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Survey of Decision Tree Classification Methods over Data Streams

Jia Tao,Han Meng,Wang Shaofeng,Du Shiyu, Shen Mingyao
(School of Computer Science and Engineering, North Minzu University, Yinchuan 750021, China)

Abstract: The data streams are characterized by massive, high-speed and real-time processing. Since some data
distributions change over time , these data streams are called concept drift. Firstly,the data streams decision trees are classi-
fied according to the classification models,which are divided into single classification decision trees and ensemble classifi-
cation decision trees. Single classification models are divided into very fast decision tree ,mutation decision trees and other
decision tree algorithms. The ensemble classification models are divided into derivative very fast decision tree and random
decision tree variant algorithms. Secondly,the concept drift processing technologies are introduced ,including the description
of the concept drift problem,the common concept drift processing technology and the decision tree algorithm for solving the
concept drift. Then the incremental model decision tree algorithm is introduced. Finally,the decision tree algorithms intro-
duced in this paper is analyzed and summarized.
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RS P ( conception-adapting very fast decision tree, CVFDT) "' &5 3l 5 4 ( Gaussian decision
tree, GDT) "™ Pt AL 52 3% (evolutionary algorithm for decision tree , EVO-Tree ) ™) & [ & I P 5
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RDT) ' FISE T BAL SRR 0 2508 0 3 2 0055 FH G 00 60 Ak HRAE A VRS 114 DI SRR 1 M A TR R T
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R EASEIET Hoeffding ANSEAITMIEA. IEXT Hoeffding FEAELLT 4.
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A (DT, ,DT,)= z P(X)I[DT,(X)#DT,(X) ]. (1)
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BB BRI AW EE R AR A /.
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LRI S B AR W AT, ZEXFME LT Hoeffding 1436 T 5 e HE M E LR 40 0080, 2% vl FAVEVE 216
LTI ) SF ) FEAA Y.
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A PSR R IR B — A S Ak T X B AS AT AR AT R A, T DAE A R B T
2488, B 5L R, FEXGIE T REENEE. AEFARIZE, EARERER
IRV (IR 22 1943 BITEAL R B0 | T2 187 Hoeffding A28 20 80 Il i I 7R B8, LA F2 45 < B Al %
PEPEG I8 (IEH) 1940 %179 80, VEDT & F L0 STERTE T VFDT AR 48 78 53 19 48 1 848 A1 Hoeffding i1 5
(HB) SET —Fla &AL sR%L. VEDT REME M ECHE T A4 S D SRR, 3 Se 504 L 55 4 A 58 4
A R R A B AR 2
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P fe T AR D SR S R A I SRS G TR (R, VEDT Rl A B 1 M, 1 AN 2 O 3 2 s 1
T, B, 2003 47 Gama 28 ABEH THTF VEDT BEMY VEDTe , iZ B AU AT LA H B o8 , 38 7 LAk
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B A AR B = A AT AT L, I FLIZE 1 A TR P 2 AH 24 751 9. 7 Mirzamomen %5 A 2016 474
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AN JEPEAE A 43 B P S H 1207 R AR T s B B — N T 2N R MR TN R R B, AR
BT KBS T T 0 R 1 T LB R T R AR . L SRR B RS T B R 1 — A R A
Wit 2 4%, EFMMDT S F 24N @ M 2 B2 [ 51 TR 3E) (AR SR s /0 B v, K 1 51
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REAHR) SN () 8, TN N\
V14 T 445 7 — 7 Sk T BT 1) 1 A2, B i L
TIE B 42 = T INDRG 32 58/ FLKS 2 4 | DRI 1) 2 2 i) it -

YA S 5 T IV A 80T 8 SR SR Fig.1 A diagram of the ensemble classifier
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B B R M P S BRI T 402 A B R TR . Krawezyk 76 3C[ 24 44 AR B SR 0
PP (CSPT) |18 1 e P B 25 U S (FPDT) % sl 2 EAg BN BB T T 52 8is
PR B HARME T Rk BE R 2R AR B 18 & T8 Y F AR 55, B EL S TS b+ b AE
FHZ R, SRR AT DU P g 3 3 B2, AT DUAR e AR w2 JRUAR 1Y VEDT 48 5 T —Fh R
Hoeffding 31 S5 I G544 5 8050 240 7 B 5 1. B0 —Fh LR Bl — OB (9 5 i A B 0k 38
T AR A, SR, o AR AR e, Sl AT LA RS B 2o A AN A A ) A, DA T

> A e




B0, AR BRI R 0 0T ER SRR

oM P IEREFE . Yang S5 A4 T —Fh IGO0 AL PR P SRR (GOVFDT) 5803, FH T4 e 75 408 0, Hh 7
AL B BT, AR X 4 1A 1 S B4 BRI . SR T2 B VA AR AR A 38 1 43 SN B 1 [R] B AT L R R s/ g
B R TG IA AN 1A 78 2R 43 SRR AR D O v M B 00 T 1 Ak L 40K T o e 75 5040 ) Ak
PR A hE . FEBLFERE I Li S5 AR T — RS T REALYL S (19 82 BUSR75 (EDTC) 7)) 78 g 40U FN B S 45 4
TR R, 5 2T 3 A R A iU AU Y J LR O RN FE 25575 A L, EDTC Bk PR e R W 4r,
It HAZ 785 e AT S0 iR W B R A 7 M P BRI )2 ] [
1.2.2  FEALR FAAT £ 09 R 5 £ o7 ik

TR B3 R A B R 5 ke IO M3 i 1 B R i R M | SR T T3k 2
BRA BRI A SR L. I Fan 28 A4 BEHLYL SR (RDT) ) ok24 2] 43258k, e AT 211 248, it
RERS L PR — 1 SR AR (B ARAS B i RS A v, O EL AT DL 8 8 sl R 2 e A R AR 1R 36 B ML USSR AR 5
B EEE T N B B AL DA G5 . SRS 8 B 4 U s 6k T A S B S
BT SRR, AT DL, BOE UL PR — 0 B CEIVE Il A5 R ) . O T B IZ SR Al ]
PR IZ L. A2 2856 X B, F 2 A BEAILR AOABE 546 o728 LA TS S e R . JEFREHL o
S A 2B BE LR AR (random forest, RF) M0 B i 73 ZR AR (ultra fast forest tree, UFFT) M Bdfi i
BEMLARARE E (stream random forest, SRF) ') B HL R W A4 42 4 B8 7 189 F 59 (semi-random multiple
decision tree for data stream, SRMTDS ) [43] A BE YL AR AR A ( dynamic streaming random forests,
DSRF ) ) I3 T 22 5 2K BEA AL & TR B i DS (multiple semi-random decision trees, MSRT) 1) By:4%

SEF RS I B I 43 2 AL R BE AL AR AR B PSR ARAR SR, BEALARAR (RF) 10 S A 15000 A 5
B — A, A5 B R AR AR T 7 RAE B BEAIL 1) S, I ELARAR b A A 1 43 A A 3R AR ). Bk iz 4k
FE RSB ARAR T R A B HG T A B PR B8 0 S AR AR 2 Al 152 22 B T AR AR o AR R 1 LA
FCe T2 IR AN, Gama S AL T Bl ML A 5 A B2 HH 4 B 5ot e 5 AR AR ( UFFT) 1 J&—Ff it g e S g 4
B, EAEALBRAEAS /R I A — 5 (R E) |, 3708 Hoeffding 33 53 phe i ] B 7 H- b R st — >3 B
TR AT . AR Hoeffding 29 A5 R PEAL 23 FIARHE R 7R BB 2 G B . X T 200 2K i
BB —A AT R 43 A0 S — A ORI AE il — BRSPS R & 1 2 B g F b 4
R A E AN R DU 34328 8% I 50 s e AR 28 DU X MIRAE A AT 4025, 1 A AR 3R DL
S HA AR R BVE . AR 14 28ED AT LIRSy 22 50 03 24003, I FH T A 000 3k 3 719 s 7R
WIS AR Al AN 328 43 A5 B 722 ARIRE BB 8T LIZ T SO AR A 1. ZE it A AR DLt
Wi o A R XA SE B A 7 402 (S AN R DL B 2 SR 1) 43 I, DA B AR DR SR i A P AN 26 DL Ji
I3 ZE AR ARAGTIN 735 451 43 A1 ) A8 A B 42 AT IR 43 24 bR 1 BT 75 1 2 45 e 3 B8 vh AR AR T JC R A A
Abdulsalam 55 A4 H A9 ECE T BEHLAR AR (SRF) 12 1 584 LA PRI, I3 F 2 AR U R b
PIC ST A2, A R AR ME RN LR 1 R A7 S AR B BE AL AR MR AR 2 1 o0 S B RV A~
Bk HH B —R. B TS G AN 2 B BT A 8GR, Bt AR AT A 380 A P 5 A 1 RS 7 R e
S U] B FF AR AA BB, A R A s AT A BRI S A BT kL. X b ik R 2 5 At I T O A D SR R B
PR L Z AT D bRic e S TN, BRI LA F 2 0 FH R e bR A 3. 5 2 0 5
BT —Fh LT BENLI R 14248 B50diE i 1 3 (SRMTDS) M i il I Hoeffding S350, 14
/N BB AT AN 5 A 5 R SRR B P 43 81 BB A 15 B4 25 R0 — AR 3 DL JBr 4y
FAFARAG T3 AR ZE A I 19 o5 FEA PR A B8 Bt WA R A 7 o 2RI AR 3 Tz L SR, 1 2 B
TP A ERE O 2 T AR SR 1) 31 2 SRR AIE, AN RE AL 3R 75 AR S R A A 9 52 . 2008 4F Abdulsalam
SN EBAR R /2S00, 5| A S S EAE LRSI (DSRF) MY B BEIS (6 FH L5 B 0 RS £
DUH AN AL PR A B IR AL B R B IS J2 3 S FHEER W 2 03 S5 ), O HOR 40 2 S 3 o 2
RERE. Li S AN T 3T 22 5 Rl LA & RS SUOCH5 U e S (MSRT) ') 303k 4 BN sh o 11 a1 25
A, A FH Hoeffding AN 55 20 2 19 {8 1X 3 EC1E B I B8 AR S ) 5 1 498 40 288 eR B0 A T Ak 8 T 8 | iR
FOKERSLIIFFE RN, MSRT 5 CVFDT A Lb, 76 A 1] AE A R et PR 45 7 1A — 2 1 PERE SR Tt

2 BN IR HEEOR
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TR ET FS B 7 (page-hinckley , PH) L6l BRI (CUSUM) M7 K TF45 i I B9 77325 ( control charts or
statistical process control ,SPC) SR ADWIN V45 s 8 e S P BRI — N — A (Bl — 3 —4it ) 3
Ak BRSAG , FUA A (i) S SRR
21 BMIEBLRERA
AT SO E AL [ A TR AT, SR A 28 A SR A 1 B A R T A DA A TR A
AR TR SRR 3 20T k.
2.1.1 ARG FI AR
TAZ A8 I R E Ry — T S A BEECE TR FHT AT HOR  LURIBURIR. TR 8RR IR 00 T, Eicdla
TRLAZ LA A0H HAT DAy 335 7 T R M ) 58I A1 T B 3l X PR O AR S R R . S RS 2 4 1 A\ B
AT ST B A R A4k, X BUE ST RIS 4 E TN H AR R ¢ RIS R X, DU —AS S AT AR
RHK(X,c). BRI SRIBENLN P(c,) FIFRIRER P(Xe,) FIMER HEEUE X RT3 TICSS o, T
SR 432 AN E A R DR 2 2S8R 1T =t (6) FiR .
R=1{(P(c,),P(Xle,)),(P(cy,P(Xlcy), -, P(c;),P(Xle))}. (6)
20 TR SRR B 5 ARG R A AR, MR DL Bl =X (7) A X TR T B i R AR
F2E 158 T I8 T2 ¢, MOULIMAEEA X (AR,
P(Xl¢,)
P(X) ’
A, P(X) S X B— DR XTI Y2 o, #RE WAL
XTI 3 2 15, BUA (9 A & TR A 0] R0 S PR 2, LSS A& IR A% (real concept drift) I KE RIS
(virtual drift) . EAMESTER ZIET0IE P(X) 2B R AU, P (| X) #BE KA. 1R AL S Fa i A
Bl 1 P(X) KAEE AH P (el X) A K ABUE. W 2 Bz, 18 2 (a) 228 AT Y J5L s £l , A [\
TR L. B 2(b) &5 SR8 5 BTG 0 X Rl Ol 2 S8t b b S Re. Mkl 2(c) 2{Uh
P(X) KA, XA DU BR8] 2(d) 2 P(cl X) R P(X) [RI A2 A2 AR AR 1R B0, X 17 )
ST PR R

P(c;1X)= (7)

O o O o © o g O
o 0 O Qoo
o 9o 0 o
O oo
o "o D‘ oo Bg"” R R
(a) S IR EN (b) STER(P(c| X)EAL) (c) BB (d) SRR (P(c| X)F(P(X)ZEL)
(a) Origin data (b) P(c|X) Changes (¢) Virtual drift (d) P(c|X) and P(X) change

2 EAREBAR
Fig.2 The type of concept drift
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BB RN 57 3k BB ) o 201 it 2 122 030 B 2 iR AR g 20 > SR 40 2 2 Al 1 i 2 )1 B
AR TR0, SR B = A B A8 | O HLN I EOB A S A A, MR Bk, an R Al oh iR 22 n 1 H
P22 P PRI IR B 57K F , DDM 23 7 A 55 ISRk BB S 00 W SS7E Rk v F rhac A3 A% AR
. QAR Z SRR AR T A, D) b e O A D, O ELMCRR R B R i N 5. SR, 152 22 B It
(3G N IF IR BN R K, YT o3 285 8% & 5, OF HONAERETE B H rp (%) SR b i i 7 ) v 2 0 37 14 53 25
. FUERL A 7k (EDDM) S % DDM AYME T, DA A AR RS ARG 7). 30 i L e A R 56 2 ) )
ROL, SEB T AR AR RIAE 2. O3 — RIS ECDD SR HULE 48 BUMAL RS 3l F- Y (E AR AL i AL
il PH g — R T S A A , 1T LA R AS AR R e N7 1EH A T oh P A AR AR T BRI
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