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A survey of the classification of data streams with concept drift
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Advanced Research Institute, Chinese Academy of Sciences, Shanghai 201203, China)

Abstract ; Because the current machine learning algorithms all are essentially an optimization procedure that aims to

ensure the generalization ability based on static learning environment, the classification data streams with concept

drift has brought severe challenges to machine learning. In order to address these concerns, a survey was developed

consisting of four aspects; the introduction to data streams and concept drift, the development process and future

trends, the main research fields, and the new developments in the study field of the classification data streams with

concept drift. The existing problems relating to classification data streams with concept drift were discussed at last.
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The 9th International Conference on
Advanced Data Mining and Applications ( ADMA 2013)

ADMA 2013 will take place in Zhejiang University, Hangzhou, 14th-16th December 2013. It is our pleasure to invite you
to contribute papers, register and participate at ADMA 2013. The conference aims at bringing together the experts on data
mining from around the world, and providing a leading international forum for the dissemination of original research find-
ings in data mining, spanning applications, algorithms, software and systems, as well as different applied disciplines with

potential in data mining.

Topics of interest include but not limited to;

Advanced data ming Mass data mining Web mining

Social network mining Document mining High performance data mining
Economic data mining Image mining Data mining visualization
Parallel and distributed data mining Multimedia mining Security and privacy issues
Data stream mining Biomedical data mining Other issues on data mining
Graph mining Complex data mining

Applications

Social network application E-commerce and Web service

Data mining systems in finance, economic, e-commerce Medical informatics

Emerging applications of mass data mining Disaster prediction

Empirical study of data mining algorithm Financial market analysis

Parallel data mining application Data mining for education

DNA sequencing, Bioinformatics Intelligent systems

Genomics and biometrics

Website : http : //www. adma2013. org/
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RUEAM L, AGE RA W T REZAL: 1) HT
TR SRR RO 2 BT 7= R R B Bk %52 )
B TSR BRI 2 R BBt ST s ——E
SEBBIER R RN FEE T EERE
) R BRI ME ST RS WA T
LRI ST RR W KRBT R R

1 HKERGBQRY

BHRm R EGEMR AR RENRE R E
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BB NTER D HBERY Gk AR A —
NEEARGF R ETBIHEEEARN 3 RG , PR
B RA MM ZHE AN ELRT, AR R HE
IR EE AT LB EN, YRR ENE &
T — M ERBI R RE ARSI 7 2. AR BT
W XY ARG IR LTS —HREAR.

BARF R 2 B 1) BB IR = A R RE Ik S R
AR PR R AR IR E SRR 52) IR I A
FIBARASLF A, A B RS 7= A 1
R A T MSER ™ RIS EE R,
BHoE A B S AR B TR AL 2 AT W A
BRMERF=ENREZESERN.

Widmer % A iR = e R B B L ST
HER. Kelly &' YOI ESEB REARSHAE
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G5H. BRI R R B TR 4 KA N R
H, LE N SRR I A ZE oK. Hulten 5542 H H)
CVFT'* P& & BT A TR 1B 74 ; Nunez %
$2H T OlineTree2 , B 1k o P B AT 7
RERYE— AN Rl 85 O AR ER R R BE , MW E T
Web, B 1B 7 6 /N 4) R4 RO HE B9 4
6141

ZRRGEREYGFINMARREZ—. B
WAMEE TR R BF T R SE L S A AR R
EIHEELMT HFERR, AR IRAAEEE
43 2 AT TE : 1) R B B >0 SR X U I SE v
Pt o52) BT RS IR BB A YR WL 5
B2, B TR £ 4r e R R R = S Bk, BT
% B I ZEEAR B R —3E .

FI R B T 5 W o 8 I S i A e > L [
RATHEMNEOER. XRBEERFRERIILREH
IGRBEAR S B TR BRI REAR R 434 . Street 1
1 T SEA (streaming ensemble algorithm ) B ¥, %
BRI — TR R B A R KB A
WEHIIB AT, MRFR 7248 BEORZE , T SEBEx
FORE SR . SR AL SRR SRR A B, AR BT
BEEH KA B LR IE 43 K45 M B4 , BRI G SEA
T — B ] P9 A AR IR B BT, Wang S 424 T

—A~2 1l SEA B AWE (accuracy-weighted ensem-
bles) Bk, B ERBE I RENVGHALHTE
B FLS A HIAUE. Kyosuke™ $2 1 T ACE (adap-
tive classifier-ensemble ) B %  Z B ETEE R 455
HOEEAS B3 T — BB BEATTE L 2 T B4 K5 4%, U
REEEXMESERKN XN #E E. Mublbaier
F M T Leam + NSE, ZH LRI E VI
FIPRBMERT LHEBRFTREINGFHEALE EH
GrIPERR , R JRBE AR A X B A MEL RN & 2R 4 K A
ROAE. X2 RERETRTALXBEEHES
ERRN T, RIS K ERFE LR KHNEE
BB, AR5 L 43 S 45 BE PR o 1 b BT . R 4R
USRI T — B R T I, RS R A
SIRBERIESIRE LR HSERE5SH M EZH
HIfR R IERS SRR R REE T BET
—METXEE O, ZEEEE O L
ANFAE O, LIRS O oy TS ERA .
Pl X BB — L A, BMRE — s S
BARSER, RIH e T AR R 4.
FET IR F S BB BE W SEE 5 >
KB %5 Adaboosting B %5 i B B 251 Kolter 542
H T HF BB IS (DWM) By I 5k
A1 AddExp™ i3 3 REAR 1R 5 B4 JE S 1 40 etk
BEShA MU IR E MR RS He RS BT
—MET 2SR SERZHEL, BKEEK
BEEE AddExp KDl R EFS; EHHEREA
73 %% #2 # T IKnnM-DHecoc $3% , AR
BB ANSER S AR RASER, A G RE
TR 5 B SRS AE R SE Bl R 245
3.2 BIEBREREIERHAR
BEERYIRE I HER FEEE THELYIHE
B BIFRISE. Kun'™ 45 11 T 7R — &2 T 8EIE
RUE#H 2 (PAC) &AM T, LN T —MEEH
PAC %3 Tt Bk 4 AR | 5 Helmbold %1
TERSE WML SRR A IR AR ARG R T
KT A H TR SRR I 575 Barve V57
RTERRIEJZROOFLT , B w M
462 AR SR A B IR ; Wang %™ 44 1
T HERAHF R EET R SER Y S HEIRE
W1 Kolter %™ {EW T AddExp B9 4% i % p9 575
Kuncheva 255 R & <7 B E 18 305 O /DR HE
R, 4 T R RBEEINE O KPR XER;
Minku %13V 0047 T 43 J688 22 18] 24 B ( Diversity )
SRR TR AR T ).



- 98 . BB R & % #®

LR

3.3 EAREBHAL

R SR RBCA 3 Fhov ek MRk B
R

1) HREY:. BER YA R BN B RENGE
B4 25k R, 404325t RE tH B KT P, X 1A BT
R EYNGE PS5 H M SER. Widmer 1 Kubat'™
2 1Y FLORA RF|E W, RIES LB IERHEAE
T8 DL R4 S R 2R B 3 B O 5 Klinkenberg
a2 o P SR R 2 R 2R I SR P R 2
43 HER RN B 28 (recall) SR SRR S ERE R,
URARE O K/ il i B &g shE 0k
BRR R EVLRZ R R E R SIE DK
/N Last S48 T OLIN, % pliad a4k
SENGESRIER SRR R EF4ET
MRS 5 Gama ™ M AT B — NI SR A B4 1R
43S MR R TN LR AL ) T8 DR R I SR AR A i
RIS A4 &5 Nishida 251 {8 F 40 25 28 50 B B
FRENGEEAR 73 2T R AR YN AR 2
KU RRR I SER; B EES B TRTR
ZRERM . e RRE R AN S ER R
Tk B S EE R P AR R B A i 5k R 3R
kA A AR i, P BB A E A T
DEBR.

2) BE B ¥k Katakis 25" 4 — AN 03 S B 5
— N R, RGN 2 B LR,
H—MREREZMEE. BRED PR ER,
TR BRI & & 5 & BRI OMEE
B, IR R P A MR B Katakis FHIZ 3552
BT X EEMSNRN , B RAE iR 1
S rb B 250 B T R — M.

3) M. T BE RGNS E M — BT
P : BB 737 SRR (R Y 2 0 SR SE IR A i
BEORIN. Alippi 25 R AT h AR FREHL, 83T T
PKIEAR A B, AT B SRR 15 B R
SERRM B Peter £ B T ETHOES
ERR ik, Mt — R BT BRI R
B REAS S Y X 51 ; Kuncheva'™' 78 KL BEBS A1 T 3
iR 2 B RS R EBERAAE A ERSHT
T SPLL A& BRI k.

3.4 BREBHERSEXFARERANRES

FHECNIE , MSEB SRR S B ARBAT
AT SEZB [R5 B i e : Web #0313 E 41T M
U KSR Reuters 1B  KDDCup %k
ﬁ[zo, 40,45 ,48,59-62,66,77,79] J%FH ‘Fﬁﬂ;ﬁﬁm'm . EI ﬂ

%@[29] . Eﬁ.m?ﬂmﬂ[29'31'39'44'52'68'72'80] \TREC[32'33'69'82] .
BERR A U %) Neflix W 5% R R &£
Yahoo MHI%cHE 7 L HE R4 " BB BN
A ARMEE  SOERERY | SR AT
B3 T HAE IR B TR & NS
B R AR SR A

SR B B i A THE AR SR .
STAGGER %{ ﬁ %[2,15,29,30,31,37,40,57,65,70,84—85] . SEA %{ ﬁ
%[11,19,29,31 ,37,57,7273,75-18 ] \%%ﬁﬁmm ,61,84-85] \%%:\FE
%%[14,28 ,31,42 44,49 61 ,66,76-79,81 ,85-86 ] .

54k, UCT o ) — e B4 £ % P T A
ﬁ%%ﬁg@[m,um,u%,n,mm,68,72,77,92] .

4 MEEBERERSEFXNIFS

4.1 BSEBBERDHLINFEESS @ET
KPR A S E R BRI &
7, B I E B B2 AR o T S T T RS,
B B R B A T R A B S A
W, LT O M TR B0 O o 4 2 1 R - 4 ) .
Gao 2 BFT T HE A EER HUIR W2 ST P 9 25 B R
AR, X BB R Y SR b i 2 (BB
ZHE)HARRER TRE BIEE%I
A (RE AR B B 2K) BEA B BT REVI % &
P BREARS IR — T &, REHEFES 5
S5RTE£EERTRE BIANTFESINES
K%, LIS TN 5 7R SR AR AR 1 2 IR %% 37 ; Chen
41 3| Fj Mahalanobie B 85 M B % 5 32 i i A 2>
RREA PRI A S B HTRENAARA
EA I, LIBBR LA FAL ; Lichtenwalter 27 31 /&
T EKIMBEARBEAT T RAE, B 2 J b Be4E R 210
BEAR S 280 AR BEANM BN 258 5 Gregory &1 3R
F Gao BRI 7 8: , SCHRXT B 37 R AR AL 1 22 B
%3] SRS EATEH Learn + + NSE iy BUE {8 HAR
MEARMPRNELE, THHSEINGTH%EE
B4R Fi; Zhang 510 143 FAER B9 A FBEAI A VI
G F BB RBEYIE. B TAEE
TR, XM R AR BR BUE 7E SR A T R 1R
T T KB AT > Bk e s B o Ae.
4.2 BESEBBERTHESESHIEE
Widmer W B BHMEEIN THESEES
B (B R A IR BRI M B S S (A
HIREABBZEAR R X IE. Widmer 242
2 S A HNR R R, YO IS S
FH B, 77 59 4 26 50 F HT0E ; Ramamur-



F2H

X#R,F RS EBRIER SRR ER - 99

thy @ BB AR AR BHBLRES, YRE
BIHTEIR A , S PRI 4R AR e I 4 SR BT
R b B4 S0 Bk T T IR R B T
W, ISR B A0 A 2 22 v DR R R 4 43 25
B R R LR BRI R EIR R RSB TEXR
H B BIHE &5 Katakis ™ B — AN S0 Bt b B — A
BEHE, RSB SRR R LTSRN Ak
YRR AR E M S BINES, BMES 8
BB R T BB A A RE, R RER
FEH T B 8 S SRR BT B M SR X B B 232
BA% LS RETEIESRE, BRESS
ZHHTRRM B AEARTRBETOEES; Ma-
sud 21 o Y A R BRI BT BB A BT
BTE%IME. U EX sk FENAR R TH
BRIFDRE BT E (KK TRESEMEE,
K/NUPBAR B 43T A G R BURE A ).

4.3 BAEBBERPHEUESISEHES

Gk

Klinkenberg'™’ %5 B 1 3 v 8 7 M & A $0 4R
oA e i 2 Wl 2 S [ . 7R E M AT BB Ik
£ E5BHNRERSFHRRMET BN EHRE
K BIARE BREASE IR B E O B K /D ; Xue 17 4f
XI5 eI TR % T A LA B SR R I ke
ATHBARER BT, Fd T o A 2 8wk
REAAE T 425 BIRE AR B B0 8 T St 2 1S i 2 7
Zhang T RK-TS3VM B, BB LB ER
PRV GETHHEART B KR EMR S
ETHESERTIN N 4 N TR, RERIETF R
BYEEE TS3VM 3 RK B S W¥ I Mo %K; L
aSIEH T SUN B3, B FET k-Modes /)
REFER LI TR PIFR S REA KPR ME R, 3
T8 PR A B 2 T SE DA S R R .

Fan % 8 i T R B EE L RE R AL BIFR
ER T LA R 2 MR S E R TR T
FAT B ARG HERR L I A5 5 % S B4R
RO URMBINESER S, RIERE AR IR ER
Yr, 36 4% 1 3 25 i — B 40 BE A 19 26 B AR 5 Zhu
S R MR R KB E R AT 2 AT
SEREAR, 4 B RIAR R, HE A A B B AR I,
(15 48 B 40 2K 28 BBIE DT A 148 5 Masud %! fi P
EEEIE, EAPERR T RS T H%
BILL R Bk 6 7 EARTE BYRE AR ; Zliobaite %5 & X%
SR R A B B A HAE Y KT M TG BT B 43
KRR A, 4RI T W28 R 52 ok 5 W IR HL A

SEMEENS L LR R TR R SR A, RBEEE
BRI B REAS BRI DM RS 5 Chu & SR T 2
FOMPHRMER ES% I B, RERHHER
TSR e SE TN TE S BIAR R A I 3 B TR 16
1018 E BB A A Y BT S R TR

DA b S e B o P W ST S R B R IR
WA R BIARRREA B R, S8 3 32 T S e ok
BRI SRR B R A HEATAR I, (B R W2 5
3% T H A TR M 45 A 7 k. Kholghi™ ' #2 1
T — A2 W N S Bl S ARG A BT S A AR
R 8K R

5 HEWFA

EE U BT R, B KA SRS R
Wit I BRI SRR R R R FELL T
5 AT E R R

1) %R 3. T 7E— Bt ] AR SR K
TEH, 2 REREERESRERET BT
AR, X FHT BT H SR HALENITT 46 H B
AR R K. T HAE RA A RA Kl
KR T, 220 ARG RMERNE RS =4 TR0
K. INFHE X AR 7> Hede M T Tk JK KA #
HRE KRAYHK.

2) REgSCHi iG>, Bal B BE A E
1 UNGRAEARIRAR L 732w B SE DL VR B 45 77 ok SR AR
FHE SRR XA R BB 2 S — M, X
FPHT BT AIRMELMRSS. i TS S E
HE M, Hy= AR R 2R E SRR, R BEA
B B G IR TR E L. S ER P EEM
SHRTE VA 28 E 5 T RSN T iR B AR R
3) HETEAS A TN X LA VA S M. DR B & i
SEBRAERIERERERGHIIGEASE BY
RITRBHI SRR TR RN AR5
XHDRH B HEF AR HARA LHIRE
i B BT A A I 75 K TOTE SE M.

4) BT R EAEAR S B RS YN Gk A R 43 A
BB IER. I — I 20T 90 BB R R HE A |
BB & A REBEIRB U AR A R 20 BB &,
B ERA SR THR SR LT ETIREEN
HA. RBHRERHAFSRERBIGHALDR
AEG A, A RS ER X BIRH TOIh SE .

5) HR BT . REBM SRR BIE R
FEZBUSEBAPIF R, R0 2 B Ay L, &



- 100 - OB %R

% ¥ #M LR

EREE L MESEBHER SRR SRS
ForRHHERBN A M EHE R MSER RN
FHEBARI R BEH R, CRUSH — 3l
W kB SR GA IR AR L.

6 HXiE

BT IR KPS TR T ERE
PR, ABSCAEIE I S ST AT AR R
PRBAEMK RSB BMEEBBIR R R E
BT SR B SR A B W B ST R B 3 4
ANFESTBE T 2E TR SR BRI 2K R
B EZRH BB TAE, 3R T Har i S E S 2R
HARGFENRE RERSERBERIRES
BUS T EBEBIRBR, BE&BEOv &% I PR
B — R T HIFIE R B B, A EE AR
Z ORI, TR A E AR AR B R

SEM:

[1] MITCHELL T M. Machine learning [ M ].
MecGraw-Hill, 1997 15-37.

[2] SCHLIMMER J, GRANGER R. Incremental learning from
noisy data[ J]. Machine Leaming, 1986, 1(3): 317-354.

[3] GROSSBERG S. Nonlinear neural networks:
mechanisms and architecture[ J]. Neural Network, 1988,
1(1) . 17-61.

[4]KUNCHEVA L L. Classifier ensembles for changing environ-
ments[ C]//Proceedings of the Fifth Workshop on Multiple
Classifier Systems. Cagliari, Italy, 2004: 1-15.

[5]TSYMBAL A. The problem of concept drift: definitions and
related work. TCD-CS-2004-15[R].
of Computer Science Trinity College , 2004.

[6]1E%, ZRE, BB, % HEREELSLBEREGR
[J]. HENME S AR, 2007, 44(11) ; 1809-1815.
WANG Tao, LI Zhoujun, YAN Yuejin, et al. A survey of
classification of data streams[J]. Journal of Computer Re-
search and Development, 2007, 44(11) . 1809-1815.

[7] ZLIOBAITE I. Learning under concept drift; an overview
[EB/OL]. [2012-01-12 ]. http://zliobaite. googlepages.
com/Zliobaite_CDoverview. pdf.

[8]HOENS T R, POLIKAR R, CHAWLA N V. Learning from
streaming data with concept drift and imbalance; an over-
view[ J]. Progress in Artificial Intelligence, 2012, 1(1):
89-101.

[9]GAMA J. A survey on learning from data streams: current

New York:

principles,

Dublin; Department

and future trends [ J].
2012, 1(1) . 45-55.
[10]OVERPECK J T, MEEHL G A, BONY S, et al. Climate

Progress in Artificial Intelligence,

data challenges in the 21st century[ J]. Science, 2011,
331(6018) : 700-702.

[11]STREET W N, KIM Y S. A streaming ensemble algorithm
(SEA) for large-scale classification [ C]//Proceedings of
the Seventh International Conference on Knowledge Discov-
ery and Data Mining. San Francisco, USA, 2001 377-
382.

[12]ANGLUIN D. Queries and concept learning[ J]. Machine
Learning, 1988, 2(4): 319-342.

[13] DOMINGOS P, HULTEN G. Mining high-speed data
stream[ C]//Proceedings of the Sixth ACM SIGKDD In-
ternational Conference on Knowledge Discovery and Data
Mining. Boston, USA, 2000: 71-80.

[14]HULTEN G, SPENCER L, DOMINGOS P. Mining time-
changing data streams [ C]//Proceedings of the Seventh
ACM SIGKDD International Conference on Knowledge Dis-
covery and Data Mining. San Francisco, USA, 2001: 97-
106.

[15] WIDMER G, KUBAT M.
environments by explicit context tracking[ C]//Proceed-

Effective learning in dynamic

ings of the Sixth European Conference on Machine Learn-
ing. Vienna, Austria, 1993. 69-101.

[16]KELLY M, HAND D, ADAMS N. The impact of changing
populations on classifier performance[ C]//Proceedings of
the Fifth International Conference on Knowledge Discovery
and Data Mining. San Diego, USA, 1999 367-371.

[17] NARASIMHAMURTHY A, KUNCHEVA L I. A frame-
work for generating data to simulate changing environments
[ C]//Proceedings of the 25th IASTED International
Multi-Conference : Artificial Intelligence and Applications.
Innsbruck, Austria, 2007 ; 384-389.

[18]MINKU L L, WHITE A P, YAO X. The impact of diversi-
ty on online ensemble learning in the presence of concept
drift[ J]. IEEE Transactions on Knowledge and Data Engi-
neering, 2010, 22(5) ; 730-742.

[19]ELWELL R, POLIKAR R. Incremental learning of concept
drift in nonstationary environments[ J]. IEEE Transactions
on Neural Networks, 2011, 22(10) ; 1517-1531.

[20] MASUD M, GAO J, KHAN L, et al. Integrating novel
class detection with classification for concept-drifting data
streams[ C]//Proceedings of the European Conference on
Machine Learning and Knowledge Discovery in Databases.
Bled, Slovenia, 2009 79-94.

[21]MORENO-TORRES J G, RAEDER T, ALAIZ-RODRIGU-
EZ R. A unifying view on dataset shift in classification
[J]. Pattern Recognition, 2012, 45 521-530.

[22] KILANDER F, JANSSON C. COBBIT—a control proce-
dure for COBWEB in the presence of concept drift[ C]//

Proceedings of the Sixth European Conference on Machine



F2H

X#R,F RS EBRIER SRR ER - 101 -

Learning. Helsinki, Finland, 1993 244-261.

[23]BLACK M, HICKEY R ]J. Maintaining the performance of
a learned classifier under concept drift [ J]. Intelligent Da-
ta Analysis, 1999, 3(6) : 453-474.

[24]KUN A, PETSCHE T, RIVEST R L. Leaming time-var-
ying concepts | C]//Proceedings of the Conference Neural
Information Processing Systems. Denver, USA, 1990:
183-189.

[25 ]HELMBOLD D P, LONG P M. Tracking drifting concepts
by minimizing disagreements [ J ]. Machine Learning,
1994, 14(1) ; 27-45.

[26 ]BARVE R D, LONG P M. On the complexity of leamning
from drifting distributions [ C]//Proceedings of the Ninth
Annual Conference on Computational Learning Theory.
Desenzano Sul Garda, Italy, 1996 122-130.

[27]DIETTERICH T, WIDMER G, KUBAT M. Special issue
on context sensitivity and concept drift [ J]. Machine
Learning, 1998, 32(2) : 83-201.

[28]WANG H, FAN W, YU P S, et al. Mining concept-drif-
ting data streams using ensemble classifiers[ C]//Proceed-
ings of the Ninth International Conference on Knowledge
Discovery and Data Mining. Washington, DC, USA,
2003 ; 226-235.

[29]KOLTER J Z, MALOOF M A. Dynamic weighted majori-
ty: a new ensemble method for tracking concept drift
[ C]// Proceedings of the Third IEEE International Confer-
ence on Data Mining. Washington, DC, USA, 2003 123-
130.

[30]KOLTER J Z, MALOOF M A. Using additive expert en-
sembles to cope with concept drift[ C]//Proceedings of the
22nd International Conference on Machine Learning.
Bonn, Germany, 2005 . 449-456.

[31]BIFET A, HOLMES G, PFAHRINGER B, et al. New en-
semble methods for evolving data streams[ C ]//Proceed-
ings of the 15th ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining. Paris, France,
2009 139-148.

[32] KLINKENBERG R. Using labeled and unlabeled data to
learning drifting concepts[ C]//Proceedings of the Work-
shop Notes of the IJCAI-01 Workshop on Learning from
Temporal and Spatial Data. Menlo Park, USA , 2001 : 16-
24.

[33 ] KLINKENBERG R. Detection concept drift with support
vector machines| C]//Proceedings of the Seventeenth In-
ternational Conference on Machine Learning. Stanford,
California, USA, 2000 487-494.

[34 ] LANQUILLON C. Information filtering in changing do-
mains [ C]//Proceedings of the 16th International Joint
Conference on Artificial Intelligence. Stockholm, Sweden,

1999 . 41-48.

[35]KUBAT G, GAMA J, UTGOFF P. Special issue on incre-
mental learning systems capable of dealing with concept
drift[ Z]. Amsterdam; Intelligent Data Analysis, 2004.

[36]GAO J, DING B, FAN W, et al. Classifying data stream
with skewed class distributions and concept drifts [ J].
IEEE Transactions on Internet Computing, 2008, 12(6) :
37-49.

[37]CHEN S, HE H. SERA : selectively recursive approach to-
wards nonstationary imbalanced stream data mining[ C]//
Proceedings of the 2009 International Joint Conference on
Neural Networks. Atlanta, USA, 2009 522-529.

[38]CHEN S, HE H, LI K, et al. MuSeRA; multiple selec-
tively recursive approach towards nonstationary imbalanced
stream data mining[ C]//Proceedings of the 2010 Interna-
tional Joint Conference on Neural Networks. Barcelona,
Spain, 2010; 1-8.

[39]CHEN S, HE H. Towards incremental learning of nonsta-
tionary imbalanced data stream: a multiple selectively re-
cursive approach[ J]. Evolving Systems, 2010, 2(1) ; 35-
50.

[40]LICHTENWALTER R N, CHAWLA N V. Adaptive meth-
ods for classification in arbitrarily imbalanced and drifting
data streams [ C]//Proceedings of the 13th Pacific-Asia
Conference on Knowledge Discovery and Data Mining.
Bangkok, Thailand, 2009 53-75.

[41]GREGORY D, ROBI P. An ensemble based incremental
learning framework for concept drift and class imbalance
[ C]//Proceedings of the 2010 International Joint Confer-
ence on Neural Networks. Barcelona, Spain, 2010 9-17.

[42]ZHANG J, HU X, ZHANG Y, et al. An efficient ensem-
ble method for classifying skewed data streams[ C]//Pro-
ceedings of the 7th International Conference on Intelligent
Computing. Zhengzhou, China, 2011 ; 144-151.

[43]RAMAMURTHY S, BHATNAGAR R. Tracking recurrent
concept drift in streaming data using ensemble classifiers
[ C]//Proceedings of the 6th International Conference on
Machine Learning and Applications. Cincinnati, USA,
2007 ; 404-409.

[44]LI PP, WU X D, HU X G. Mining recurring concept
drifts with limited labeled streaming data[ C]//Proceed-
ings of the 2th Asian Conference on Machine Learning. To-
kyo, Japan, 2010 241-252.

[45]MASUD M M, AL-KHATEEB T M, KHAN L, et al. De-
tecting recurring and novel classes in concept-drifting data
streams| C]//Proceedings of the 2011 International Con-
ference on Data Mining. Vancouver, Canada, 2011 1176-
1181.

[46]XUE J C, WEISS G M. Quantification and semi-super-
vised classification methods for handling changes in class

distribution[ C ]//Proceedings of the 15th ACM SIGKDD



- 102 - OB %R

% ¥ #M LR

International Conference on Knowledge Discovery and Data
Mining. Paris, France, 2009 : 897-906.

[47]ZHANG P, ZHU X, GUO L. Mining data streams with la-
beled and unlabeled training examples [ C]//Proceedings
of the Ninth IEEE International Conference on Data Min-
ing. Miami, USA, 2009: 627-636.

[48]LIP, WU X D, HU X G. Learing from concept drift data
streams with unlabeled data[ C]//Proceedings of the 24th
AAAIT Conference on Artificial Intelligence. Atlanta, USA,
2010: 1945-1946.

[49]FAN W, HUANG Y, WANG H, et al. Active mining of
data streams [ C]//Proceedings of the 4th SIAM Interna-
tional Conference on Data Mining. Lake Buena Vista,
USA, 2004 : 457461.

[50]ZHU X, ZHANG P, LIN X. Active leamning from stream
data using optimal weight classifier ensemble [ J]. IEEE
Transactions on Systems, Man, and Cybemetics, Part B;
Cybemetics, 2010, 40(6) : 1607-1621.

[51]MASUD M, GAO J, KHAN L, et al. Classification and
novel class detection in data streams with active mining
[ C]//Proceedings of the 14th Pacific-Asia Conference on
Knowledge Discovery and Data Mining. Hyderabad, Indi-
a, 2010 311-324.

[52]ZLIOBAITE I, BIFET A, PFAHRINGER B, et al. Active
learning with evolving streaming data[ C]//Proceedings of
the European Conference on Machine Learning and Princi-
ples and Practice of Knowledge Discovery in Databases.
Athens, Greece, 2011, 11 597-612.

[53]CHU W, ZINKEVICH M, LI L, et al. Unbiased online
active learning in data streams [ C]//Proceedings of the
17th ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining. San Diego, USA, 2011 195-
203.

[54] KHOLGHI M, KEYVANPOUR M R. Active leaming
framework combining semi-supervised approach for data
stream mining[ J]. Intelligent Computing and Information
Science, 2011, 135, 238-243.

[55]FORMAN G. Tackling concept drift by temporal inductive
transfer[ C]//Proceedings of the 29th Annual International
ACM SIGIR Conference on Research and Development in
Information Retrieval. Toronto, Canada, 2006 ; 252-259.

[56]BEN D S, BORBELY R S. A notion of task relatedness
yielding provable multiple-task learning guarantees [ ] ].
Machine Leaming, 2008, 73(3) : 273-287.

[57]FOLINO G, PAPUZZO G. Handling different categories of
concept drifts in data streams using distributed GP[ C]//
Berlin: Springer-Verlag, 2010 74-85.

[58] YANG S, YAO X. Population-based incremental learning
with associative memory for dynamic environments [ J].
IEEE Transactions on Evolutionary Computation, 2008, 12
(5): 542-561.

[59] WENERSTROM B, GIRAUD-CARRIER C. Temporal data
mining in dynamic feature spaces| C]//Proceedings of the
2006 International Conference on Data Mining. Las Vegas,
USA, 2006: 1141-1145.

[60]CHEN HL, CHEN M S, LIN S C. Catching the trend: a
framework for clustering concept-drifting categorical data
[J]. IEEE Transactions on Knowledge and Data Engineer-
ing, 2009, 21(5) : 652-665.

[61]MASUD M, GAO J, KHAN L, et al. Classification and
novel class detection in concept-drifting data streams under
time constraints[ J]. IEEE Transactions on Knowledge and
Data Engineering, 2011, 23(6) ; 859-874.

[62]ZHANG P, LI J, WANG P, et al. Enabling fast prediction
for ensemble models on data streams[ C]// Proceedings of
the 17th ACM SIGKDD International Conference on Knowl-
edge Discovery and Data Mining. San Diego, USA, 2011 .
177-185.

[63]KOREN Y. Collaborative filtering with temporal dynamics
[J]. Communications of the ACM, 2010, 53(4) ; 89-97.

[ 64 ]KLINKENBERG R, JOACHIMS T. Detecting concept drift
with support vector machines| C]//Proceedings of the 17th
International Conference on Machine Learning. San Fran-
cisco, USA, 2000 487494.

[65]WIDMER G, KUBAT M. Learning in the presence of con-
cept drift and hidden contexts [ J]. Machine Leaming,
1996, 23(1): 69-101.

[66 ]FAN W. Systematic data selection to mine concept-drifting
data streams [ C]//Proceedings of the Tenth International
Conference on Knowledge Discovery and Data Mining. Se-
attle, USA, 2004 . 128-137.

[67 ] SALGANICOFF M. Tolerating concept and sampling shift
in lazy learning using prediction error context switching
[J]. Arificial Intelligence Review, 1997, 11(1/2/3/4/
5): 133-155.

[68 1ZLIOBAITE I. Combining similarity in time and space for
training set formation under concept drift[ J]. Intelligent
Data Analysis, 2011, 15(4) ; 589-611.

[69] KLINKENBERG R. Learning drifting concepts: example
selection vs. example weighting[ J]. Intelligent Data A-
nalysis, 2004, 8(3) : 200-281.

[70] KOYCHEV L. Gradual forgetting for adaption to concept
drift[ C]//Proceedings of the ECAI 2000 Workshop Cur-
rent Issue in Spatio-Temporal Reasoning. Berlin, Germa-
ny, 2000: 101-106.

[71]OOMMEN J, RUEDA L. Stochastic learning-based weak
estimation of multinomial random variables and its applica-
tions to pattern recognition in non-stationary environments
[J]. Pattern Recognition, 2006, 39(3) : 328-341.

[72]NUNEZ M, FIDALGO R, MORALES R. Learning in en-
vironments with unknown dynamics towards more robust

concept learners [ J]. Journal of Machine Learning Re-



F2H

X#R,F RS EBRIER SRR ER - 103 -

search, 2007, 8. 2595-2628.

[73]KYOSUKE N, KOICHIRO Y, TAKASHI O. ACE: adap-
tive classifier-ensemble system for concept-drifting environ-
ments[ C]//Proceedings of the 6th International Workshop
on Multiple Classifier Systems. Heidelberg, Germany,
2005 176-185.

[74] MUHLBAIER M D, POLIKAR R. Multiple classifiers
based incremental learning algorithm for learning in non-
stationary environments[ C]//Proceedings of the 6th IEEE
International Conference on Machine Learning and Cyber-
netics. Hong Kong, China, 2007 ; 3618-3623.

[75] 4R, £, k2. E2TURESEBENTEREES

EBGWT]. B RFEER: AR, 2010, 37
(6) : 3640.
WEN Yimin, WANG Yaonan, ZHANG Ying. Fast detec-
tion of concept drifts based on confident majority voting
[J]. Journal of Hunan University; Natural Sciences,
2010, 37(6) : 36-40.

[T6 1RE4E, XRE. —FIZHELSEB LR R A LA
EREE[T]. HENRE, 2010, 37(1) : 204-207.
GUAN Jinghua, LIU Dayou. Selected ensemble of classifi-
ers for handling concept-drifting data streams[ J]. Comput-
er Science, 2010, 37(1) : 204-207.

(7718, KED, 92N, F. —FHETHEE DS

EBRBERRAREE(T]. AR, 2011, 37(9):
1078-1083.
ZHU Qun, ZHANG Yuhong, HU Xuegang, et al. A doub-
le-window-based classification algorithm for concept drifting
data streams[J]. Acta Automatica Sinica, 2011, 37(9):
1078-1083.

(78130, BEE, XE, %. BETE4RSNEERRTH
BLEEBEZMIT]. A3k, 2008, 34(1): 9397.
SUN Yue, MAO Guojun, LIU Xu, et al. Mining concept
drifts from data streams based on multi-classifiers J]. Ac-
ta Automatica Sinica, 2008, 34(1): 93-97.

[79]F%k, 34518, BRR K, %. IKnnM-DHecoc: —F'f# Ht

BSEBREREELT]. RN SRR, 2011,
48(4) : 592-601.
XIN Yi, GUO Gongde, CHEN Lifei, et al. IKnnM-DHe-
coc; a method for handling the problem of concept drift
[J]. Joumal of Computer Research and Development,
2011, 48(4) : 592-601.

[80]KUNCHEVA L I, ZLIOBAITE 1. On the window size for
classification in changing environments[ J]. Intelligent Da-
ta Analysis, 2009, 13 (6): 314-323.

[81]MINKU L L, YAO X. DDD: a new ensemble approach for
dealing with concept drift [ J]. IEEE Transactions on
Knowledge and Data Engineering, 2012, 24 (4): 619-
633.

[82] KLINKENBERG R, RENZ I. Adaptive information filte-
ring: learning in the presence of concept drifts[ C]// Pro-

ceedings of the Workshop of the AAAI-98/ICML-98 on
Learning for Text Categorization. Madison, USA, 1998
3340.
[83] LAST M. Online classification of nonstationary data
streams [ J]. Intelligent Data Analysis, 2002, 6 (2): 1-
16.

[84]GAMA J, MEDAS P, CASTILLO G, et al. Learning with
drift detection| C]//Proceedings of the 17th Brazilian Sym-
posium on Artificial Intelligence. Sao Lufs, Brazil, 2004 .
286-295.

[85] NISHIDA K, YAMAUCHI K. Detecting concept drift u-
sing statistical testing[ C]//Proceedings of the 10th Inter-
national Conference on Discovery Science. Sendai, Japan,
2007 ; 264-269.

[(861% 5%, £R¥, Br, %. —FiiEE R SERH

BERASRERET]. HENHRRERRE, 2009, 46
(Suppl) : 400-405.
LUO Xiu, WANG Daling, FENG Shi, et al. An algorithm
for classifying data stream with recurrent concept drift[ J].
Journal of Computer Research and Development, 2009, 46
(Suppl. ) : 400405.

[87] KATAKIS I, TSOUMAKAS G, VLAHAVAS I. Tracking
recurring contexts using ensemble classifiers: an applica-
tion to email filtering[ J]. Knowledge and Information Sys-
tems, 2010, 22(3) ; 371-391.

[88]ALIPPI C, ROVERI M. Just-in-time adaptive classifiers—
part I; detecting nonstationary changes[ J]. IEEE Transac-
tions on Neural Networks, 2008, 19(7) : 1145-1153.

[89]ALIPPI C, ROVERI M. Just-in-time adaptive classifiers—
part II; designing the classifier[ J]. IEEE Transactions on
Neural Networks, 2008, 19(12) ; 2053-2064.

[90]ALIPPI C, BORACCHI G, ROVERI M. An effective just-
in-time adaptive classifier for gradual concept drifts[ C]//
Proceedings of the 2011 International Joint Conference on
Neural Networks. San Jose, USA, 2011 1675-1681.

[91] PETER V, ABRANHAM B. Entropy-based concept drift
detection[ C]//Proceedings of the 6th International Con-
ference on Data Mining. Hong Kong, China, 2006 1113-
1118.

[92]KUNCHEVA L. Change detection in streaming multivariate
data using likelihood detectors[ J]. IEEE Transactions on
Knowledge and Data Engineering, 2007, 6(1): 1-7.

[93 ]KUBAT M. To load balancing in computer networks[ J].
International Journal of Cybernetics and System, 1992, 23
(3/4) : 389-400.

[94]COHEN L, AVRAHAMI-BAKISH G, LAST M, et al. Re-
al-time data mining of non-stationary data streams from
sensor networks [ J]. Information Fusion, 2008, 9(3):
344-353.

[95]HARRIES M, HORN K. Detecting concept drift in finan-

cial time series prediction using symbolic machine learning



	1
	10
	2
	3
	4
	5
	6
	7
	8
	9

