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Abstract Data streams mining has become one of hot topics in the area of data mining. Because of the existence of con-
cept drift, it is impossible for conventional classification algorithms to be directly applied in data streams environment. In
order to deal with the concept changes in data streams,an algorithm based on Kappa coefficient was proposed. The ap-
proach uses ensemble classification techniques and a weighted voting strategy to decide the labels of test sets,in addi-
tion, the approach employs Kappa coefficient to measure the performance of classification system. When the performance
of classifiers decreases significantly,an alarm about concept drift will be made and the algorithm will apply prior know-
ledge to delete inaccurate classifiers to adapt to new concept. The experimental results shows that, comparing with the

contrast algorithms in the experiments: BWE, AE and AWE, the new approach can not only possess better performance
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for classification, but also efficiently decrease time cost.

Keywords Data streams,Concept drift, Classification, Kappa coefficient

1 8|§F

REEEBHSRRR, MEiEEE B THS BREXS.
BARE U | P LR B IS H VR SO A T KB BRI, X
B SERNBSEEE FRERX A, A RARETLR .
HELEZE LSRR SR, B AR EERIZE T EE s
FERIPEM .

IEAER , BOE MR T2 E N ER, S 2 a5 8
SEBH SRR T ZMBFRD . Shaker F AR H
T — R T LH H B W4 2 H k IBLStream™ , e 2 5
KNN B0 8 PRAF A R 4 37 B R i B8 s B B g
B HE TAE6 L IR ENTR AR/ RS, TR KT
BHITREARERNERE, BHB/DHHERE, HESHR
R ERATRESEBRN . SIS R E R SE

SRS H#.2015-10-21 R4 H#H.2016-03-25

Bl B, Gama % A R H T —Fh 0% 3 it S B 1
WEE, ZEERWBEAE LR T k5 IBLStream 24, 24—
AN G SH E) TU 7 1 R AL E I (LA T 12 4 3%
BZ o FBJMABI S RAMBIEE TR ARG F . Bifet F A
T —fh B5E M E O 8 Hoeffding 8 5 HWF-ADWING! , 3%
J5 %t FEI S 8 548 A A Hoeffding RE R, &4 B AME
TRAR B 2 X0 OF 50 TR M SR X AT U AT R 4 5 RIS 244 T
Bl KA HER R B E R EBCEN AR —REE TR B &
PR EERRR T HRIRE TR, MASE TR EELY
BT LUSRBEXT B0 88 o BB S B . $H X RAE RBER B
BRENLOBE G ERENEL, WuEARE T —FEEHL
PRI R CORT BB, B o i P o B 2% ST HOR,
R FA B2 1) BARSR X RARIC MR BEAT AR IE , B AP KT R
MY HSRA PR B 8 R 0 52 2 RUR A, (8 TR B 5

FIXXE R A AP FEE (61202018) 8T 8h,

BB (1989— O, B, W44, FEI 7 | I L4823, E-mail: xushulianghao@126. com; E8 LT (1979— ), %, 1§+, BIBE, B+ 4 205,
FEE IR BRSSP 88% 3, E-mail: wihwjh@sxu. edu, enGEIEEE) .

¢ 173 »



WG SR I o R A TR S K BB A A S X M S R R A
PR AR IC BB TR A R, Gama F AR T —Fh 2
FOEBRHETHESEBRMNEE" , ZBRZER W
K, R\ R R AT RIS RS KRB SRS FI A
Page-Hinkley MR #F 1T HE S A . Brzezinski #H 7 —
ol RL X AP 5 43 25 R AUC B, B B3R A ROC iy
LWTHFHBRREEERAERE. RN THRIEEERHNES
THRE, RF T s & OALE 0 T RER b E R B ot i
FAELAUCE LR TUBMEWM R RERE, YR AH
WRGAT R, IR B R, R i A BT 8. Rut-
kowski AR T —F & F McDiarmid R 2= # McDiar-
mid Tree B3, ¥k 5 VEDT BHEDV 20 Bt B R
KESHENE - REREERBESRBHE, HEZEN
BI{E M McDiarmid FR5E , & B H r K BT LLAE
BHLRER WERERRECEE R, b THRBERB MY
BT S A NGITHE R 1558 R b B E R
E—ERE LB TR, Dectert £ T —FEFH A
HIBIBR B BWEDN B R IE 0 K 85 R T 43 2%
B R B BUE , AT A B R AL HI SR i i 2R 3R B e R o
PR R R EREM T 2R BN MAES, Zhang A
RET -MREEERNSLEE AEY , ZB R ERE R
AR | A b A b R eI 2k A 2528, ZEK S 1) BRI
AR ER B GHER NS AE S, FEE W EF AR —
BB FA R RE S, AR ZHEENH NG
SrRLERMI YR, Wang EARY T —F 2T Top-k HLi
B AWE B0 S Bk 7E 1 sh 81 O i A B B0 B, AL
BRI RING—TF LR ELHRE, RENEH
BISr2EaR s b MU R B 288K R A EEEH T4
%, FEPEE R BRI BRI RS E .

R T R BRI S R R A, AR SR T — R
F Kappa ZEHEIER 52K E 1, (Data Stream Classification
Algorithm Based on Kappa Coefficient, DSCK) , iZE L 7F 432
i AR R A A EUR B 2 2 55 R 09 Kappa R 80 FiL A
Kappa ZECREMEIER PSR TR AR . YEIER
HEIBEERE T2, RESKIECH AN, REPEHA AR
FEBERMSEBER. B FLRFHOTHLERE, A8
B AME B 2R TS B MO ME TR SR , T ELAE B P4 bl — R
ERFEAR, U TRITHER.

ASCH 2 VAR T MRS, AU A S E R AT
THRBEEIYNHETHET Kappa RHABIERSHE L,
MM AT DSCK Bk MRATHER; 5 4 Wil 728947,
P AR 8 A0 B SC B SRR R B 0k PR BE s 8GR
EERS X &SCHAT RS B E R KM TAE,

2 HXEE

Bl e vdimyvdy s dir sV ARG E N BIR R 4. R ¢ B
ZFE B W T B — R, d = (x,.),i=1,2,, &
B x={a1 ,22 23 *** s ) N dy E%’l‘)ﬁ‘ﬁtﬂ@ﬁlfﬁ’yz AR
B X R AR, HEE v €.

FERARRIRSE T , AT R B BRI %
B BT T NIRRT (B RubA 3RE B,
— R AR ShE OO AL, BRI B 4 B — A R S, A

e 174

Z R A —AaE TR SGE AR, RA B 58 MRl HE
H N EEEIF RIF T — D8 DR A N

EX 1 RE N REINLE RS REXNEHE O AE
PR S R G R R B IR LA T BARAKE » WFRLE I B it i)
HIZBHENES R EY. B Plerrbest<le)=1—a, HH:
err JT 2R3 AR PR R BB IR R, best AR BN BE
RIS AR BRI B BEIR R, o W BEHKF,

EX 2 FE e Bz RS E O AR EEE AT I RRE Y
BEEh M, G A i8] 5, FE IR 088 BEAT VI SRERABAE &R
N g M=N, MHREHERE M BN ERE T BEERER.
FEE T P A RE AR A8 Ak B e B AR B 1) P S LAY, TR b
KA EEB R TSRS HHER PSSR E
AT TE B A B (8] P9 58 L B4 SR O o S8 B FO 408 50 TR 8 O i
XEREB,

HERERTHIMEREREE, REDPRBHHFERES
DI RHRRE b Tt o 75 2R B — 2 B SR R BB i KA R
48, LU PR T P ET S

3 BT Kappa ZHHBBERSAE X

3.1 DSCK EHEpyEAmE

ELWLEF AREEETEXELNR LK HEEL
W R EEREA B, AT BB B E X —E:,
Cohen #2811 T Kappa &%, Kappa R E—FERNBLEE
—BHER SR 3L o (AR T,
%Ef 5
HA, po BRI —BOR, p. ERBBMN -
2, KRR TERRVSAA B —B:.

EBIERIAE P, R EUE RS R e, W EEE
RS, RE BN EESEFERIFRABTRE )
B RBREN SN BIBR I RERERREESHER, ZF
DRB/GEE R R R T BEM T, T LIAN
MATSIERNB SR E THAE. N T HEE A A Kappa
RECRE R AR AR BER R, A 3C X Kappa ZHUH
KEBEHTTEFH X, WX () FR .

x=%$f @
Hp, p AR RGO HREIESR B, 588 RER=;
PHANEBARGHENFALRBEME F—RESER 2 AN
BB A4 T SR, Hik s (3 &

Z>=Limax(pj) 3
nj=

Hd, p={pnspjzs D VADEBELGF kAT oIt
BIERB; SREHRENES . » IYUWHEHR B, 5 —K
BSER Z SRR EE .

f (DT LA Y, Kappa REUTBL T LRI K85 5200
BEERE R AR Z A 22 R, JLMR /N R 0 M4 43
KPR TERERSF , BB B3 L P B b T AR B B VT RB P
K RZ BT R PS4 F RN w s k. &
Kappa REATTE 0, 6 pRIEM Z AT SR E M 402380
PERE , AT R 63 T AAL LE AR SR BB S R A 2 B e
M= N — R FIBR IR,

=



FESLBRIL e B R SR BUR — MBI ) &L, 0 SR
{EHEB /N EE S SR S R T EUER R
EHEBGT RS E BN AR RN i TR, X E
MBS LN, I THESERSENRME, &35
AT EH,

FE 10D X G=1,2,3,,n) R RN T4 B Bl

BUER, BA Xi=0 5 1.} S=2X, () = A FAH
0<e<<L, EH I T A HFZL -

P(S> Q+w=P (|S—¢| >e<e 7 @)

HEHE 1 AT, AR O-1 4375 B BEALAE B AN 2H 1R i B
MLAE B f TR0 {E 5 B SR (R 4 B30T, R AE K F 3 S (B A%
FEERPOE TR

RE2 =S LoRIE (D MBGES B A
) Kappa REEHURVE RIS AT A o0 <y

N LI St o o BEHEAT  n R,
Y R 2 T
P (1S—pl<ew=P (|2 —£|<E)>1—c (5

A= () AL L EOHE I SRR E BT, 4 RS R
RERNE S B EMRERD
2

l—q=1—¢ % (6)
Frlf(6)48 .

e— [—3Ina__ /_31_1101 %0
M np

T 1—o BRKF T p—pipe = =pe, Bl

_p—p - 1 [—3pIng
'—1—p,-<1—p,- n @

BRI E SN BRI 8, 7] LA S 2 R4
WIS RE R A, RWEE, WA R o280t
BRI T BETL, RAETHEER.

BEEMSERG, BT EMRE —E K Rug KX 7328488
REHTES, EEHMIE S, FEREG R
EWT AR, R BB B LUR W BB Py o B S BV
B, M, X FE TS RO FPH p BRRY
BIFAY2E 7 SHBURR B, S RERGERE p, , HEH
IR s AR KB, MIN R4 2HEF j A ERE HETHERE R
RS FEMBR
3.2 DSCK EHiEmBUTIE

B LA _EFIR AT AL, DSCK BT BT R,

Ei% 1 DSCK
BWACBER S, B8 0 K/ winsize, 43 2% R & ensemble =

NULL, 7 R4 5 225 BB e 5 5 R BB ace= {0}, k
HERFGEALEBEEN LR

KBRS ensemble
While S1=NULL

{
BEB winsize ZBUBTE BB B

1f size(ensemble) ==0

_u
3

{
F B IgG—4 #2288 G, C. weight=1, ensemble= ensemble
G
}
Else
{
Hi ensemble 3t B: #E174338, R B IA R M 7 AR th D SR 3K 78
pi,ace=accUp,, itB H po ;s
For each ensemble(m) € ensemble
{
#R#E ensemble(m) Xt B; 84 R B AR puHl ks

L ot o ARAMOERD

ensemble(m). weight=log

}

>/ 220 o m e

{
WBR RGP A R RN (OB F ke
A B g% — 1 $4r2%88 G, C. weight=p;
If size(ensemble) >k

{
MR — A UE T/ 53288

}

ensemble=ensemblel)C;;
acc=NULL;
}//end if #EAEEE
A Bi &%k ensemble F&—53288;
}//end else
}//end while
7E DSCK B3k, LA Kappa REUERN E R RKBHEGER
TRE RS, SRR R P RS RRERT , &N B4
PERERA — B, B BB T B i o BRI IEE /D, FFE R
(®YIAW., T 8BS R AT IER TR 43 9588, DSCK B i/
FABA-H3 AR Kappa RECRAM T4 BB HERR ST
S5Z A BRMLRSE—B, SRS IFML, R B
BTHEMNFISRBSB RGN, UAIER LR LI
BRE BB FTAR
3.3 HEoW
7£ DSCK Bk M T Kappa RECRE B K&K
R, R SCRRL 17171 %8, Kappa SEi+BARHER 2 KB EME R «
5=, BP0 )
N(1—p)*
Hep, N AR A R K.
FESCIR L A o AR AR IR 7 2 3T B DS H A, MR A
N#E:

N>52(13277)21n (TZ—LQ
W BARBIE H: 5 Bir i H* AARFFEEEY .

P(d(H; , H )=e<1—a an
Horb e o REREH LR, p HRAE RN ER, 2 BT HER

WHEE e HBEWKF. B ARAOBMESHKSE,
B

N

) (10)

- 28
e? (1—2p?
w12 A1,

In <1—2_"—> (12)
(43

» 175 -



= 2B 5,

e \/(1—27;)2N1n(1—a) as
ZEROHFMR(13), W DSCK B iy 73 45 AR R

ERRH:

errorms —1—(1— /M)X
N@a-p)?

28 o 2n
1 \/(1_277)2N1n(1_a)> (10

4 KBS

AT B ik DSCK # 1k i ¥ 68, 18§ BWE'Y, AEMH &
AWERME Jg 5t B v R S 2 MOA R85 p= ik Hiy-
perplane, LEDGeneratorDrift (id 2. LED) , Wave formGene-
ratorDri ft GC 2R : Wave form) 1 RandomRBFGeneratorDrif
GEX:RBPOAMEEESEBH AN THIERE, LK Shuttle
# Page Blocks GE}: Page) W% B UCI WAL HELE.
SRS 3 3% F . Windows7 #24E & 45, Intel Core 2. 94G W
CPU,4GB N fF, BB F 1 Matlab R2013a 323, 7EL K
o E TR UL, For KB H EIR =4, BEH KT o=
0.05,6=107" , AE BB KA R A Ch. 5 ik CART
BHIW, AWE B MR A28 R C4. 5 Bk LU,
DSCK Bk A3 9588 R H CART Bkl
4.1 HUEEHR

Hyperplane B & . H B — D ANTH#E, &F 22 4,
50000 A58, —1 d B FEFEA X BRI T HEERRA

o Sawi=ar, HHEHIE Sar>a 1, HEIRED 1,5
MIFHARER 2,7 00 = Sar.

LED ¥i¥E4 . Had 25 MEM, B 17 MNE XX
B, EIRBERE AT 7 MR VER B Y, U F 50000
AEH I 10 AR RIGERE .

Wave form 3R . A& 22 MEHE, 71 21 NEHEESE
BIEENEBUE, R AF 3 MAFERZEARE R 50000 £ZFH), %
HIBEEH SV,

RBF R4  HZEEER— a4 KN HE S 4
HPABHRE  BURRaE 11 B 81 10 MBS ETER
HEUE , £5F 50000 MEFIK 5 MARRIKERE.

Shuttle BIFE 5 10 B H1 9 4 BHEIETEL
FEABE, EREEAPEE 7 MARERE, HE&F 43500
AHEH,

Page RS - ZBEEFRHIEHFR G 54 MAREH .
F-MREREE— KSR, FEEESHE 11 M4, g R
REF 61 3 MEMBUES R 5 T MEEL BT E R
B, BT ENRERERENERE. ZREELEE
5473 MEH R 5 AR MZEIRAE .

4,2 TWTEMERIH

AT AR E LR IR, 8B Hyperplane, LED,
Wae form ,RBF, Shuttle }; Page % 6 OB E/E L5 HE,
431247 DSCK,BWE, AE & AWE 835,08 T2 page %
I winsize=600, & EIEE N winsize= 2000, 7 DSCK & &
S 2 B 2X10*, BARIFBH LB RINFE 1.3 2 5,

« 176 -

1 IREREAREREE NFEERR

BWE AE AWE DSCK

Hyperplane 0. 6368 0. 7552 0. 6935 0.7315
LED 0.1932 0. 7297 0. 3110 0. 8501
Waveform 0. 6525 0. 7506 0. 6609 0.7894
RBF 0. 2939 0. 6897 0. 4067 0.8293
Shuttle 0. 8691 0. 9671 0. 8691 0.9981
Page 0,92083  0.91583 0. 9200 0. 9271

#2 BB ST R B (B )

BWE AE AWE DSCK

Hyperplane 568. 904 142, 045 928,777 26.023
LED 5. 883 2.289 5. 008 15. 820
Waveform 1876. 724 307, 794 2102. 179 98. 940
RBF 361,781 168. 706 1111. 152 58. 681
Shuttle 602. 333 128, 618 999, 731 3. 559

Page 26. 041 10, 594 34,474 0. 525

H#R 1 HER 2 HEESTS EARBRNBESL I,
DSCK B AME SRR 5, M B PR dRd, Bk
It BES k. 7€ Hyperplane U5 I, DSCK Bk ER R
BT AE Bk, BT HERE, AE B ETRE N
DSCK B k& 0. 0237, HE#EA et R & DSCK Hik#) 5. 46
A MNEESHRERE DSCK EEHHREEMR T AEE
*.

M3 13%E .7 LED f RBF 454 - ,BWE fl AWE &
BHMERE Y DSCK fl AE B 2B 43R . tHIXH
HMAEFES BWE M AWE BB ERNREE X,
£ DSCK B, YR A AERE, BB g a%
PR F I RB R £ AER ST, B Ea
— AR A MIBR Z AT A 288, K P REE W EE
g o288 U R R RS REA TS ERNT
SRBLUBREEEMER, AES5RHLEEHRRE S,
7€ AWE #1 BWE Bk, b A LS BRI R B 201
WH G, BB —RKINGREB k- AFEERNFoL
8B UREPA BN EBRRFFE LTSN WX
EBTERKMIIGER, BRI, X s/
SRBRSUES GXFEER SR RE, Y-S EL
EERTHEBIGIGEE R, BWE f1 AWE Bik§a 34
WERRSHAL TFRIEKTE.

M 1 ) Shuttle Ml Page BUIEERE . REBH T
EOUFABRSER, £ EMERERHELER,. 5 Hy-
perplane M1 RBF FHIBEM L, FAEH B AE. 7 Shurtle
B b SRR R S, BN R — SR s & 2
TR ERBAER7E Page BEE H, R —FHER A F —2%
RIBEE A B R LA L AR AR A VI SRR il i 48
B BOHE 4370 5 R — B, BT RA I 45 H SR B9 2 R B X A 4 8
BABFHHINEEST.

M 1 8 Hyperplane ¥ Wave form BUIBEXF ., &1
BENERERARE, B —MEENERRERELD
0.8, X FTE SHIBEP BB MMK. £ Hyperplane Fl
wave form FARE T JUEE T 8 M S ES, eI K
Wz b, BRI S E —ENER, HIE T g E 14
R B A FAE R H R ST 256 A48 W BB &Y, BT L&A
HEMERFHARS., EXHMEESE ERERER
P STFE-ENER BXMERNELREN BN, &
ERABIRETRXESER T ST BIZIRE, Bt




BWE 1 AWE 8.5 5 32 A 18 7£ LED #1 RBF R
AETFEEAKFE.

HT H— B E O KK/ DI EE SRR
i, 3% B Hyperplane, Wave form ,RBF fl LED 4 N4
1B R L BHE s winsize 23 BB F MELE 4T DSCK B, &
KBRS G R INE 3 FE 1 B,

# 3 DSCK 7R [E winsize BUE T BOHER R

winsize Hyperplane Waveform RBF LED
300 0. 7450 0. 7676 0. 8267 0. 8440
500 0. 7540 0.7714 0. 8270 0. 8292
700 0.7571 0.7301 0. 8267 0. 8554
1000 0. 7433 0. 7867 0. 8369 0.8514
1500 0. 7346 0. 7898 0. 8321 0. 8544
2000 0. 7315 0. 7894 0. 8291 0. 8501
086 1
o~ 084
gw N/
W 082
@
¥ 080
B
el T
% 076 | B e
% 074 M**
>
072

200 400 600 800 1000 1200 1400 1600 1800 2000 2200
X(H 3 B 17 winsize #y BLHD)

B 1 A[E winsize BUE T B9 DSCK AR &R

MR 3 WEIRFE 1 TR ER BB TR,
BEE winsize N, 7E45 KB4 BB L T DSCK ik ##E
BRI T FE, X T DSCK Hik, X winsize RIEK
/NS B AR, R BR RSV R B £, Y 4t
3K B 43 JEAE B B IINA & TR B0 SE PRI UL, T ER R &
BERE . Y winsize BF—EHG, BHRABIHEFOLMHE
BEONEE S SN, RS O KRR T HE
ot B I A AR b Y U, YNk Y SR AR Y S5 4R
MEFEER A, ATEREIZES TR,

HTHFE k MEABER DSCK BHEME M, A Hy-
perplane, LED, Wave form F1 RBF 4 BB EEN LR
578 & S BIBUR R B8 B winsize =2000 B , 3247 DSCK &
EHBRARERINE 4 FE 2 fin. ERE & {ET DSCK #yEd
] FFEH anFR 5 BTA.

#4 AR EET DSCK 8- 9¥EH R

kg 2 3 4 5 6
Hyperplane  0.6730  0.6956  0.7315  0.7423  0.7427
LED 0. 8244 0. 8218 0. 8501 0. 8516 0. 8515
Waveform 0, 7558 0. 7693 0. 7894 0. 7915 0. 7964
RBF 0. 8086 0. 8206 0. 8293 0. 8346 0. 8359
Shuttle 0. 9971 0. 9974 0. 9981 0. 9980 0. 9980
Page 0. 7815 0. 8456 0. 8531 0. 8527 0. 8542
1057
% ]
£ o)
& 0904
B
& 742:2:
L —»— Hyperplane
R e B LED "
g 0751 o REFRER
> 0704 r e
2 4 6
X(k B

B2 ARF kMETF DSCK P B R E S

#5 TERFE T DSCK METEIFF4E (s

k{8 2 3 4 5 6
Hyperplane 27.3583  32.2447 38,4486  49.4619 64,5322
LED 5, 0589 8.3370 15,7729 17.9922 20, 4956
Waveform 22,018 75,4539 107.7511 133.7969 155, 3021
RBF 30.1970  44.8041  63.3659  86.0360 98,7768
Shuttle 1. 6205 2. 8674 3. 8967 4. 6768 5. 5693
Page 1. 2177 1. 5033 1, 7201 1. 8310 2.1742

H# 4 MR T 15, BEE & ER0380, DSCK B8
EREOER. BAXMHELEEFTERFNMEE L EHK
I, Z25REHSRBHBEWEE, DRSS ERTEEBR
GLIRAR M PR B SRR/ B BR324 88 B S B AR iR 22
Mo REREW, TUF R EBRERENITLBRGE
BRI ERAERE,

ME 2 PEERE BB TS, Y me —
ERES, N kG5 DSCK B EREREEWIRE 4
BN, BEABE TR, HRXMEBEERE YT AR
BB AEBRENTERCERB TRREE,
HUEEE 28 TR, B B3 5K R LN E+ 5
AR, M5 AT Y k BUERKN, RETEEHRZHA
RV KBMLBEEANFRBHRELER, Bt
[EEFES KIRIRE , AT R R M G R & T e, BT L2
LR APEEEESHELS T EERRER £ H.

HHIE AR T —FE T Kappa RN 4
EKE B DSCK, EZE P MHE AT Kappa REORKE B M4
R AT B RE I — B, WA R & R A A
%, RAMESERS  DSCK kTR A REERSRIESE
ZUMRAEFR SRS, TREREH, ZEER
(P45 FIMER R LIS T RIFHIZLR . ARTTNE 1 FE 2 1
LRBHENE ,DSCK A TR EMBREERNE
% FRES BB Hyperplane B3 £ 51 Wave form
g F ISR, SER MEERR R E LA, R
EHEAE RS, ki 25 DSCK Bk LA 54
BTHBEEBEEENEIHET —SHRNER,

2 % X

[1] Bifet A, Holmes G, Pfahringer B. Leveraging Bagging for Evol-
ving Data Streams [ M]// Machine Learning and Knowledge Dis-
covery in Databases. Springer Berlin Heidelberg,2010:135-150

[2] Lemaire V, Salperwyck C, Bondu A. A survey on Supervised
Classification on Data Streams [J]. Business Intelligence, 2015,
205:88-125

[3] Sharker A, Hullermeier E. IBLStreams; a system for instance-
based classification and regression on data streams [J]. Evolving
System, 2012,3(4) ;:235-249

[4] Gama J,Kosina P. Recurrent concepts in data streams classifica-
tion [ J]. Knowledge and Information Systems, 2014 ,40(3) :489-
507

[5] Bifet A, Gavalda R. Adaptive Learning from Evolving Data Str-
eams [ C] // Proceedings of 8th International Symposium on In-
telligent Data Analysis. Heidelberg: Springer, 2009 : 249-260

[6] Wu Xin-dong,Li Pei-pei, Hu Xue-gang. Learning from concept
drifting data streams with unlabeled data [J]. Neurocomputing,
2012,92(3):145-155

[7] Gama J,Sebastiaoc R,Rodrigues P P.On evaluating stream

« 177 »



(8]

(9]

[10]

[11]

(12]

[13]

learning algorithms [J]. Machine Learning,2013,90:317-346
Brzezinski D, Stefanowski J. Prequential AUC for Classifier E-
valuation and Drift Detection in Evolving Data Streams [ C] /
Third International Workshop NFMCP 2014 Held in Conjunc-
tion with ECML(PKDD 2014), Heidelberg: Springer, 2015, 87-
101

Rutkowski L, Pietruczuk L, Duda P, et al, Decision trees for
mining data streams based on the McDiarmid’s bound [J. IEEE
Transactions on Knowledge and Data Engineering,2013,25(6) ;
1272-1279

Domingos P, Hulten G. Mining High-Speed Data Streams [C]//
Proceedings of the Sixth ACM SIGKDD International Confe-
rence on Knowledge Discovery and Data Mining. New York:
ACM, 2000.71-80

Magdalena. Batch Weighted Ensemble for Mining Data Streams
with Concept Drift [C] // 9th International Symposium (ISMIS
2011). Heidelberg: Springer, 2011:290-299

Zhang Peng, Zhu Xing-quan, Shi Yong, et al, An Aggregate En-
semble for Mining Concept Drifting Data Streams with Noise
[C}//13th Pacific-Asia Conference, PAKDD 2009. Heidelberg:
Springer,2009;1021-1029

Wang Hai-xun, Fan Wei, Yu P S, et al. Mining Concept-Drifting
Data Streams Using Ensemble Classifiers [ C] // Proceedings of
the Ninth ACM SIGKDD International Conference on Know-
ledge Discovery and Data Mining. New York; ACM, 2003 226-
235

[14]

[1s]

(16]

{17]

(18]

(19]

L20]

Wozniak M, Kasprzak A, Cal P. Weighted Aging Classifier En-
semble for the Incremental Drifted Data Streams [CJ//10th In-
ternational Conference, FQAS 2013. Heidelberg: Springer, 2013 ;
579-588

Zhou Ji-xiang,Mao Shi-song. Statistical Methods for Quality
Management [ M. Beijing: China Statics Press, 2008:433-440(in
Chinese)

ALY gtk BEE Bk IMI dbE . P E ST R
#£,2008:433-440

Wang Tao, Liu Ming-ju, Li De-ming. A Sstrong Chernoff Bounds
Derived from Equitable Colorings of Graphs[JJ. Journal of
Mathematics, 2014,34(6):1015-1024

Zliobaite 1, Bifet A, Read J, et al. Evaluation methods and deci-
sion theory for classification of streaming data with temporal de-
pendence [J]. Machine Learning,2015,98(3):455-482

Zhang Chen-guang, Zhang Yan. Semi-Supervised Learning [M].
Beijing: China Agriculture Scientech Press, 2013;31-33 (in Chi-
nese)

TR, AR MR T (M. bR PR AR HR
#£,2013.31-33

Li Pei-pei, Wu Xin-dong, Hu Xue-gang, et al. Learning concept-
drifting data streams with random ensemble decision trees [J].
Neurocomputing, 2015,166(c) : 68-83

Bofet A, Holmes G, Kirkby R, et al. MOA; Massive Online A-
nalysis [J]. The Journal of Machine Learning Research,2010,11
(2):1601-1604

(E#F 167 TO

4]

L6]

7]

(8]

Lo}

[10]

Liu B,Fu Y, Yao Z,et al. Learning geographical preferences for
point-of-interest recommendation[ C] // Aem Sigkdd Internatio-
nal Conference on Knowledge Discovery & Data Mining, ACM,
2013:1043-1051

Zhou D, Wang B,Rahimi S M, et al. A Study of Recommending
Locations on Location-Based Social Network by Collaborative
Filtering[ M]// Advances in Artificial Intelligence. Springer
Berlin Heidelberg,2012:255-266

Hu B, Ester M. Social Topic Modeling for Point-of-Interest Re-
commendation in Location-Based Social Networks[CJ // 2014
IEEE International Conference on Data Mining (ICDM). IEEE
Computer Society, 2014 :845-850

Jiang S, Qian X, Shen ], et al, Author Topic Model based Colla-
borative Filtering for Personalized POI Recommendation[]].
IEEE Transactions on Multimedia, 2015,17(6);907-918

Liu B, Xiong H. Point-of-Interest Recommendation in Location
Based Social Networks with Topic and Location Awareness| C]//
SDM, 2013:396-404

Yin H, Zhou X, Shao Y, et al. Joint Modeling of User Check-in
Behaviors for Point-of-Interest Recommendation[ CJ // Procee-
dings of the 24th ACM International on Conference on Informa-
tion and Knowledge Management. ACM,2015,1631-1640
GaoH, TangJ, Hu X, et al. Content-aware point of interest re-
commendation on location-based social networks[ C] // Procee-

dings of the 29th AAAI Conference on Artificial Intelligence.

178 -

(11]

[1z]

(13]

[14]

(15]

2015

LI Gui,CHEN Sheng-hong, HAN Zi-yang, et al. Location-aware
Recommendation Based on Collaborative Filtering[J]. Computer
Science,2014,41(11A) ; 340-346 (in Chinese)

5, R, BT, & BT E R B R ] i
BYLIRL2£,2014,41(11A) :340-346

Gao H, Tang J,Hu X, et al. Exploring temporal effects for loca-
tion recommendation on location-based social networks[ C] //
Proceedings of the 7th ACM Conference on Recommender Sys-
tems, ACM, 2013:93-100

Wang Zhen-zhen, He Ming, Du Yong-ping. Text Similarity Com-
puting Based on Topic Model LDA []J]. Computer Science,
2013,40(12) :229-232(in Chinese)

EiRYR, A0, 4k P F LDA FHEARMCAHELEITE
(7. HEPLEE,2013,40(12) : 229-232

Zhou Er-chong, Huang Jia-jin, Xu Xin-xin. A Point-of-Interest
Recommendation Method Based on User Check-in Behaviors in
Online Social Networks[ ]). Computer Science, 2015,42(10);
232-234(in Chinese)

AWE, B SRR —RETRAMEERT NS R
FITELI] T ENURE, 2015,42(10) . 232-234

Zheng Jiong, Shi Gang. Recommender Algorithm Based on Dy-
namical Trust Relationship between Users[]J]. Computer Scien-
ce,2015,42(9);230-234(in Chinese)

MR AN ETFHAPRSSEEXRNEEEET] itE
HLBk2E,2015,42(9) : 230-234



