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Self-adaptation Classification for Incomplete Labeled Text Data Stream

ZHANG Yu-hong CHEN Wei HU Xue-gang
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Abstract In the real-world applications,a large number of text data stream are emerging,such as network monitoring,
network comments and microblogs. However, these data have incomplete labels and frequent concept drifts, which have
brought many challenges to existing classification methods of data stream. Thus we proposed a self-adaptation classifi-
cation algorithm for incomplete labeled text data stream in this paper. The proposed algorithm uses a labeled data chunk
as the starting one,and extracts features between the labeled data chunk and the unlabeled data chunk, Meanwhile, for
unlabeled data chunks, it uses the similarity of features between two data chunks to test concept drift. Finally, the polari-
ty of features of the unlabeled data chunks is calculated to predict the instances. The experimental results show our al-

gorithm can improve the classification accuracy, especially in the data cases with less label information and more con-
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cepts drifts,

Keywords Incomplete labeled, Self-adaptation, Data stream,Concept drift

1 318

BOR PR PG ST I B 58 R I S i S E
HERES, EAREER MEEER . FHIESES
SR, BT HHRAS . FHRIEEER KT & . FE
TR B THR L E B, In VEDTM! (Very Fast Decision
Tree) ,UFFT? (Ultra Fast Forest Tree) FI i 8 B 42K
HEP %,

SR AT TR R BB E R AR A 5 B3R
B+ 58 #7EENRAFIEHBERTFRTHR. X
gR{4IxF B ARic R B E 47 7] B 2 BUEE (bootstrap sampling)
LIgk18 3 MEIRCIGE IR E— 2R, B8R
BRFAE AP B AR REBUMERE, BEATEIT
RS, ARG EEARFWMNA. SCERISJRE T
—FERRBMBRE S, ZEENRCRIER R RS,

F)WHH.2015-10-10 R{E H#H:2016-01-07
F4(20130111110011) ¥¥Bh,

JERAF BRI R REE, HE ST RBNRAERERFE
RARRL B F AR EEEBRRE TSR, BRBECR
R EBT &R B LI

LEREAR RN A ISR BRI S ESEER
R R AR R Z A ARER B HTRSEBRN,
Y S BT RN, AT RE RS A R AT 8L, i
EmBROBOR. ik, A SCE XA iR B S EE A
XTI I ARG, i T —F BE BB R KA
%o BEBEU—MRCEIE R R R BER R, E RO

ICERR, M EEEE R 28, FNAA L —AMrE iR R

YRTARASICEAR SR Z (B RF1E B A8 DL A TR RS B FI BT 5
Xt RAFICEAR ST M .

2 fAXIE

A EEN AL AN ICBIER A R EMA T 2D
BARF AT

AL ZHEWUF A ARTI3059), BR H AP % H £ (61305063, 61273292), L HME

WELA979—), 24, BIZER, TEHFR T ABIE L A28 T, Email: zhangyh@hfut. edu cos B (1990, Wik, FEHRF AR
Wisr GEH# S, E-mail: 1020071601@qq. com; A (1961—), 5, B, L4 R I, EEBFII7 [0 N EARIEH A8 RETTHH, E-mail. jsjxhuxg@

hfut. edu. cn,

+ 179 -



2.1 fFRiZBRES RS E

PRCEER AL T R ERTHEN IR, KURE
#:8 ASHoefldingTred™ ,CVEDT! , UFFT! F 802 W 4
AEEED,

VFDT &— % F Hoeflding RER BT REMNNE
Bl RE R W A R P Y S AR, CVEFDT
1E VEDT gy2emy L3 hn 758 13 g S0 P9 3815 S A 48 iR
RN SER R R, X817 VFDT BERY I, &
B Hoeffding ANER I H—FFH N E T A LB BB HE
FegRER . UFFT BiL R R T — XA 42 i 2 i3
BERED, R BENEUERE DT REMA SR - HRE
. UFFTE® 2% F UFFT BAFE R A, HARSTE
F R TE AT B — 1 Naive Bayes 73235, #i)
R KRS RFRIER . CR(10IN BT —FETE
Bl MEER S RES, ZEBRE RN ARG OA RS
PE T ArHER RERE— RS SR B i AH
) S 0513 M 5 FC 9 5 451 3F BB 357 43 2 8%, A KINN B %
FEORASFIATIRE . ST T —FMEFFFEN
k. (Sequential regularization) HL41 FIHE S IERE G M 7 5, X &
BT A L M ROR DT R SRR . TR AT,
Jof BB R B 3 AT 5 IR AR B T R AR A, R
B A, P ANSHHE R Y E W B & A ER
T8, BB R T .

FREEEREEREESHIEN, REH TIRERE
B BRI
2.2 ARSHFiEHE\ERSEFZE

(AR E @ AR E AR SRR — ek WEH L&
EXTARIC B IR SR B AT R B B R RS 3 A ARICI SRS, O
SRS LR REF AR PEA S EBOIMENS -4
SAEBRBFIRICRE BEET 3 M REs M E BT K
IERBIHATH . CER(5)SSE R EMBAT B B —
PR SEEAMTEIE R A KR g, SR IC S B 2 8,
Xt RAMCHIE A k-means ME R RE, BB A MIRiCEE
WE R EHE, BRI REE SRR IC R EEZ AR EAE D
A RIICEIBIT LA, VISR B A £ 258
F, XE{12A BT —MA AL BREEBNAZEEREE
PR, B A A k-means WARC LB & ME, R
JEHEHRVME LS 5852 B B ES , Il A PR B T A
RAAR S BARIFIE L BT EARSS . oA A 5 e sic
SLHI A HATIRAIE R, D R B R E BTSN E
BAm . SCERC13 T8t —Fh I TR S B S AL S IR iR
B MRS R Bl R BER T X RMER SR RS
MILLRBIR BR8] . SCHERL14 R £ 3% 5 J7 8L B %t #E
ARG FIR NG S X8, FREE RS LR/
FRICSOYBRAE AL B SO A S M IR T B S E R M . Seak
(151 H—FF AR SE RSB I o 2K B W Er K R
MALH B BHESE A28 F, i T — P R RFE
Bt Te fERETE AR, T T ABIER W E SR Z 5
k2 BT TR B S .

LRERERESFEERS I SER S YRR LR
AR, MU R P I ANREE RS MEER
BoRER, EARRBEZ A — 2R,

+ 180 -

3 BENEXKMERSXER

ACEBAT R XABER BH T M BEN
TELRBUE T 28 B SAOC(Self-Adaptation Online Classifi-
cation) , A SR BUPR T BUIR 55 SR b e 048 fal 19 3545 AL , 3
X ARARC I G AT IO , FERIE R BRI ) R BB L T S
THEMHE.

3.1 RPEEX

BREAZLFFIEEIER S F m+n MBS, RRH
(D11 >sDun s ++3 D s Dy s D s o0y Do) » Bt Dy, RINFRICER
B, Dy FonRbric Bk, —IER T m<n. AXHEIHE
BN HE GRIINEE 1 B, BiEmBaE e 1 iR,

Rl ERMEBREEXL

FEREK REHUEER
D #IAMRIEHRES:
Dy; £ MARFLHER
F={f,} D Dy AR ERAS f, REEATHE K AR
P%,PY F # Dy #= Dy; Ly st
F.,Fy Dy Dy & HHIEE S
PPy Fp,.Fy syt
dﬁ(,d}i f, & Dy, Dy L F M EF
Mk, MY F# Dy;, Dy Lty 3 4E
ML, MU F . Fy & F A LM

[EFHutasany |—{ T RDUF EHRERE |
v_—___._l

L AARIEKEADURST T |

M1 BEnEn

BEIEAE 3SR DE TR Oy EERE
A 2)F MBI hbric B B, W EHAR S BR S Dy, T H
FeiRH Dy #1 Dy LA FRIESE , BT HESEB KM X Dy
I SRR R M T B, B 5 5 Dy P T A R AR AR AT
HHE; D FIA Dy o BRRAER M X RAR 1T B 4T 00 MR =
EHB D, ERSEERAHE . FSH KR TEIEI S KR
BB RBIL A L. 2B D NERNBELER, TERK
HITESANE.
3.2 HEHEREN

AR EORMER ISR DL f Dy 2 8 38 R 1E
£, BRI HdiEH b B B AR A S AR E N S HF4E

X FARICEHE B Dy, 77 A A 4 08 09 38 1 30 MICMutual
Information) 8}, OR(Qdds Ratio) 3 iE#E4% M5 AU4S1E , (B X 8
SRMEANE T RARICEAB B Dy » T 5 F 98] 451 328 BRURRAE 19 O
RO N 25 By v 1 Y — BAR MR R 4 2 TR LB

A3CE SR A MI 8 OR AR IE RS D P R4 h
R HIHFIE 00 Fs={fu ) . SREME Fs 7 Dy L AOFRF LB
HERE My = (me, ). (B SIE 1B R AE SE IR 26 0 T 5 1R 1) 4%
AESE BT RAC A FRAE B A 500 I I AR M R 2R 8R . B8




£ Du #1 Dy PERRA R R NISEE A AREREF,
HARE S SR LB IFEE S, iCh FL M Fu. FWEMK
BT (D B

F={f:] |pf2>0mk’l “Pf2<omk,z | >¢} e))

Het,m, AR Dy PRIFFIES Fs LIRS oy, =0 TR
S FRHERIE, RZ AR . (D FHRE fo 5IEMFELIR
YHAN 5 10 18] FRAE L IR UR B 22 (E K , FROR FRAEAR ML ARG
3.3 KiFiCRHAFHERERITE

A H R EILE RS F EERRICEIR S Dy
otk RE FERICEIESR DL P RERESH, BE
EEAEBMEEBHBELT, XERERERT Dy AKE
AREHAWBRTEEBMESER. EAREHMTSERNS
P =Pk, MBS ERFERIHR PF,

IRIEILA FHAE P AR RUFE M LU BR AT R B R, SIA
AR F LME BT RN, I (2D FR

Sd;, @),
S =TT 2

ﬁﬁfl ’dlfk =p2>omk'l_pz:<0mk'1%;ﬁ flz EDI; Elﬂﬂﬁjirﬁllﬂ?,
= £

£, >0 R F A ERIIERS . d), O, FAIE fo 1
Dy 7 Dy #8975 18 B F B RAGMEL, B R A + 1, RIARIFAE f
# Dy i Dy; AL BB — 1, MIRRFHAE £ 2 Do A
Dy P A faBm F FARMSHMEEISA R AT SR H
B, 2 four KT HUE o, MIAH PR IEEEE S 5 B ID BRI
FRES A RALL, BD R AE SR, SNBRE ZEER, mk
(R
Pr— PE, Su<a
Ptk xR, fua
LR AR, B A F AR TSR R ARARD
PRSP A A B ROR T AR . R E— M fBE AR
B :R={rp.}, W) FT7R
Vo= (dI]k @d(f}z ) * KL(Wk IIVIZ ) €Y
KL(MI}k |Mj€)43§7_]:\' fe (L €DOF £, (fi € Dy) B9 KL
(Kullback-Leibler) BEBSN®) , 0= (5) iR «

(3

2 m(;k’fi
= v 1 n €))
KL(]W_Lfk ']\4?[ )= %p};omf"’ff * 10g 2 mh,fi

pfi =0

EﬁP»pZ;Omh,f,. Fm F B HFIE £ 5 Du P ETA IE AT
1%

fi LB R,
3.4 FFCEEBEBEFFHIENREITE

A4 B MR ERIMCEER P A HIERRE Pu, B
HEBH PL F Dy PY, AU Dy F 5 A4S
HERFERIILR B S Z LA EHRAERYE P A\ Dy
43538 Dy, kL FIHE Dy hEH FAERRY Pu.

B30, 78 Dy B A HH1E read 5L FR1E good I3,
7E Dy ¥ good X 5% & $FT sharp L3, B L F A 48
fiE good YE A7 82, AT K read R M Du 538 %] Dy 8
sharp b, B—JFH,7E Dy ¥, sharp 7] B#H| A good 7 Dy;
R PY .

FRATCEIER Dy PERFERENBEARR T EWNX
(6 BT~ .

Py=pP% » MU +(1—pR) P, » Mit (6)

KO FERI, H—TRRFHRFICEER Dy B S
HBEE TS B 3 IR R A AR R DL R R AN
EREE BN ES L, KBER B [0,1],

TRV IR , A% S 1R 48 R Bl 94T B R B R
FRBBARIR Dy AT B

4 KWERESH

AN E A LR PIEE Kk dixt LB S RS H0R
B BEN AR E RN E RS EN P E RS ER
iR R B R T RBOR
4,1 KBHIFEEFLEE

KA T F IR, RevE" 1 RevC, RevE REIXT
D= RIS R, f13% Books(B) , Dvd(D), Electronics (E)
#1 Kitchen(K) 4 Mtk . RevC BAEE M 30T Db fEBL RS
i, BIEEANLO) AHYLC) HREHL(D  BE R (N) B E
(H) 5 ™G, WMEIEE B RIS ET B P R0 - 8in
e -1 MRS K+ 1GEMTER).

SR A BEAL I AR T B A0 SR AR T B 1 7 2R B B 3L
BANMRALE 750 N ERTIFEH 750 MamiEE . BT
FESLYE , BRI SRS R BRI E .

BIRER S E2ICRER S LBEERAT2FEH
WHRABBEHRHT TR, T2RIEBERSTLEESR
VFDT U $1 ASHoeffdingTreet™ , RSg AR CEIR R R E -
A Tri-Training Fl Zhang™!,

4.2 SHRE

TEMITEIE AL BEET , % RevE T H RIS N/NE , I
HEBRERE., B8, 3 RevE Hl RevC il ie i 15 SCRS E 35 /)
F 3 BUFHIE . FEARICEEBIR I FRE AR RN THES 3
B IE R SHEKAET 2000 MELE. K(DFHSH REN
2, (DHHEH «REX 0. 06, REOFTRBH BIREN
0. 5, FRic BB SR TR ShE OB K/ B N 1500, LR FESE
F W R/NEE S 150,

4.3 RicEBRNEZBENEN

AW FTEEERCHEBEENIEMNBEREENZmE,
B F VFDT # ASHoeffdingTree H3& T 58 £ 4710 M $3E
B AT 0K SAOC SAE e BIEREEH T, &
BE 2 B,

=l SAQC  we~@~e Tri-Trainning 6= Zhang

——

it

W

1 10 20 30 40 50 60 70 80 90 100(%)

BRI T2 F(%)
2 28 3 8 8

(a)RevC ¥4

== SAOC ~=€— Tri-Traitning =¥ Zhang

e

M

1 10 20 30 40 50 60 70 80 90 100{(%)

BRET L0
g 8 3 8 8

(b)RevE $ig4
A2 BXEFEE R LA g2 E
+ 181 -



HE 2 AT, TR B M E B /W T Tri-Training
Zhang B, TEBIEE RevC |k, 5 Tri-Training 1 Zhang #§
Fe, SAOC B 5K BE 4T SR B T 10200 33%0; MARICE B
HBI R (154,40% ]0F, SAOC M- F-HIKE B 43 FIR B\ T 13200
35% s Miric s B A [50%,100%4 ], SAOC P35 B
SPENRET 7Y% 30%. B El WL, SAOC FEARE S B R E
BRBER FREMEERA - ERME. A EEEm
T : Tri-Training #1 Zhang 34 2 8RR EE Bk EHI %42
PR T ROR B9 532888 B T R A M IR AR T AN 7 24 T 2K
R, T B 43 280 R T SAOC ER £ S BB
B, BEF R R AR T B IR P S N R A B AR A 1E B A SE B
B4 MRS B (BIIEE RHE A& B RHE R R 4 AR 2215 B
BEATHI , BB S R BB A R

4.4 HENIMEIRBHITRE

AT FEE R MBAR R A AR i B S L

SARPREE RN 507 B R B L E SR SRR E
GitmE 2 5. R 2, RevE BIBERBFREMETER
H}, Tri-Training 30 R S 45, F 48 B 95. 41%, SAOC K F
Tri-Training, FH#3E BE % 90. 04% ., & 3(a) #, 7E t11—tl4
A ) B, BRI A R A SR , WA Tri-Training 597 43
R 94. 8% ,SAOC By XI¥5 A 88.57% . Tri-Training #)
KR E B RN R R E G R B e, Y5 4 A
o, BTSN R IBEH W EMA S 42T, 0
REFHARBERPRICGRBEZB RS, REEEXIE
E#RE.

# 2 RevC il RevE B4 £ & iHE R T &R B HF 1M E

B A £ut A THRED
SAOC VFDT ASHoefldingTree Tri-Trianing Zhang
RevC t1—13,18,19,t14—116,t21—t26 82, 87 70. 92 54. 04 72. 95 511
RevE t1—13,t8—110,t15,t20,t21,126 —t32 77 66. 89 50 70. 93 51
AIEB B E K
RevC U—17,t10—t13,t17—120 90. 32 77.17 54,72 92,77 69. 6
RevE t4—17,t11—114,t16—119,t22—1t25 90, 04 82,27 52.99 95. 41 66. 1

B 3(b) H, 8 Bif A g & A L & IR B, SAOC HIME E N
72. 63%, Tri-Training BX5 B 7 68. 15% ., 438 7E o 6] &5
26— t32 [B]#4E & 4 BE A EA AT, SAOC 1 Tri-Training i
OHE 4B 76. 0396 69. 2%, thi AT 0L, TEBUIR e R A
MBS SAOC WE MM ERTHAE R, R 2 PR
IR T SAOC EM B S EB N M. SWHEE
HEHITF : Y484 B S EB AT, Tri-Training A1 Zhang % Y
[FIETE B F 24, T SAOC FIH Il —fRic S s, 49
o A RV SR 9 38 AR IR AR YE AT B S TR EE , AT RES R
MRS oA B RE R

SAGC VEDT s Tree Tri- Training ~-—s——Zhang
100
] - S — i -a-— = =
%
2 s Aeyeedrssh L.- by
& wp 4 * 2 x‘\ji
o7 el X Trge A
0 XK %, * N
€ 1L T \
| Rt X
55 N .
50 f e s g iy
45 6 7 112 181 161718 19 22 23 24 2%
t)
(a) RevE-AE A B} [8] &5
SAOC VFDT ASHocffdingTree Tri- Training ——#-Zhang
lg (] . P. &
.
& 04
Ery
ﬁ: 20
3
™ 7
s 65 .
LR A
55 |
50 . B et ¥
1234 789101 141516()1920212 BAHXBBD A2
X
(b) RevE-EERE R 18] 2

B3 HHETE RevE b ELRERT A G AR BRSO 8] O M R 2 (L 4%
BRIE WAL A S M EM SR SRR
PR A R, A SR Y T — R HE R 2K E B, L — M rid
+ 182 »

BARSAE R EE SR, A AR C R R AR ICR R R Z
BV 4RFAIE B4 48 DL BE S AT 458 5 B B A o RAR IC BB B AT
B, LRRHFEGERNBRR IR SEBBOVAEN A
R B A REEN SR RMTHAeNESEE. &5
PEEGE IR T AT A B AT RE B R T — P R
HA,

& £ X W

(1] 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, 2000. New
York,NY,USA: ACM, 2000 71-80

[2] Gama J,Medas P,Rocha R. Forest Trees for On-line Data[C] //
Proceedings of the 2004 ACM Symposium on Applied Compu-
ting, 2004. New York, NY, USA: ACM, 2004 :632-636

[3] Wang H,Fan W, Yu P S, et al. Mining concept-drifting data
streams using ensemble classifiers [ C] // Proceedings of the
Ninth ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining, 2003, New York, NY, USA: ACM,
2003.226-235

[4] Zbou Z H,Li M. Tri-training: Exploiting unlabeled data using
three classifiers[J]. IEEE Transactions on Knowledge and Data
Engineering, 2005,17(11) :1529-1541

[5] Zhang P,Zhu X, Tan J,et al. Classifier and cluster ensembles for
mining concept Drifting data streams[ C] // Proceedings of IEEE
International Conference on Data Mining, 2010. Washington,
DC, USA. IEEE Computer Society,2010:1175-1180

[6] Hoeffding W. Probability inequalities for sums of bounded ran-
dom variables[ ] ]. Journal of the American Statistical Associa-
tion, 1963,58(301):13-30

[7] Hulten G, Spencer L, Domingos P. Mining time-changing data
streams| C] // Proceedings of the Seventh ACM SIGKDD Inter-

(F#% 194 T



(4]

(53

(6]

7]

tsl

fs]

nications Conference (GLOBECOM 2010). IEEE, 2010:1-5
Cheng Xue-qi, Jin Xiao-long, Wang Yuan-zhuo, et al. Survey on
Big Data System and Analytic Technology[J]. Journal of Soft-
ware,2014(9) ; 1889-1908(in Chinese)

B /0, E0E, % REEREMATHASZGRT]. &
24, 2014(9) : 1889-1908

Meng Xiao-feng, Li Yong, Zhu Jian-hua, et al. Social Computing
in the Era of Big Data; Opportunities and Challenges[]]. Journal
of Computer Research and Development, 2013, 50 (12): 2483-
2491(in Chinese)

/N, B WEEE AR REEN R RYLE 5 PR
[7]. B HRRSE S % & 2013,50(12) : 2483-2491

Shi Jin-gang, Bao Yu-bin, Leng Fang-ling, et al. Study on Log-
Based Change Data Capture and Handling Mechanism in Real-
Time Data Warehouse[ C] // Proceedings of 2008 International
Conference on Computer Stence and Software Engineering. Wu-
han,2008:478-481

Li Shi-jun, Yu Jun-ging,Ou Wei-jie. Web Information Extraction
Based on HTML Pattern Algebra[J]. Journal of Computer Re-
search and Development, 2006,43(9) :1644-1650(in Chinese)
O, FEE,BEA. 3 F HTML #R R BH Web (5848
By k(1] HENBR 5 R R, 2006,43(9) : 1644-1650

Building the Data Warehouse [M]. New York:John Wiley &
Sons, 1996

Korn F,Muthukrishnan S, Zhu Y. Checks and balances: Monito-
ring data quality problems in network traffic databases[C] /
Proc of the 29th IntConf on Very Large Databases. San Francis-

(10]

[11]

(1z]

[13]

[14]

f15]

(16]

co, USA,2003:536-547

Xu K S,Kliger M, Hero A O 1. Evolutionary spectral clustering
with adaptive forgetting factor[ C] / International Conference on
Acoustics, Speech, and Signal Processing, 1988 (ICASSP-88).

2010.2174-2177

Wang Y, Liu S X,Feng J, et al. Mining Naturally Smooth Evolu-
tion of Clusters from Dynamic Data[ C] // Proc. of SIAM Conf,

on Data Mining. 2007.125-134

Li J,Li S. Evolutionary Hierarchical Dirichlet Process for Time-
line Summarization[ CJ// Meeting of the Association for Compu-
tational Linguistic. 2013:556-560

Kim H D,Lee D H,Choe H,et al. The evolution of cluster net-
work structure and firm growth;a study of industrial software
clusters[ J ], Scientometrics,2014,99(1):77-95

Hedeler C, Belhajjame K, Fernandes A A A, et al. Dimensions of
Dataspaces M} // Dataspace: The Final Frontier. Springer Berlin
Heidelberg, 2009 :55-66

Ci Xiang,Ma You—zhong,Meng Xiao-feng,et al. Method for
Top-K Query on Big Data in Cloud{J]. Journal of Software,
2014,25(4):813-825(in Chinese)

R DEB,ZNE, S - RIFET WREBEE TopK Eif
T #Ab44%,2014,25(4) : 813-825

Peng Yuan-hao,PAN Jiu-hui. Study on Incremental Data Captu-
ring Method Based on Log Analysis[J]. Computer Engineering,
2015,6(6) :56-60(in Chinese)

PR, BAKE. BT B EMTEREEK R it
BHLTHE,2015,6(6):56-60

(8% 182 D

(sl

f9]

(10]

1]

{12}

(13]

(14]

national Conference on Knowledge Discovery and Data Mining,
2001. New York,NY,USA: ACM,2001:97-106

Rutkowski L, Jaworski M, Pietruczuk L, et al. A New Method
for Data Stream Mining Based on the Misclassification Error
[J]. IEEE Transactions on Neural Networks and Learning Sys-
tems,2015,26(5);1048-1059

Gama J. Learning Decision Trees from Dynamic Data Streams
[J7. Journal of Universal Computer Science, 2005,11(8);1353-
1366

Mena Torres D, Aguilar Ruiz J S. A similarity-based approach
for data stream classification[ J]. Expert Systems with Applica-
tions,2014,41(9) . 4224-4234

Gama J,Fernandes R, Rocha R. Decision Trees for Mining Data
Streams[ J . Intelligent Data Analysis,2006,10(1):23-45
Andromeda T, Marsono M N, Ru L H. Online Data Stream
Learning and Classification with Limited Labels{ C]J // Procee-
ding of International Conference on Electrical Engineering, Com-
puter Science and Informatics, 2014, Yogyakarta, Indonesia\; In-
donesia journals,2014:161-164

Widyantoro D H, Exploiting Unlabeled Data in Concept Drift
Learning[ 1], Jurnal Informatika, 2007,8(1) ;54-62

Lindstrom P,Delany S ], B M Namee. Handling Concept Drift in
a Text Data Stream Constrained by High Labelling Cost[C] /

Proceedings of the 23rd International Florida Artificial Intelli-

+ 194 »

[15]

[16]

(171

L18]

(19]

gence Research Society Conference, 2010. Florida, USA; AAAI,
2010.32-37

Masud M M, Gao J,Khan L, et al. Classification and Novel Class
Detection in Concept-Drifting Data Streams under Time Con-
straints[ ] ]. IEEE Transactions on Knowledge and Data Engi-
neering,2011,23(6) :859-874

Xiao M, Guo Y. Semi-Supervised Kernel Matching for Domain
Adaptation[C] // Proceedings of the 26th AAAI Conference on
Artificial Intelligence, 2012, North America; AAAI, 2012, 1183-
1189

Kobayashi N, Inui K, Matsumoto Y. Extracting Aspect-Evalua-
tion and Aspect-of Relations in Opinion Mining[ CJ // Procee-
dings of the 2007 Joint Conference on Empirical Methods in Na-
tural Language Processing and Computational Natural Language
Learning, 2007, Prague: Association for Computational Linguis-
tics,2007:1065-1074

Li L H,Jin X M, Long M S, Topic Correlation Analysis for
Cross-Domain Text Classification[ C] // Proceedings of the 26th
AAAI Conference on Artificial Intelligence,2012. North Ameri-
ca: AAAL 2012,998-1004

Blitzer J,McDonald R, Pereira F. Domain adaptation with struc-
tural correspondence learning(C7 // Proceedings of the Confe-
rence on Empirical Methods in Natural Language, 2006.
Stroudsburg, PA, USA: Association for Computational Linguis-
tics, 2006:120-128



