 BIL Y 2%
Gy ke DA SR 51 R 2 2 5. REA J2 & X R F
RO R B 7 s H B Y G-mean PEREAR 22, L2 55
T OAUE, EZ W N B R & B A £ Herb i 2>
25215, 4R )5 il 52 KNN (k-nearest neighbors) i% £&
T 4370 25 S0 - A7 >4 T B30 B i) 28 43 A 3 AL o
RE5 5 22 BIME ARSI e, 2 /028 & &k Ak
BB DI 2 M 2 B R S, ™ 5
Ji % G-mean HERE. DA MR ML R N 6 iR,
OGUEIL Fl DWMIL 7Y HE 4 51565 1, 550 Hi
TE Sine, Circle, Electricity X 3 /~2& 43 1 AH X} S 5
MECHE 4 I, OGUEIL 1 2> 25 4 [nl & & F DWMIL,

Table 4 Accuracy Results of All Datasets
F4 FAHESEENERELER

YGRS OGUEIL OAUE DWMIL 00B LPN REA
Sine 0.8620(1) 0.8341(3) 0.8456(2) 0.5925(5) 0.7189(4) 0.5694(6)
Circle 0.9736(1) 0.9588(2) 0.926 2(3) 0.900 8(5) 0.906 8(4) 0.6931(6)

Electricity 0.9060(1) 0.8358(2) 0.7609(5) 0.7686(3) 0.7649(4) 0.7347(6)

Weather 0.6807(6) 0.9522(1) 0.6865(5) 0.9359(2) 0.8635(4) 0.9231(3)

Sedtye 0.9142(3) 0.9844(1) 0.7726(5) 0.8471(4) 0.916 8(2) 0.6639(6)

Gaussiang. 0.9755(2) 0.9971(1) 0.8896(4) 0.9285(3) 0.5667(5) 0.0570(6)

Seaye 0.9809(3) 0.9862(1) 0.946 5(6) 0.9684(4) 0.9619(5) 0.9843(2)

Hyper Planey, 0.9217(2) 0.9719(1) 0.8315(5) 0.8984(3) 0.8834(4) 0.8020(6)
T 2.3 1.5 3.6 4 5.1

T ORI R B (1 45 5 T B AR 4 RO U BT
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Table 5 G-Mean Results of All Datasets
K5 FMEHEEL Gmean FR

pEIE S OGUEIL OAUE DWMIL 0OOB LPN REA
Sine 0.8620(1) 0.8341(3) 0.8455(2) 0.596 5(6) 0.717 4(4) 0.5693(5)
Circle 0.9736(1) 0.9586(2) 0.9252(3) 0.9007(5) 0.905 4(4) 0.6670(6)
Electricity 0.9062(1) 0.8231(2) 0.750 3(4) 0.7591(3) 0.7447(5) 0.6493(6)
Weather 0.6642(2) 0.0000(6) 0.7113(D) 0.3115(5) 0.5740(3) 0.4151(4)
Sea,. 0.8320(1) 0.400 8(6) 0.807 6(3) 0.8114(2) 0.764 8(4) 0.7575(5)
Gaussiang. 0.9292(1) 0.8346(4) 0.9097(2) 0.8428(3) 0.7276(5) 0.2105(6)
Sedne 0.9609(1) 0.8461(6) 0.9524(2) 0.9280(4) 0.936 2(3) 0.8983(5)
Hyper Plane,. 0.8652(1) 0.7130(4) 0.8232(2) 0.6701(5) 0.796 5(3) 0.6112(6)

S HES 1.1 4.1 4.1 3.8 5.3

T I IR R B L1 46 5 th 8 E AR R 4 L BN
Table 6 Minority Class Recall Results of All Datasets
*6 FEHEELVXRBEELER

YGRS OGUEIL OAUE DWMIL 00OB LPN REA
Sine 0.8614(1) 0.8337(3) 0.8440(2) 0.6108(5) 0.7321(4) 0.5805(6)
Circle 0.9840(1) 0.9790(2) 0.8854(4) 0.9198(3) 0.8580(5) 0.504 9(6)
Electricity 0.9072(1) 0.7593(2) 0.696 7(4) 0.706 0(3) 0.6549(5) 0.4453(6)
Weather 0.646 4(2) 0.0000(6) 0.740 0C1) 0.099 2(5) 0.3711(3) 0.1794(4)
Sed,e 0.756 7(4) 0.1613(6) 0.8455(2) 0.7730(3) 0.6354(5) 0.8677(1)
Gaussiang. 0.8848(3) 0.696 9(6) 0.934 6(2) 0.7788(5) 0.9636(1) 0.8788(4)
Sean. 0.9494(2) 0.716 1(6) 0.9588(1) 0.8895(4) 0.9105(3) 0.8132(5)
Hyper Plane,, 0.806 9(2) 0.5105(4) 0.8343(D) 0.4884(5) 0.7110(3) 0.4555(6)

2 k4 2 4.3 4.1 3.6 4.7

T AL R R L AE 45 5 P B AR HE A BT Mg

T AET T 19 2 43 A AN F- 7 $icdis % | OGUEIL 1y 7>
KA FML T DWMIL. 45 & % 4.5, OGUEIL & #fE
MR M G-mean I 1R H YT DWMIL, £ ¥
OGUEIL 74 F5 /0 2 PE a0y [ B ¥ AT 3 24 4% 2
KIPERE . 7E 2 D B ERE IR B T B T4

Kl 14 Sine $¥i4E A B 5008 42 2K 4
A7 P A5 4R, 1T DL & A4S TR AE HE B R . G-mean I
DA 1 PR RE AR A S B AR —F LB 1) 1Y
WERR R 25 5 R ], o] LAAS 3 LR I 25 5 . 1) OGUEIL
) HEf 2 B =5 OAUE #il DWMIL R 2 . REA fi4 i fff
F A%, % B OGUEIL, OAUE fl DWMIL 1Y $% 5t #E
RS fE )1 A5, 2) Sine B 4 A bR 4 T B HE 1Y
20 0 o 38 28 I 43 FSRIN 77 A — IR 5 A8 TUAE R VR R
OGUEIL,OAUE, DWMIL 3% 5 i &5 /]y , i i 8 4%
iR B 5 kK &2, Horf OGUEIL 15 28 T2 1Y 18 46
FEOB AN AE SO ABHIL I, K 2B R S TSR T AT AR
Ay i B LR A, $5 56 56 BUBME A& 1 2% 2,

KL% I3 LPN,OOB,REA 32 #f & 5 5 5%
M 7= 5, S HJE REALMER R E TREE 0.5 A1,
X EZH O REA i3 01 40 28 2% J0 1 8 =t 37,
B2 A AL Gl /D B B3 43 2 0 Y TR B 3 3 AR T
Fo sl 76 IHAE S DI 2R A Rk B 03 43 S 45 B AN fig 1
St BT AN BT O, A T ™ B 52 e M B LPN
REA Z50L, FirAg B 5% 43 2 25 . JC ¥k 14 007, 4
AR, B AT Y UK AL F AT AR i A PL ] LPN
RS DL 43 2 AR 6 43 25 M e R A EE A, 23 fi
sigmoid PR B 7E 4 1 B H B b M Be A I & Bt
A B0 B 1 P RE A, AT AR b B TH AE A X
UG ORI (4 5 ) [R] B R B HE A B0 A e R
(10 B8 55 T B AL 2 28 28 5 12 B 40 2 248 1 A B B )
BEE B R 0, T8 B TR e 2 R ORI A7 T RE I 0 b
PRHE &R 19 BE 138 T REA. OOB B A7 in AL HL
FIRE A 43 A8 VR UKL L AP B 00 B 01 o RS FE R
JEA T M AL B A o 7 4 B % 18 3 N T Y
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Fig. 1 Experimental results on the Sine dataset
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Fig. 2 Experimental results on the Hyper Plane,.

dataset
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DWMIL {57 — 26, J A7 7 #5428 1 v ag i
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Fig. 3 Experimental results on the Sea,. dataset
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Fig. 4 Experimental results on the Gaussian,. dataset
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R b A5 480 FE B R = . DWMIL F1 LPN
B AT )BT A O L FR D Sy AR Al
H 5 T A AL B3 2 2 A 1) B o SRR R B
BT ) B B3 43 25 4% AN i DWMIL B 4 A A 70 Ay
SRR, LPN WA X B R LPN Y AR 23 Bl
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Table 7 Comparison of Running Time

F7 BEfTREXTEE s

YGRS OGUEIL OAUE DWMIL 00B LPN REA
Kt 4 OGUEIL OAUE DWMIL 00B LPN REA
Sine 433.8(3) 221.9(2) 779.0(5) 107.1(1) 1456(6) 604.9(4)
Circle 179.3(3) 103.9(2) 433.3(5) 60.4(1) 435.5(6) 184.7(4)
Electricity 360.8(5) 185.6(3) 243.5(4) 128.1(1) 421.3(6) 155.8(2)
Weather 33.8(4) 23.9(3) 35.2(5) 19.9(2) 35.3(6) 5.5(D)
Seae 174.7(4) 78.7(3) 293.6(5) 47.94(D 325.2(6) 66.5(2)
Gaussiange 108.7(4) 78.3(2) 703.9(6) 43.62(D 392.2(5) 80.7(3)
Seape 377.7(3) 308.7(2) 1891(5) 157.6(1) 1927(6) 398.5(4)
Hyper Plane,. 523.1(6) 209.3(3) 313.8(4) 128.6(2) 427.9(5) 92.7(1)

-1 HE 44 4 2.5 1.2 5.7 2.6
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