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Active Learning Method for Imbalanced Concept Drift Data Stream

LI Yan-Hong"? WANG Tian-Tian"? WANG Su-Ge"? LI De-Yu"?

Abstract Data stream classification researchs how to provide more reliable data-driven prediction models in open
and dynamic environment. The key is how to detect and adapt to concept drift from continuously changing data
stream that arrive in real-time. Currently, in order to detect concept drift and update classification models, data
stream classification methods usually assume that the labels of all samples are known, which is unrealistic in real
scenarios. Additionally, real data stream may exhibit a high and constantly changing class imbalance ratios, further
increasing the complexity of the data stream classification task. In this paper, we propose an active learning meth-
od for imbalanced concept drift data stream (ALM-ICDDS). Firstly, we define a sample prediction certainty meas-
ure based on multiple prediction probabilities and propose an adaptive adjustment method for the margin threshold
matrix, which makes the label query strategy suitable for imbalanced data stream with a number of categories.
Then, we propose a sample replacement strategy based on memory strength, which saves the samples that are diffi-
cult-to-distinguish, minority class and represent the current data distribution in the memory window, and improves
the classification performance of new base classifier. Finally, we define the importance evaluation and update meth-
od of base classifier based on classification accuracy, which realizes the ensemble classifier update after drift. Com-
parative experiments on seven synthetic data streams and three real data streams show that the active learning
method for imbalance concept drift data stream is better than six concept drift data stream learning methods in
classification performance.
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IR AT TR VR B, e A 8 110 5 85 3o R X
NGNS, WL, AR SCHE H B R G328 S T AL S
FFAS [ 2R 2 (M A Ve A

BURHER

IR A H — b AT 7 N R A B L ) T Bl
21771 ALM-ICDDS, Z 5 A FE 0 a4 o B RTAE

3.4

2ep BB, i 1 Fs. AERTRART B, 18 R
BB S MREAUNZR D A5 73 58 85 1) AT 46 5 B
7R B, FIRREX S A FI S BR A ABREE
BENE O LW . 2 S Boh BAE AR R i

CIZE e BES ISR R R SRAs B Y
MES.

1) bR, IR AR B X E BIR A
xy BEAT TIN5 SR 40 0T A 7535 A2 TR A 2 2 1) SRS
i 2 ) ARV ZFEAS, 75 DK 0 25 54
FEARRES, 2K B REETIN T —AREA, %
FRFEHANSE N E O LW, B 24w BE R
FRAPHT E 2 fi S AR A A Tl &5 SR AN S AS - i
FU R 3 N R0 2 R AR M.

2) 1CAZ T D GEdr . XT38 250 B B SEAR B A
Ko, BHEREAWZFEAZENRE S, HERE
RO AR LT — e, 5 W7 EE A 2
MM ez E R SR EHeiZE 0 Mw il
x; [ RFEAR o B “RZ7 IRBU, B G — IR«
127 2 7y P EACAZERE S(2); BT RM 2 B
A2 58 B F AR IFEA (B CAZ T O A oy RS
BARIEEH] S, WEBHFEAR 2, )22 BAEN
CIZE O MW ).

3) MES AR, 2 T IR A AR 2 A SR
FE AT ) B B SEAR2E i, A PR A V5 8 A N ARk
ADWIN Al i i A A2 75k AE LSS, 45 R 2B
MBS ) B B B o3 2R 2% A WMSE I AEAS o, BE
eIy N Hoeffding B, 4R )5 4k S0 K —
AMEA. FHT Hoeffding 4R H B T0T 18]~ Tl BY 4% 1
7730, EAR A o X 2 i ) G HE B IR
FO R, AR 2 T8 Bl an e B A 0 2 JE 1k,
T SR 2 5o RS 1) 53 SRS B v T O 24T, TR
HAT 3, BWASZE. ADWIN HiEE T HAMH
AR F 11 F P00 I i 26 1) 22 e R SR A U MR U
Fo. BAMEEARRE N HAHE O W ARSI
BRI, A 5RO REA TN R AR DR AT 1, R IR
170 (AR ST ARAF 7 1 B AR 25 (PR A 10 T 175 0 ) ;
WIERETIREGE L EHEE O W rI#E S, B E
O W B AST8 1 Wo MWy, FEEE W F1 T,
TOOM IEAfR 2 1) 2 . AR 2 7 KT A ecue, WHIAK

BT -6 MR EMSER, MFFRIBK T
W Wo, BN EDBA L -6 B A8
RS BE e HE TN

. 1 1 1 4(%0 =+ TL1)
€cut = \/2 (no + ’n,1> X In 5 (10)
Hrr, ng ATE B Wo IR, ng AT EE Wy R
NBABFES € (0, 1), FEA S, § W E N 0.002,
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Fig.1

W W, T8 E Wo AWy 5K /NEE R I FE o 2
BRI,

4) ER AT MBS S,
Je R FACAZ @ O MW A R A I SR 2 4 2K 8
Chew, SRIEIRIE (9) T IHIL > K28 EEM: I
Jo {8 BT 2k 53 SR AR Crew B 40 B8 B S5 /NI IH JE 43

i,

35 EBAMGKE
AHGHAEFEMSER R ¥ A
7% ALM-ICDDS. £ T FEA T 1€ 1 1) AR 25 25 ify
(Label query based on sample prediction cer-
tainty, LQ-SPC) HykF1FE T 1o 1258 B [P FE A #6
(Sample replace based on memory strength, SR-
MS) Fk RS,

%% 1. ALM-ICDDS

W B DS, CAAEMFEAL p, CEMPRE IR

Algorithm framework

KEm, BRI B, WA SH 8, BENLIEFELLE o, FR250
EE LWIS), EBMERFE M, 1A12% B MW [k][Sm].
M. R KE BN o ITRINGE R
1) AEREY] S MERMEYIIRER K E

2) Wifitkp=0, m=0;

3) while (BIIE—"MHIFEA z;) do

4) p++

5) it EXf a; BTSSR Plyc, |2:), 1<) <k
6) labelling = False;

7) if (m/p < B) then

8) AW ABEHIAEC 0SS

9) if (¢ <e) then

10 labelling = True;

N w; WIS y, ¥ y AN LW
else if (LQ-SPC (z; )) then

labelling = True;

A w; W ESERRZE y, I8 Null AN LW
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15) else 13) Ao ++;
16) ¥ Null £ LW 14) MinDis(z) = Dis(z;, z);
17)  end if; 15) end if;
18) end if; 16) AR (5) T S(x);
19) if (labelling == True and y € {y1, y2, -+, yx}) then 17)  end for;
20)  m++; 18) U z; SFEIZEFEARMER/NER MinDis(z;);
21)  SR-MS (= ); 19)  H oz B4 MW RIZEACAZ50E S/ NRRE A
22)  drifting= ADWIN (z;); 20) end if.
23) if (drifting == True) then 3.6 SIES
24) ﬁﬁﬁ MW PR Coew;
25) MR (9) EHEAEEA AL O [ E B, T AR SR B L ALM-ICDDS #H TR
26) I Criew B 45 B8 B4 B /N BE 2 28 REERI AT, T WIS oy K48 E R AR E+
27)  else B R T BEALARAR L, R H o B 7R 46 2 ST B
98) M a MRS K O BATEH ISR
29) end if: RBCEHRR DS EEARNECN N FRid A B,
30) end if; WL 53 2848 B S0 B A A A4 Tl ¢y isf 1) 55 2%
31) AL TR — AR JE N O(D - Nlog N, Fr& 2 535k (1 18] 52 4% 5
32) end while. O(N), FEARE: W EVE RO ) 2 2 N O(N - B-Sp),

Hi%2.LQ-SPC

I, B EAREAR ;.

1. bool € {True, False}.

) MR (1) TEREA 2 (W E MR D(a);

—_

2) if (D(z;) < Mle1, c2, -+, cn,)) then

3) return True;

4) if (y == yc, ) then

5) MRHE (4) THREA AL imbY
6) R (3) PAERHE P R A

7) end if;

8) else

9) return False;

10) end if.

&% 3. SR-MS

N, BrBAREAR ;.

. BOEEZE O Mw.

1) W A, =0, 70, = ti, BB (7) HE F(20);

2) if (MW 5 z; FEFEAML < Sm) then

3) KRR o BB EBAN MW H;

4) if (MW Y5 z; [FZEFEAANE == 0) then

5) WA MinDis(z;) = oo;

6) else

7) T 2 5 RPN B/NEE MinDis(a;);
8)  endif;

9) else

10)  for (MW 5 z; FIEHME—MEAE 2) do

11) if (Dis(z;, ©) < MinDis(z) ) then

Te =t}

Rl AE 22 2] I TR SR % B2 O(D - Nlog N + N+
N-B-Sp).

FELR 5 I B e A A BE AE R M. B3R %%
WENE O LWS,) AHEIZE O MWK][S,), Bk
R R IE N O(k™ + S + k- S,).

4 SKIRLERFS

SR IRERIRIE

ARSI N Window10, AL 284 Intel
Core i7-7700 3.60 GHz, WA¥ 16 GB, JF K #H 4 1#
H IntelliJ IDEA (Community Edition), T SZ56
BT RIBAE L 53 P & MOA (Massive on-
line analysis)!"” S

SEIGAS 11 A RT3 AN L SEER R,
IR AL AR 1 132 2 FoR (38 2 i 4 M3
P F 10 B AR SC R S350 AN [R] R B 2 B8 78 4
PR ME ). &S EdER DS, DS,, DS; ~ DSy,
BRI DS, A1 DS, A4 b 2 [ 5E (1
P BRI, DSs A1 DS A4 b 2 1] 28 (1
Pl B A, HAEZE 200 000 AMEAS AL AT 1
bk A AR, BdE DS,, DS,, DSg, DS, Hrisin
5% H5EH SN 3 ML SR, Hidh 2 1 RS 3
PO BRI SIER, 8 2 WO R SIER,
I DSy ~ DSy AN 1 MRS EERE, 530 R
AR R, EH A A B RURR T AL SR SR
H MOA “F & i EdE 4L g8 RandomRBF A4
SR A L A ConceptDriftStream i R AF Y
A & R SR R, BRI

4.1
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F 1 BIERAFHE
Table 1  Data stream feature
%' HdEm AR RHAEL FI % Fo3Aii 5 1 (%) R IREL
1 DS, 400000 25 15 BN 0 0
2 DS, 400000 25 15 FPA 5 3
3 DS; 400000 25 15 (1/1/1/1/1/1/1/1/1/1/2/2/3/3/5) 0 0
4 DS, 400000 25 15 (1/1/1/1/1/1/1/1/1/1/2/2/3/3/5) 5 3
s DS, 100000 o5 5 (1/1/1/1/1/1/1/1/1/1/2/2/3/3/5), 0 0
(2/2/3/3/5/1/1/1/1/1/1/1/1/1/1)
6 DS, 100000 o 5 (L/1/1/1/1/1/1/1/1/1/2/2/3/3/5), 5 5
(2/2/3/3/5/1/1/1/1/1/1/1/1/1/1)
7 DS; 400000 25 50 FP1 5 3
8 Kddcup99 10% 494000 42 23 — — —
9 Shuttle 570000 10 7 — — —
10 PokerHand 830000 10 10 — — —
#2 SRR RURE
Table 2 Concept drift data stream feature
%5 Hdim SRR FEAHL RHESL FaE A
1 DSg RARTY 400000 25 15 1
2 DS, G =Rt 400000 25 15 1
3 DSy R 400000 25 15 10000
4 DSy B 400000 25 15 10000

RandomRBF XJ F:EE KK, I ERRE R ik
PR AE 9 B R g o0 A BV BRI (A SRR
ANTE I, e E R I ) o A AN AR R], ATV RS
BTG BRI ) ; 28518 ConceptDrift-
Stream H4 A [\ 504 (I EHR R AT RERL, B2 T4 20

PRIR RAZ RN A%, B T S RS AE — BN )
P FH 5 5080 2 A 3 BT il 20 A 1, AR S0 7
RandomRBF A& A [F] 9 A1 24 it () 26tk E 4 5 o6y
KR X P Ah 2R T R SRS AL AT S B TR
AN 53 39 79 50 1 100, 5738 R4 A0 2 55 A 2
EAR L BCE 1, W8 R RZ W T A v
BE N 10000, 3 ALK ORI T AT Al 4R
UCIs (University of California at Irvine), ¥ 8%
AR, HMS TR 1SR HE A2 R
R

4.2  ALM-ICDDS E:XH 9 M TN

N AR ) ALM-ICDDS #3278 7 4
B RREEERA 3 AR LS 6 MR I
SV AT A R REXT L, 6 FPARVE LS 3 FhilE B 2

>]53% (LB, BOLE fil ARFRE) #1 3 #f £ 3% 5]
#9% (CALMID, OALM-IDS #l ALM-ICDDS-E),
Hr FE3)2 ) H3% ALM-ICDDS-E /26 ALM-ICDDS
SRV TP AR A YU S 1 P R e N T A I B
JE1F R EE. R A SO - AE I (P) . H R
(R)~ F11H. Kappa Z#(fl ROC (Receiver operat-
ing characteristic) fZE/ENIPANFRPR. BT A HIEAE
6] — B0 b S a6 45 SR B 10 YRSEEE 1S 241
AR SEEG IR P, B 5923548 FH 4R Al o)
Fas, B E 11 N2, B ARFRE ByA{#
F HH#y38& i) ARFHoeffding BHE A FE 72588 2 41,
HA B I918 F Hoeffding A NHE4» 588 4 Fh
B2 S HRR TR B YW E N 20%. CALMID
AT OALM-IDS Sy bR 28 RFE A I 20 B 11 1 K1
#% E N 500, ALM-ICDDS-E il ALM-ICDDS %
AR BT L LW KN S BB N 500, 1812
H MW g RFEARAFAEANELS,, WE N 100. £Z56
2 R RE B PR RE AN A [B) 5T 2% B 100 % R (B IR 4 40
ng B2 BE 3, 43 BIKH L ZCHE I AR REAS I 2R N T
T 10 830K 10 B oL, BENLIE LR c BN
0.1, WIS H B &E N 0.8, WL FE TRV
GAE 0o BEE N 0.75, 14 BIE R FE & N A5 S5
o WEN 0.1. 250 n FEA TN 2 M FE & B il
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(T2 2 H  JE I o () BT B U 40 REI s, JCHAR RN B 2 B & R
KR RIS, 45 AT B i) B 7, B DS, FlE SZHE R Kddeup99  10% AR 34 5 i
W5 W 4.4 7 . 7F DS, B - P {HA Kappa &£tk OALM-
2, 2< k<10 IDS HE73 5 3.16% A1 3.48%, {E Kddcup99  10%
noJ3 10 < k <20 (1) HURLE P OALM-IDS 57 3.67%. MU
WEJ P & R DS, E, ALM-ICDDS 3% P {f A1
’ Kappa Rt ARFRE B&{K, 4> 5K 0.13% F1
W Fh 525 5] Hk CALMID. OALM-IDS Al 0.05%, X2 H T ARFRE J& B % 31 5k, e 8k
AR ALM-ICDDS 7848 2 =) By BL (1) %% ) PAT IR T R A T E AR AR RS B
HHRE A O(K +w +ws )~ O(k? +w +ws ) M 4 F15% 5 AT 40, ALM-ICDDS $EfERTG
FLO(k™ + S, +k- Sy ), FA w Flws 735 bR % AR B R AN FLAE AL T HAh 0 B R, R
WEE O SRR Eh & AN, AT W24 5 i FEAE R AR 2 A4 U (DS7+ Kddcup99
FEA IS BT 10 B, A SR b 2 B E 46 10%) LA, 78 DS; ¥R L R fF11E
R ) 2% [A) P45 Eb CALMID A OALM-IDS k. tt OALM-IDS 3273 7l =1 2.84% 1 3.02%, 1
Bk, A b BT B, AR SCRE AR IR Kddcup99 10% $#5i% F R F1 F1{E 5 5 Eb OALM-
LEATE IR, R CAZ 5 O 2 [ T4 IDS H:E 5.63% 1 5.12%.
O (k- Sy). EIEERWMZE 3 ~ 6 s, IR 3 ~ 6 IS gE R el A, 2 8h %
% 3 f1% 6 "] %1, ALM-ICDDS 5k1E 6 4> >J%¥E CALMID. OALM-IDS il ALM-ICDDS f£
G R LA 3 AN SR L B P A A Kappa 10 MR L SRR T B 24 S 5 LB,
w3 THMENEN PAE (%)
Table 3 P value of seven algorithms (%)
HE i LB BOLE ARFRE CALMID OALM-IDS ALM-ICDDS-E ALM-ICDDS
DS, 96.89+0.31 96.36£0.11 98.07+0.43 98.01+0.41 98.03£0.25 97.184+0.48 99.071+0.34
DS, 90.61£0.21 88.63+0.54 92.77+0.42 93.31+£0.14 93.27+0.49 91.97+0.26 94.64+0.15
DS, 94.41+0.11 96.07+0.23 96.74+0.45 96.64+0.34 96.75+0.56 96.46+0.61 97.841+0.24
DS, 86.91+0.45 85.23£0.52 88.30£0.29 89.90+0.28 90.27+0.42 89.70+0.72 92.061+0.28
DS; 93.60+0.48 94.04+0.52 96.30+0.18 94.65+0.49 95.47+0.32 94.24+0.35 96.17£0.19
DS; 86.59+0.19 84.69+0.48 88.02+0.47 88.44+0.19 88.65+0.25 87.41+0.40 90.86+0.37
DS, 88.25+0.86 87.21£0.79 90.16£0.92 90.49+0.47 90.51£0.53 89.32+0.38 93.671+0.40
Kddcup99 _10% 83.85+0.59 81.10£0.15 85.56+£0.54 92.12+0.45 92.13+0.31 91.24+0.51 95.80+0.17
Shuttle 64.63+0.42 63.85+0.27 79.07£0.31 85.35+0.14 85.70+0.32 83.48+0.25 85.991+0.13
PokerHand 51.63£0.39 50.36+£0.35 52.51£0.56 53.93+0.28 54.57+0.50 52.90+0.18 55.89+0.51
£A4 THELRN RE (%)
Table 4 R value of seven algorithms (%)
AR LB BOLE ARFRE CALMID OALM-IDS ALM-ICDDS-E ALM-ICDDS
DS, 94.78+0.13 96.04+0.24 96.81+0.59 97.87+£0.24 97.92+0.25 96.15+0.31 98.63+0.17
DS, 88.65+0.25 87.86+0.53 90.35+0.30 91.54+0.54 91.84+0.58 90.78+0.70 92.30+0.24
DS, 92.55+0.45 95.92+0.32 94.80+0.43 96.12+0.14 97.92+0.54 95.99+0.52 98.55+0.29
DS, 87.03£0.49 87.08+0.39 88.23+0.31 90.50+£0.30 91.07+0.52 90.13+0.43 91.15+0.11
DS; 91.54+0.11 92.33+0.51 96.04+0.20 93.82+0.55 94.94+0.27 92.91+0.42 96.53+0.42
DSg 86.56+0.50 85.48+0.24 87.83+0.49 89.43+0.18 88.85+0.36 88.39+0.34 90.63+0.21
DS, 87.19+0.42 86.12+0.11 87.29+0.36 88.41£0.50 88.77+0.43 87.87+0.20 91.6140.78
Kddcup99 10% 60.89+0.50 63.05£0.50 58.26+0.38 61.88+0.38 63.71£0.54 63.42+0.67 69.34+0.57
Shuttle 61.40£0.21 50.84+0.31 54.36+0.35 59.52+0.41 63.12+0.59 61.79+0.16 64.59+0.29
PokerHand 43.57£0.30 44.78+0.46 55.21+0.60 56.84+0.11 52.77+0.54 55.36+£0.25 59.571+0.43
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x5 THEZERFUE (%)

Table 5 F1 value of seven algorithms (%)

HAm R LB BOLE ARFRE CALMID OALM-IDS ALM-ICDDS-E ALM-ICDDS
DS, 95.82+0.18 96.20+0.16 97.44+0.50 97.94+0.30 97.97+0.25 96.66+0.37 98.85+0.23
DS, 89.62+0.23 88.24+0.53 91.5440.35 92.42+£0.22 92.554+0.53 91.37£0.43 93.461+0.18
DS; 93.47+0.18 95.99+0.27 95.76+0.44 96.38+0.20 97.33+0.55 96.22+0.57 98.191-0.26
DS, 86.97+0.47 86.15+0.45 88.26+0.30 90.20+£0.29 90.67+0.46 89.91+0.59 91.60+0.16
DS; 92.55+0.17 93.18+0.30 96.1740.19 94.23£0.52 95.2040.29 93.57£0.38 96.3510.26
DSg 86.57+0.27 85.08+0.32 87.92+0.48 88.93+0.18 88.75+0.30 87.90+0.35 90.74+0.27
DS, 87.72+0.56 86.66+0.19 88.70+0.52 89.44+0.48 89.61+0.47 88.59+0.29 92.63+0.40

Kddcup99_10% 70.55+0.54 70.9440.23 69.32+0.45 74.03£0.22 75.33+0.39 74.8240.54 80.451-0.49
Shuttle 62.97+0.28 56.6140.29 64.4340.33 70.134+0.21 72.704+0.41 71.0140.20 73.771+0.18
PokerHand 47.26%0.34 47.41£0.40 53.83+0.57 55.35+0.16 56.1240.52 54.10£0.23 57.671+0.72
* 6 7 FEIER Kappa [H (%)
Table 6  Kappa value of seven algorithms (%)

HHE R LB BOLE ARFRE CALMID OALM-IDS ALM-ICDDS-E ALM-ICDDS
DS, 95.0940.43 95.47+0.26 97.11+0.33 97.84+0.18 97.524+0.50 96.314+0.53 98.721+0.18
DS, 89.6610.50 88.2810.45 91.8040.17 92.5540.25 92.6540.28 91.2740.29 93.561-0.46
DS; 93.08+0.13 95.68+0.22 95.62+0.53 96.50£0.46 96.460.60 96.05+0.36 97.69+0.21
DS, 86.97+0.46 85.861+0.13 88.18+0.25 89.9440.24 89.99+0.36 88.6140.46 90.1940.57
DS; 92.3240.37 94.184+0.45 95.86+0.28 94.4040.50 95.524+0.14 94.2940.20 95.8140.35
DS; 86.59+0.32 85.25+0.29 87.81+0.54 88.90+0.51 89.00£0.13 87.68+0.47 89.80+0.25
DS; 88.2840.46 87.51+0.97 89.931+0.71 90.0140.92 90.1940.40 89.5140.59 93.671+0.54

Kddcup99_ 10% 80.94+0.22 75.684+0.25 79.3610.35 83.32+0.24 85.83+0.50 84.87+0.16 86.81+0.33

Shuttle 58.73£0.39 61.54+0.22 73.7840.20 79.3940.43 80.11+0.53 80.97+0.24 83.56+£0.54

PokerHand 50.34+0.58 49.8610.40 50.3610.16 51.2440.21 51.3940.16 50.5540.41 52.251+0.35

BOLE A1 ARFRE; E£3)% 3] 5% ALM-ICDDS-E
TE 7 A6 AR B R R ae e T B S |
% LB A1 BOLE, 7& 3 /™ HE S2 885 i b o> K g
T W B2 51 #9% LB, BOLE 1 ARFRE; ALM-
ICDDS FyELE 10 MR L 153 28 se 3 i T 5
i 3 M E B I Y BT A EIEEA RS SRS
A AR b SR R TS RS
A RUEE R, N TR G R AR SRR
P REAR UL, A FEAE S P, AP b <[]
E RS48RO B T b 1 2 SR PR R AR I
TR

2 JEINFTE FRE 10 MR B A
EEAERRAE 28 ROC, ROC M2k T A Ae i B ik
S R RE IR, IR 2 TN, EEE I HE
7% CALMID. OALM-IDS #il ALM-ICDDS 7£ 7 4~
G REFE TR A PokerHand ##E i EH ROC HhZk
AR T B A% 2] vk LB BOLE fil ARFRE;
FF¥ S ALM-ICDDS-E £ 7 /N & BB i
FROC #h& T T &% ) Hik LB M

BOLE, 7 3 M ESLEHR A - ROC i 4+ i ARk
T Wi 2 > 5 LB. BOLE f1 ARFRE; ALM-
ICDDS Hi%E 47 PokerHand R _ LT ALM-
ICDDS-E #iE{HE CALMID il OALM-IDS 5%
1) ROC #hZe ~ AR R A8, 78 HAh o i F 3 AR
T 6 Fioof LL AR 7R R0 EE 2 1 & U DS,
B SEHHE A Kddeup99  10% L ALM-ICDDS %
EAE ) EX AR B ROC #iIZR T
AR EE KI5 1l 1 3% 1 4%.

K 3 @R T BIEAE 2 NEONE AR R
(DS A1 Kddcup99  10%) - 43 K% i % BE FEA KN
TR AR H 28, A% ALM-ICDDS HEfEIX 2
AR L RGN T 3 P =8I
% (CALMID, OALM-IDS f1 ALM-ICDDS-E), H
BT 3 Fhil B % 2 % (LB BOLE Al AR-
FRE). ALM-ICDDS SyAAEIX 2 AN Hdi i B35 wT
DAFH B/ AR 28 AR SR A5 B i RS T 36, 7E DS %X
E _ERIFR A B OALM-IDS 5#3:% 0.17%.
tt CALMID %741 0.32%- b ALM-ICDDS-E #
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= 0.4
0.2

1.0 1.0¢
081 0.8}
Fost Fos}
= i LB =084 i LB = 0.81 o ‘ LB = 0.78
0.4+ |-~ BOLE = 0.8 Fillo |-~ BOLE = 0.84 =04+ | BoLE = 0.0
Ri¢ ! — - ARFRE = 0.92 i — - ARFRE = 0.84 fm i i‘ — . ARFRE = 0.85
02 Ll oAb =0 | I - CALMID = 0.91 02l < CALMID = 0.92
2P = 0ALMIDS = 0.96 J /|~ OALM-IDS = 0.94 . f |- 0ALMIDS = 095
17" |-~ ALM-ICDDS-E = 0.90 - ALMLICDDS-E = 0.90 | /" |- ALMICDDS-E = 0.84
0¥ [ALMICDDS = 008 L7 | ALwicops - 095 0L [ ArMIoDDS - 096
0 02 04 06 0.8 1.0 0 0.2 04 06 08 1.0 0 0.2 0.4 06 0.8 1.0
fEBH P2 (e B BH P2
(a) DS, (b) DS, () DS,
1.0 r 1.0
0.8 r 0.8
ﬁ 0.6 f F E 0.6
= 0.4+ -- Iégf}:ofgo,w F -~ BOLE = 0.74 = 0.4} -~ BOLE = 0.74
Ri¢ —- ARFRE = 0.82 —- ARFRE = 0.84 i —- ARFRE = 0.78
- CALMID = 0.8 ~ CALMID = 0.86 ~ CALMID = 0.86
0.2+ —-OALM-IDS = 0.90 r —-OALM-IDS = 0.85 0.2¢ —-OALM-IDS = 0.85
~-= ALM-ICDDS-E = 0.85 --= ALM-ICDDS-E = 0.77 i ~-= ALM-ICDDS-E = 0.76
oLk |—Auicops o9 b7 |- ALMICDDS = 058 0¥ [AMIODDS —0ss
0 02 04 06 0.8 1.0 0 0.2 04 06 08 1.0 0 0.2 0.4 06 0.8 1.0
TBBH P2 TBBH P 2 B BH P2
(d) DS, (e) DS, (f) DSq
1.0+ 1.0 1.0
0.8 F 0.8F 0.8F
ﬁo.ﬁ» ﬁ(w» ﬁo.eg ‘
/i o= ; LB = 082 0 LB = 089 o h/ LB = 081
=i - BOLE = 0.78 =04 ~= BOLE = 0.86 =04t ~~ BOLE = 0.87 =04 1" /|-~ BOLE = 0.81
il" |~ ARFRE = 0.82 m ; — - ARFRE = 0.85 m — - ARFRE = 0.89 e ! |~ ARFRE = 0.82
|- CALMID = 0.9 - CALMID = 0.86 - CALMID = 0.86 - CALMID = 0.84
Fil 7] —- OALM-IDS = 0.90 0.2F [ /1= OALM-IDS = 0.85 0.2F  ,1—-oALMIDS = 0.89 0.2F§ ,—-oALMIDS = 0.8¢
/ /" |-~ ALM-ICDDSE = 0.81 ~" |-+~ ALMICDDS-E = 0.86 /" |-+ ALM.ICDDS-E = 0.89 /" |-+~ ALM.ICDDSE = 0.83
L [ ALM-ICDDS = 093 0L [ ALICDDS = 090 oLy |- ALMICDDS = 0.0 ob#" [ ALMICDDS =081
0 0.2 04 0.6 0.8 1.0 0 0.2 04 0.6 0.8 1.0 0 0.2 04 0.6 0.8 1.0 0 0.2 04 0.6 0.8 1.0
B A BB 12 B % BRI LA
() DS; (h) Kddcup99 10% (i) Shuttle (j) PokerHand
7 MEER ROC #hk
Fig.2 ROC curves of seven algorithms
= =
ﬁE QE BOLE
75 4 -~ ARFRE
= CALMID = CALMID
70 ~ OALM-IDS 70k ~ OALM-IDS
-~ ALM-ICDDS-E -~ ALM-ICDDS-E
0.95 —— ALM-ICDDS 0.95 - ALM-ICDDS
=
g
0.15 . . . . 0.15 e
100 200 400 0 100 200 300 400 500
FEA%L /10° FEAYL /10°
(a) DS, (b) Kddeup99 _10%
7 R B IORE R Rl £
Fig.3  Precision rate curves of seven algorithms




3 3 RIS AT S B BRI B 5 S T ik 601

K 0.43%, £ Kddeup99  10% FiEin b2k
At OALM-IDS 521K 0.45%- Et CALMID 5%
1% 0.69%- &t ALM-ICDDS-E %1% 0.75%.

BT R seie 5 Wy DS, AR SO iR A
ALM-ICDDS 7E & T e bn AR T HAth xS L
Bk, X H T ALM-ICDDS &yE7E 3 N7 mikT
SO, E S, O T 2 T AR R R A T A
PR, S M X D B SRR A A ) B SRR 2
R, B T 07 58 B I REAS B 4 S s, A3 ARR
R EE > A IR AR REE SR AR D2 D, 3R T
PrE D RE I ARG, AN, ' I T R
()35 73 s B B VPAN SR B 7, T R AR
AR o ik

4.3 HRERICIG

IR ALM-ICDDS &3 5] AR A& i)
TR A A F80 5% S R 4 B 2 SIS 8 B BT LA 10 R
PE, FERAR Pl LR AT AR &4 S A R S T R
HIEE R DS LHEAT 5 FhyH @S, 1) K ALM-
ICDDS FIFEA T A 72 P 5 8 5 e oy R 25 fe A
KR A Z{E, 155 ALM-ICDDS-rfs; 2) ¥
ALM-ICDDS LA TN A 2 P = B oy L5 8
I RKHER A, 58 ALM-ICDDS-rf H3%; 3) ¥
ALM-ICDDS 78 A b2 7 1) SR 5 3 o BE HLAR 2
A if) 5, 4338 ALM-ICDDS-r 5.3%; 4) % ALM-
ICDDS-r H 3% T 1258 FE B R A 385 46 31 e oy 2k
Todt e H i B 4 ik, 452 ALM-ICDDS-rs 53%;
5) ¥ ALM-ICDDS-rs [ 73 K28 B ik B 4R
WG, 53] ALM-ICDDS-rse 572,

T 4 SRR a5 R ar an, KB EE R
B KHERAE 2215 1 ALM-ICDDS-rfs £t ALM-
ICDDS HIFE#ZA pr T %, A% R KM E 1
ALM-ICDDS-rf HiZ k%t ALM-ICDDS-1fs 5
i&; R B ERENLARZE A SRS ) ALM-ICDDS-r 57
ERER L ALM-ICDDS 50E R I SO st
2 B 58 () ALM-ICDDS-rs 559345 B 58 4k 45
B, LS BRSNS By AR R T
A R B ALM-ICDDS-rse K %
B2 TR, HIE NIRRT,
TN AT VR R N R R 25 ) A SCTETR
B bR T U M A AT 0 T R A Bl Ay s T T
B 7 THD P 502 RE B8 A R T B AL 20 S I 1 .

4.4 SHEVEXT ALM-ICDDS &£ MaErvE200

FEATIN S EEEE B 24 s TR ok
A BESE AR AT B K AT HESR 55 HL AR SR A 212

%o
95

90

85T
5

= g t//
&]:

——ALM-ICDDS
ALM-ICDDS-rfs

—+~ALM-ICDDS-rf

—+—ALM-ICDDS-r

701 ——ALM-ICDDS-1s
——ALM-ICDDS-rse
0 100 200 300 400
FEAH /100

Kl 4 DSq k- iHfhsEe 4 R
Fig.4  Results of the ablation experiment on DS

ZAEFTRRIIER, 00 NIOGBHEMEFECRVIE, =
B AL AT 5 14 FEE 2 BT 6 P %) 000 A 2 P 2
H, S50 o FT 107 AP 7 b 27 10 25 10 A 6 B
H & NS TR IVE R, S50 ng NiD S B 5 R
IR 3 R RIS H 8, 60, n, o, ng X ALM-
ICDDS Sk M RE IR . SI0 B & F 0
FIHE A B2 1) 4 AN B BB AN 2 A B SRR,
KM Pl RAE. F11H. Kappa 234 MFANTEFF,
i sEsRE R 10 K, R 5 ~ 9 Fiw.

K 5 JEn S8 8 % ALM-ICDDS #4264k
BRI, AT A0S g HY 0.8 I 7E 6 N Lt P
fi. R {H.F1 {d. Kappa 2B IE 3 Tﬂ%j(1ﬁ,
P WITE I R AR T 2 MR, 55K AT R I
Aew EE. Y 5 KT 0.8 B, FEMERE N4, w]
SR T RESS S H AR ST 21 1) 2 (8 A4 F R
FRE R

Kl 6 J& 712 2 BB HE B 0 2 HME 6o X ALM-
ICDDS 5k MERERIRZI, W14 00 HY 0.75 B
75 6 NEHRR E PAA. R1H. F114. Kappa 2%
HRIE B ARAE. 24 00 /NT 0.75 I, BEABE A HFRZS
(I RT BEPE /N, 2 5 B0 [X 29 Al B FEA R A
FELSARES, IIME/S ALM-ICDDS 32 114 251
RE R F%; 2460, KT 0.75 B, BEAYL B HFRZS AT BE
PEIE K, (H T AR TR & — 21, FFE2 5 8o
X 43 F/DFRAE AR B A B R B AR 2, 15
ALM-ICDDS SHiE K153 HPERE T .

K 7 JERn S n Xt ALM-ICDDS 5335 251
RS2, vl AN7E 6 N EHE R BB n B3GR,
P1H. RAE. F1{l. Kappa ZE K3 —cHE G
TRFEEE AR E. 75 k = 15 (BRI DS,, DSy, DS¢)-
k=50 (BB DS;)« k=23 (B Kddcup99
10%)+ k=10 (F#E#t PokerHand) B}, 24 n 435l



602 H Zlj (4 ¥ i 50 &
0 0

96 % 93 i

95 92t
g sz 90
=0 Th = ) Th

90

- F1 = F1
89 —+- Kappa 871 ~+ Kappa
88 — 86 _—
0 0.2 04 0.6 0.8 1.0 0 0.2 04 0.6 0.8
B B
() DS, (b) DS,

94 % 100 %

93} 95 f—a—a—h— m
gé 92 = o = 54 .—.———n—n—n/‘/-—_‘/\\
g o S o]0 S ——— _4——*—"’"'\'\,| <\S 52¢
5 90 | ~P * R | IS

g0l =7 o & ol - 1 -+ Kappa 48 = F1

- F1 -+ Kappa oo o o o0 46 -+ Kappa
88 ] e e e T =
0 0.2 04 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0
B B B
(d) DS, (e) Kddcup99 10% (f) PokerHand
5 S8 s XEIERR

Fig.5  Effect of the parameter 3 on the algorithm
0 0 0

96 v 94 % 92 %

% 94 v/‘/‘/‘/i/\-\.\1 I 92 5 90 //'\—_-\
gm 93 f  um gm
z‘; 92 ’/.—_~/./~/‘\v\'/4 <"; 91 T8
o1t 590 m 88t
P R -+ P &R L P R
0] N 7
89 : : 88 : : 86 . -
0.5 0.6 0.7 0.8 0.9 0.5 0.6 0.7 0.8 0.9 0.5 0.6 0.7 0.8 0.9
0, 0, 0,
(a) DS, (b) DS, (c) DS,
% Y Y%

95 — 100 (- 60 —

94t Bf , 4w B %
i 03 % 90t % gi /‘/.’4‘,/-/\\“‘
gm o 85 M\’_—’— gm

90t P e R 70t il a0y 81 =P * R

-# F'1 <+ Kappa | o oo > —o—¢ 46 1 -# 1 < Kappa
89 : — 5 44 - —
0.5 0.6 0.7 0.8 0.9 0.5 0.6 0.7 0.8 0.9 0.5 0.6 0.7 0.8 0.9
0, 0, 0,
(d) DS; (e) Kddcup99 10% (f) PokerHand
6 ZH 0o W EILNF
Fig.6  Effect of the parameter 6y on the algorithm

WinE 3, 7,4, 20, P{H. RH. F114. Kappa %
BEATE. ATUGAE iR n fEUE 5 (11) —2
8 JE R B a X ALM-ICDDS &4 2Kk
Refrrssma, wl Y o BL 0.1 B, B4R 6 NS E
() PAE. RAE. F1{8. Kappa RECHRIA B i AAH.
K 9 JE7n B % ny 5 ALM-ICDDS #3543 2514
Reffrszmm, ol AnsE R k> 10 19 5 A EHE i

(DS,, DS,, DS4, DS;, Kddcup99 10%) I, X ny
HUE 2 #8808 3 i, P{E. R{&. F1{4. Kappa
R RIRTE, 2 ng SR KI5 7 VL REIR TT
e BEA /N, AR k = 10 BRI (PokerHand)
F, Hng WBUE R 2 800y 9 iF, PAE. R{A. F1
fH. Kappa REFETHIREIR /. B & 310 2 BB 5
B F) 25 [R] FF 44 9 O (kma), Rl I SIe 36 v A8 B 08 It 11 26



3 M

LT 4 AR SRR BRI 32 2 Uik 603
0 [

93 % 93 %

02 T 92¢
Lé91?'.\,/.\._._._.L@ngﬁ‘*- H =
3 90 N e 93 904, e W
E g9t St

88t 88

+ P *R +P *R
87 ST
86 . . . 86 . . . . .
2 3 4 5 6 7 8 9 2 3 4 5 6 7T 8 9
n n
(b) DS, (c) DS,
% %
100 62

95 '/k/d-i * * 4 60 o o o o o o ¢
i 00F . = 58k
gz 85 ﬁ om
Z o Z 564— s .

e s - P *R B sl
75 -#- 1 - Kappa G SRR G c— ——
././0—0—0—0—0— = Fl -+ Kappa
65 : : . . . . 50 - : -
2 3 4 5 6 7 8 9 2 3 4 5 6 7 8 9
n n
(e) Kddcup99 10% (f) PokerHand
B 7 S5 n W HEIERIRE

0
98 e
96
. 94k a -
s —a—=e
¥z 92 fé“ﬁ M
pa
i 90
g8t
-+ P &R
6
s =
2 3 4 5 6 7 8 9
n
(a) DS,
%
94
93| i
@ 92 ././././'/'——._ﬁ
535 S
: 91 r//k—‘*"~_’;
£ 90
I -+ P &R
29
88—
2 3 4 5 6 7 8 9
n
(d) DS;
Fig.7
96 %
95 t
. 94--*"‘_‘\1—1\‘\‘\“‘_‘
2 g3 N
T 92 N
B 91
90 -+ P R
891 - Fl . depa
88— —
0.1 0.2 03 0‘4 0.5
o
(a) DS,
95 %
94k
@%?ﬁ\kq:tqikﬁiii
= 92 %
éf 91 M
IS 90 L P R
—A -
s
88— —
0.1 0.2 03 0.4 0.5
(0%
(d) DS;
Fig.8

ALM-ICDDS &
38

K10 BRA SR AL 5 A ELEEAE 4
Tl AN [i) R TR MO VB A0 0 SR A 23 B A R
R Ak 2. AT %0 ALM-ICDDS B4 4 Fh

Ak < 10 F0 k> 10 BAMESL T, ng 2 AIEL 2 F1 3
EN AR LB RZEBR

Effect of the parameter n on the algorithm

93 % 92 %
ﬁ%?tr::::txzz §%5E£$332Ek¥§
ESIRAE 5o 3
%E 0 _—‘M\‘__‘__.\H & 89 M’\'\.\‘_‘\H
fan ]8 F B 88t

-+ P R | -+ P e R
il 7
86 e 86 A
0.1 0.2 0. 3 0.4 0.5 0.1 0.2 O 3 0.4 0.5
«@ @
(b) DS, (c) DS,
0
100 i 60 '/U/H"\o—o—._._.“
g A A, 58 m\'
- 90+ . 56 -/a—‘_‘\‘\‘\‘\‘—.\’
% e
! P <+ R =
o = F1 + Kappa 48 P o R
R e S ———— 46 |
65 — 44 —
0.1 0.2 0.3 0.4 0.5 0.1 0.2 0.3 0.4 0.5
«@ @
(e) Kddcup99_10% (f) PokerHand
B8 &3l o WEILMEM

Effect of the parameter « on the algorithm

AN 7] S R 2 T8 B I 1 70 RN A R AR
T 5 XL, BT R E S SRR
T eI/ N TG ERALZHT R MBS IR WL, &L 10
R, ALE T B AR AT RS, R A R A AN
BB IERE T, 2 FS IR TR R, i
I I B A TR W] DA B R i N AR A, M
P T B SEAS, RAEZH M SER N,



604 H Zlj (4 ¥ H 50 &
% %
98 98
96 | | 96}
. 94 //‘_—.’4‘—.—.7 . 941
1% 3 M s
& &= —
£ £ ﬁ
B Bk
=gl . : B og /,H—OTT & i i
— - —h - —A .
s} o} Th e |
T 84 S )
2 3 4 5 6 7 8 9 2 3 4 5 6 7 8 9 2 3 4 5 6 7 8 9
Ny Ny Ny
(a) DS, (b) DS, () DS,
94% | 100% 60% «— —v——+—+——
93t [ 95} s 591
L /k/-i 58k
.92} . 90F L o=
= |, 1= — o . Lz 57
9z 91} 9z 85— YT 56 f —a——A——a——A 4+
s S g0t & 551
5% S + P *R B osg b + P %R
o = ¥ 7= b4
39 —F <& 5 -8 F1 -+ Kappa 531 -8 F1 -+ Kappa
. o} ‘ pf ey
ppa
S 65 =oEEREREDED Bl
2 3 4 5 6 7 8 9 2 3 4 5 6 7 8 2 3 4 5 6 7 8 9
Ny Ny Ny
(d) DS, (e) Kddcup99 10% (f) PokerHand
9 S Hng MEIEKI
Fig.9 Effect of the parameter ng on the algorithm
0 [
100 e 100 %
)
95 | d::r*-‘ oo 95
90 [ 90
ﬁ —LB i ~LB
i 8 BOLE i 8 BOLE
5 —o ARFRE B -~ ARFRE
80 Y 80r - CALMID
-+ CATLMID ©
- — OALM.IDS - —~—OALM-1DS
~ ALM-ICDDS ~ ALM-ICDDS
70 1 1 1 1 1 1 1 70 1 1 1 1 1 1 1
0 100 200 300 400 0 100 200 300 400
A% /10° FEA%L /10°
(a) RAH (b) EETY
(a) Sudden drift (b) Recurring drift
0 0
100 v 100 %
95 | 1
90 f¢
£ 85 LB =
i BOLE i d BOLE
g0k -~ ARFRE S0 | = ARFRE
- CALMID - CALMID
751 — OALM-IDS 75| — OALM-IDS
- ALM-ICDDS - ALM-ICDDS
70 1 1 1 1 1 1 1 70 1 1 1 1 1 1 1
0 100 200 300 400 0 100 200 300 400
FEASL /10° HAH /10°
(c) HgEAY (d) Z A

(¢) Incremental drift

(d) Gradual drift

VRIE N TS ) S BN KA T R AT Y
MRS ERAZ I, B cdia o A £ — B 18] Py iz iU H

K10 AFEISERRE SRS Bl it L AoRS i 5 il 2%

Fig.10 P curves on different types of concept drift data stream

.

2 oy A, 1 TH A8 A7 1 B RTBEES R RS 1



3 3 RIS AT S B BRI B 5 S T ik 605

5 #RiE

ASCHT TSRS AR A &) 5T A 22 AT
BRI B2 2 Tk, 8 R T 2 TRINAE A1
FEATII 0 € VE L&, RS AR 8 B SR E ] 2K
2 AT BRI $ 2 O IZ 3R B A
AN A, R HEIX 2y D BERAR 2 BT 2
AT HIRE AR CRAELEICAZ & v 58 ST 20 MG FE I
Sy Reas HBNE VAN SR ik, TR 250
B

DNy 48 5 R A TR RS B U B 2 ST 5 R K I
P, FEARR AT, AT GECLT . 52k, &
A7 IR SRS I 7 VR I B B IR TP A KA
REHRE TR, T IXAE FLSE N R AN BUSER,
T T M B R 8 5T RO S R A Ty
. LR BUA IR 22 B8t I o >0 B T3 AR B
FEAIE 2 1, R REZ AL B ZREE h i DA 2
s, DRI 5 AT T T 2 1 B P B U
SRR,

References

1 Liao G, Zhang P, Yin H, Luo T, Lin J. A novel semi-supervised
classification approach for evolving data streams. Expert Sys-
tems With Applications, 2023, 215: Article No. 119273

2 Zhu Fei, Zhang Xu-Yao, Liu Cheng-Lin. Class incremental
learning: A review and performance evaluation. Acta Automat-
ica Sinica, 2023, 49(3): 1-26
(KK, TREISE, XURRR. 85019 8 5 TR Su it e R TERE V4. B3
AR, 2023, 49(3): 1-26)

3 Zhou Z H. Open-environment machine learning. National Sci-
ence Review, 2022, 9(8): 211-221

4 Wang P, Jin N, Woo W L, Woodward J R, Davies D. Noise tol-
erant drift detection method for data stream mining. Informa-
tion Sciences, 2022, 609: 1318-1333

5 Yu H, Liu W, Lu J, Wen Y, Luo X, Zhang G. Detecting group
concept drift from multiple data streams. Pattern Recognition,
2023, 134: Article No. 109113

6 Sudrez-Cetrulo A L, Quintana D, Cervantes A. A survey on ma-
chine learning for recurring concept drifting data streams. Ex-
pert Systems With Applications, 2022, 213: Article No. 118934

7 Yang L, Shami A. A lightweight concept drift detection and ad-
aptation framework for IoT data streams. IEEE Internet of
Things Magazine, 2021, 4(2): 96-101

8 Bayram F, Ahmed B S, Kassler A. From concept drift to model
degradation: An overview on performance-aware drift detectors.
Knowledge-Based Systems, 2022, 245: Article No. 108632

9 Karimian M, Beigy H. Concept drift handling: A domain adapt-
ation perspective. Expert Systems With Applications, 2023, 224:
Article No. 119946

10 Lu J, Liu A, Dong F, Gu F, Gama J, Zhang G. Learning under
concept drift: A review. IEEE Transactions on Knowledge and
Data Engineering, 2018, 31(12): 2346-2363

11 Shahraki A, Abbasi M, Taherkordi A, Jurcut A D. Active learn-
ing for network traffic classification: A technical study. IEEE
Transactions on Cognitive Communications and Networking,
2021, 8(1): 422-439

12 Pham T, Kottke D, Sick B, Krempl G. Stream-based active
learning for sliding windows under the influence of verification

13

14

15

16

17

18

19

20

21

22

23

24

26

27

28

29

30

latency. Machine Learning, 2022, 111(6): 2011-2036

Khowaja S A, Khuwaja P. Q-learning and LSTM based deep
active learning strategy for malware defense in industrial IoT
applications. Multimedia Tools and Applications, 2021, 80(10):
14637-14663

Wang S, Luo H, Huang S, Li Q, Liu L, Su G, et al. Counterfac-
tual-based minority oversampling for imbalanced classification.
Engineering Applications of Artificial Intelligence, 2023, 122:
Article No. 106024

Malialis K, Panayiotou C G, Polycarpou M M. Nonstationary
data stream classification with online active learning and sia-
mese neural networks. Neurocomputing, 2022, 512: 235—252

Du H, Zhang Y, Gang K, Zhang L, Chen Y. Online ensemble
learning algorithm for imbalanced data stream. Applied Soft
Computing, 2021, 107(1): Article No. 107378

Wang W, Sun D. The improved AdaBoost algorithms for imbal-
anced data classification. Information Sciences, 2021, 563: 358—
374

Gao J, Fan W, Han J, Yu P. A general framework for mining
concept-drifting data streams with skewed distributions. In: Pro-
ceedings of the International Conference on Data Mining. Min-
nesota, USA: 2007. 3—14

LuY, Cheung Y, Tang Y Y. Dynamic weighted majority for in-
cremental learning of imbalanced data streams with concept
drift. In: Proceedings of the International Joint Conference on
Artificial Intelligence. Melbourne, Australia: AAAI, 2017. 2393—
2399

Jiao B, Guo Y, Gong D, Chen Q. Dynamic ensemble selection
for imbalanced data streams with concept drift. IEEE Transac-
tions on Neural Networks and Learning Systems, 2024, 35(1):
1278-1291

Guo H S, Zhang S, Wang W J. Selective ensemble-based online
adaptive deep neural networks for streaming data with concept
drift. Neural Networks, 2021, 142: 437—456

Wang S, Minku L L, Yao X. Resampling-based ensemble meth-
ods for online class imbalance learning. IEEE Transactions on
Knowledge and Data Engineering, 2014, 27(5): 1356-1368

Cano A, Krawczyk B. ROSE: Robust online self-adjusting en-
semble for continual learning on imbalanced drifting data
streams. Machine Learning, 2022, 111(7): 2561-2599

Bifet A, Gavalda R. Learning from time-changing data with ad-
aptive windowing. In: Proceedings of the International Confer-
ence on Data Mining. Minnesota, USA: 2007. 443—448

Barros R S M, Carvalho Santos S G T, Junior P M G. A boost-
ing-like online learning ensemble. In: Proceedings of the Interna-
tional Joint Conference on Neural Networks. Vancouver, Canada:
2016. 18711878

Gama J, Medas P, Castillo G, Rodrigues P. Learning with drift
detection. In: Proceedings of the Advances in Artificial Intelli-
gence. Maranhao, Brazil: Springer, 2004. 286—295

Zhang Yong-Qing, Lu Rong-Zhao, Qiao Shao-Jie, Han Nan, Gu-
tierrez Louis Alberto, Zhou Ji-Liu. A sampling method of imbal-
anced data based on sample space. Acta Automatica Sinica,
2022, 48(10): 25492563

(37K, FoRE, TR0 7, ®idl, Gutierrez Louis Alberto, J& ¥
TR A ) A S A T B R T . A AR, 2022,
48(10): 2549-2563)

Bifet A, Holmes G, Pfahringer B. Leveraging bagging for
evolving data stream. In: Proceedings of the Joint European
Conference on Machine Learning and Knowledge Discovery in
Databases. Barcelona, Spain: Springer, 2010. 135—150

Ferreira L E B, Gomes H M, Bifet A, Oliveira L. Adaptive ran-
dom forests with resampling for imbalanced data streams. In:
Proceedings of the International Joint Conference on Neural
Networks. Budapest, Hungary: IEEE, 2019. 1-6

Gu Q, Tian J, Li X, Song J. A novel random forest integrated


https://doi.org/10.1016/j.eswa.2022.119273
https://doi.org/10.1016/j.eswa.2022.119273
https://doi.org/10.1016/j.eswa.2022.119273
https://doi.org/10.1016/j.ins.2022.07.065
https://doi.org/10.1016/j.ins.2022.07.065
https://doi.org/10.1016/j.patcog.2022.109113
https://doi.org/10.1109/IOTM.0001.2100012
https://doi.org/10.1109/IOTM.0001.2100012
https://doi.org/10.1016/j.knosys.2022.108632
https://doi.org/10.1016/j.eswa.2023.119946
https://doi.org/10.1007/s10994-021-06099-z
https://doi.org/10.1007/s11042-020-10371-0
https://doi.org/10.1016/j.engappai.2023.106024
https://doi.org/10.1016/j.neucom.2022.09.065
https://doi.org/10.1016/j.ins.2021.03.042
https://doi.org/10.1016/j.neunet.2021.06.027
https://doi.org/10.1007/s10994-022-06168-x

606

H Zlj

(8

S 50 %

31

32

33

34

35

36

37

38

39

40

model for imbalanced data classification problem. Knowledge-
Based Systems, 2022, 250: Article No. 109050

Martins V E, Cano A, Junior S B. Meta-learning for dynamic
tuning of active learning on stream classification. Pattern Recog-
nition, 2023, 138: Article No. 109359

Yin C Y, Chen S S, Yin Z C. Clustering-based active learning
classification towards data stream. ACM Transactions on Intelli-
gent Systems and Technology, 2023, 14(2): 1-18

Xu W H, Zhao F F, Lu Z C. Active learning over evolving data
streams using paired ensemble framework. In: Proceedings of the
8th International Conference on Advanced Computational Intel-
ligence. Chiang Mai, Thailand: 2016. 180—185

Liu S X, Xue S, Wu J, Zhou C, Yang J, Li Z, et al. Online act-
ive learning for drifting data streams. IEEE Transactions on
Neural Networks and Learning Systems, 2023, 34(1): 186—200
Liu W K, Zhang H, Ding Z Y, Liu Q B, Zhu C. A comprehens-
ive active learning method for multiclass imbalanced data
streams with concept drift. Knowledge-Based Systems, 2021,
215: Article No. 106778

Li Yan-Hong, Ren Lin, Wang Su-Ge, Li De-Yu. Online active
learning method for imbalanced data stream. Acta Automatica
Sinica, DOIL: 10.16383/j.aas.c211246

(L, AER, R, BEE. - PEBIRRAL T 3 5.
H k2%, DOL: 10.16383/j.aas.c211246)

Zhao P, Cai L W, Zhou Z H. Handling concept drift via model
reuse. Machine learning, 2020, 109: 533—-568

Karimi M R, Giirel N M, Karlas B, Rausch J, Zhang C, Krause
A. Online active model selection for pre-trained classifiers. In:
Proceedings of the International Conference on Artificial Intelli-
gence and Statistics. San Diego, California, USA: 2021. 307-315

Zyblewski P, Wozniak M, Sabourin R. Preprocessed dynamic
classifier ensemble selection for highly imbalanced drifted data
streams. Information Fusion, 2021, 66: 138—154

Moraes M, Gradvohl A. MOAFS: A massive online analysis lib-
rary for feature selection in data streams. The Journal of Open
Source Software, 2020, 5: Article No. 1970

FHO LR RS E R EOR
FRERIEER . EEREFTT R RS
I, Blans o). ASGBEEE.
E-mail: liyh@sxu.edu.cn

(LT Yan-Hong Associate professor
at the School of Computer and In-
formation Technology, Shanxi Uni-

versity. Her research interest covers data mining and
machine learning. Corresponding author of this paper.)

FEE  LTEREH RIS EEEOR
G A E BT NS
PEv2 9, MLgsae >l

E-mail: wttstu@163.com

(WANG Tian-Tian Master stu-
dent at the School of Computer and
Information Technology, Shanxi
University. Her research interest covers data mining
and machine learning.)

EEZE LTTRETHENLSEEER
FRREER. EEBIT RO ERE S
AbER, WL

E-mail: wsg@sxu.edu.cn

(WANG Su-Ge

School of Computer and Informa-

Professor at the

tion Technology, Shanxi University.
Her research interest covers natural language pro-
cessing and machine learning.)

FEE  LPEREHENSEERR
PRI, TR TT R BRI,
ANL#EE. E-mail: lidy@sxu.edu.cn
(LI De-Yu Professor at the School
of Computer and Information Tech-
nology, Shanxi University. His re-
search interest covers data mining
and artificial intelligence.)


https://doi.org/10.1016/j.knosys.2022.109050
https://doi.org/10.1016/j.knosys.2022.109050
https://doi.org/10.1016/j.patcog.2023.109359
https://doi.org/10.1016/j.patcog.2023.109359
https://doi.org/10.1016/j.patcog.2023.109359
https://doi.org/10.1016/j.knosys.2021.106778
http://dx.doi.org/10.16383/j.aas.c211246
http://dx.doi.org/10.16383/j.aas.c211246
https://doi.org/10.1007/s10994-019-05835-w
https://doi.org/10.1016/j.inffus.2020.09.004
https://doi.org/10.21105/joss.01970
https://doi.org/10.21105/joss.01970

	1 相关工作
	1.1 数据流监督学习方法
	1.2 数据流主动学习方法

	2 问题的形式化定义
	3 本文方法
	3.1 样本预测的确定性度量
	3.2 基于记忆强度的样本替换策略
	3.3 集成分类器的更新机制
	3.4 算法框架
	3.5 算法伪代码
	3.6 复杂度分析

	4 实验结果和分析
	4.1 实验环境和数据
	4.2 ALM-ICDDS算法的分类性能评价
	4.3 消融实验
	4.4 参数取值对ALM-ICDDS算法分类性能的影响
	4.5 ALM-ICDDS算法对不同类型概念漂移的处理

	5 结束语
	参考文献

