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Abstract Data stream may contain a large number of useless information or noises. Frequent
pattern mining can drop such useless information and discover patterns. Frequent patterns may
contain more information than single attribute. Therefore, frequent and discriminative pattern
can be used to train classification model effectively. In this paper, we propose a two-steps method
PatHT (Pattern-based Hoeffding Tree) to generate decision tree for evolving data stream classifi-
cation. First step, an incremental algorithm CCFPM (Constraints-based and Closed Frequent
Pattern Mining) is proposed to discover frequent pattern set CFPSet (Closed Frequent Pattern
Set). These patterns are closed, that is, they have total information of complete patterns and less
numbers than them. These patterns must contain class attribute for classification in next step.
The sliding window model and time decay model is used in CCFPM to deal with concept drift
problem. And a novel average decay factor is designed to get pattern result set with high recall
and high precision. Second step, an incremental algorithm HTreeGrow (Hoeffding Tree Growing)
is proposed to train concept drift decision tree based on CFPSet. Concept drift detector is used to
discover concept change; therefore classification model is adjusted automatically. For high-density

and low-density data streams, we design different ways to use pattern sets. The performance of
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proposed method is evaluated via experiments.

Using real life data streams shows that the

proposed method can reduce the training time or improve the classification accuracy. Processing

synthetic data streams also shows that the proposed method is superior to other analogous

algorithms.
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T SumWwv P(no) =WV, /SumWV=4/8=0.5 P(no) =WV, /SumWV=9/14=0. 64
WV, P(al)=6/8=0.75 P(al)=7/14=0.5
P(A,J):S v;v P(a2)=1/8=0.125
Dum P(a3)=1/8=0.125
P(yes|al)=4/6=0. 67 P(yes|al)=5/7=0.71
. AT P(nolal)=2/6=0.33 P(nolal)=2/7=0.29
P((*‘A”)*WV,»_, P(nola2)=1

P(nola2)=1

H(C)=—> P (Clog(P(C)) |
k =

H(C)=—0.5Xlog0.5—0.5xlog0. 5

H(C)=—0.36X1og0.36—0. 64 X1log0. 64
=0.94

H(C[A) =—0.75X(0.67Xlog0. 674
0. 33 10g0. 33) —0. 125X
j (1X1logl)—0. 125X (1 Xlogl)
=0.69

H(C|AD = > P(A;)> \P(Ci| A log(P(Cr | A )
k

H(C|]A1)=—0.5X%(0.71Xlog0. 714
0. 29 X 1og0. 29)
=0.43

Gain(A;)) =H(C)—H(C|AD

G(A1)=1—0.69=0. 31

G(A1)=0.94—0.43=0.51

A,

(a) FEPS BB TR SR

e
&

(b) 1EDS 1Az p i e st
K 4 7E DS 8 PS | Az i i vk 55
KT PS Az B SFER RT REAEAE I [RIBAE T: (1) 24
A A ASE A B AR A A B8 SR I A 8P A 45 4 T
REo i TR HAr K IEWRA —ERF; (2) Hik

TE Rk AR S B top-k S5 A IR A 25 4 6 5 1Y
B BB &R, 2 R B & 1Y IR 3 IR
1M Xof %8 8 Ry 1) BROHE U R AT SIS L T A B Y
RO B i A A, v DL PS O 2R 5
1117 %o %8 JRE ARG ) K90 i R AT 2 2RIy T R AR B A
R A AR A = A L mT LA 2% BROHT B e v )
R A A3 A RN i B A — RS R AT I A A L.
X 2 DL AL T AT DA 5 o3 R IR Y e R AR
H 25 I
3.3 ®ikgit

AR SO T HE T 90 B Y 70 28 TR AR B3k
Tifq A S 5 YNGR AR R T A7 A B
W A 0 I 25 2% A A G 1 R, S ot L Bk
BT 5 SR F

R 1. A A A T BAT S R P
A B AR AL

FEN) 2. Top-k AU & B AT AT fE
fii PS v 5 25 Ja M 110 42 A B 24 R 43 UM

F 3. iS5 SumWV i 4eit.
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U 4. 54520 1 f 4 0 P A 8 Pk S 24 v DU (B
22 AR /NI (<Ze) , W) 32k 5 AL 22 AR ) Jas 1 (ot 43
HAZS H5GHOER 2 M.

FRO 5. 4 FHALEE LB AR T ik IX 31 de A i
TR Y 73 248 P AT 25 8 £ b — AN ARy 4 3

B R AN ) 45 i B 88 R AS SCBCTT A e SR AR
T3 R iR 8 R A U B TR A 2R IR
W& PatHT1 (Pattern-based Hoeffding Tree) fifi
M PS AR INZRE] . nga 1 2 Bz s 10K B Y
i . 5 PatHT2 R0 & top-k PS 5 DS 1y
HAEEAE RG], 5L 3 PR, ik PatHT1
A PatHT2 Y% A 44065 B it S, 3l 8 1 K/
SW. s /NS5 B0 {EL 0 3 45 15 0 70 SR 5P 5 1Y
R 05 i th oy JE TR SRR H T

Bk CCEFPM 8 4 0T 0 A s =0, H P iy
BREL sup port O KRR LR AR U 02 B AT 2R 2
WA R 6] & S F S 2w e B U R R T
EF 2 R 3 ANEHE g5 ClosedTable, CidList
M NewTransactionTable 1£ 3.1 i E &/ 4.

B HTreeGrow ( Hoeffding Tree Growing) fifi
FH U255 40 48 50FT 19 A AL R SRR o B A i — b ik
T Hoeffding i1 #4917 A= 5 k. AN [a] 22 4k 72 T 35
TR R, O (D) GE T BN T B A
{85 (2) PR R0 2407 s, 2528 T8O 2 A OC 1) ¢
THE B B 25 ] 23 20 WA I R A Z F0AE Sy
TR RARE. B b ADWIN A5 4 8
FoAtivh A, BRE GO R i 123 2 HE A5 2 A9 85 o5
B MaxWeight Arer () JH 48 ZAL T (H 5 19 )& 1.

Hi% 2. PatHTL

//HF N Hoeflding #f 1

HA S BRI

SW. ¥ gt 1K/
O B A% A A 43 21T s P P AR

e -3 15k
&R AFIRER
i HT R

1. For each transaction T,., in S Do
Get novel set of patterns PS,.,=CCFPM(T,.,,f,
§&,SW);
Goto step 2 to 4

2. Let HT be a tree with a single leaf (root)

3. Initial counts WV, at root

4. For each example (x,y,weight) in PS,., Do
HTreeGrow((x,y.weight) ,HT,0)

ik 3. PatHT2.
/ /3T L) Hoeffding #f 2
B S BRI
SW. 1 8l 8 11/
O LA LA 3 2419 T T 1A
S BT
&R AP IR 224
i HT B3R
1. For each transaction T,., in S Do
Get novel set of patterns PS,.,=CCFPM(T,..,f»
§,.SW);
Goto step 2 to 4
2. Let HT be a tree with a single leaf (root)
3. Initial counts WV, at root
4. For each example (x,y,weight) in PS,., and T,., Do
HTreeGrow((x,y,weight) s HT,d)
®ik 4. CCFPM.
/ /%% BT AR B A v I 24 TP 5 AR
BN« Toew = BT I d00HT 52 451
SW. 13l & 1R/
e -3 15ER
SR A RER
fnih . PS BB A
1. Add T,., to NewTransactionTable
2. Let inters = Ty, () ClosedTable () according to
PidList
3. Add inters to NewTransactionTable
4. For each Templtem in NewTransactionTable Do
If interS€ Closed Table
Then update support(interS) support(interS)X f+r
Else if support(interS)=>¢&
Then add (interS,support(interS)) To Closed Table
5. If item € T,., And item is not in PidList
Then add item To PidList
&% 5. HTreeGrow.
/ /8% Hoeffding 4
i (x,y.,weight) ; LB
HT: IR
O BEFEIE M 43 R R U R I MR
Hth . HT Jesemy
1. Sort (x,y,weight) to leal [ using HT
2. Update counts WV, with weight at leaf [
3. Compute information gain G for each attribute from
counts WV,
4. Split leaf
4.1 If G(Best Attr. BA,;) —G(2nd best Attr. BA,) >¢
Then let BA, to be best attribute BA

4. 2 Else let best attribute
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BA=MaxWeightAtir(Best Attr. , 2nd best Attr. )
4. 3 Split leaf / on BA
5. For each branch Do
5.1 Start new leaf / and initialize estimators ADWIN
5.2 If ADWIN has detected change
Then create a subtree st
5.3 If no sunbtree
Then st as a new subtree
Else if sz is more accurate

Then replace current node with sz

4 EBRHH

4.1 WEFE

g HOR L #R PatH'T B3k 5 DU i 43 28 50k
NaiveBayes(NB) , #f W] 43 2 & 3= DTNB?, Rule-
Classifer(RO™, esfe i 43 J 4 2 VFDT , HAT ™,
HOTM™ , AdoHOTM , ASHTM™ , H:tf DTNB % i
Leave-one-out 72004l . HAx 255 R MOA
th ) EvaluatePrequential™ " 1 £l 75 =X 3 I 128, H
rh AN S S A S I a0 HkE i S 1 S IR B X
FEAS R IEA 2 My O, AT LT3
03 o AR PR e A ) A R A 0 £ L
4.2 SLHE

LR T 3 MBS SEARBFLLED
1A B S BRI Poker-hand, B (F B 414 7
i

x7T HER
#C  #A 1 HE & 5 5% Bt
Pocker-hand 10 10 1106 N N
SEA 2 3 5% 10* Y Y
s no drift

RBF 2 10 1X10 drift 0. 001

no drift
LED 10 24 1x106 W =500 N

W=2000

4.2.1 SEA

SEA J& B i 12 9 % FH A RS 100800 2 ok VR
MOA™ A& T 3 A EE R 1 A28 k. 3 4
Ja M R AT A & A ORI Y, B3 A Jm M A (AT
TE0 5 10 ZHL X AEHE 8 1 4 B, g AR
MIMEE. R £+ o <n B, Ho £ R
o FORFTPIA @V L p 2 B B B b R 2 {2
9.8.7 Fl 9. 5. SEA Jik HA7 A 4 L B 0 1 110 5005
N T R B EA K ] WEKA™ H1 ) Discretize
J5 ¥R o ) S5 A Ak AT S LAk

4.2.2 RBF

LA AN TR M A& R B R AE 1) RBF 5 b 8080 3
M #% generators. RandomRBFGeneratorDrift 224
A 180 43 0 AR RS B 1000 000 S 45 fr) T b AP AiE 5048
BPJCHE & IR A% 19 A2 B B i (no drifo) FITEFS 2N
0. 001 fy ] 78 4 3t (drife 0. 001).

RBE BP0 A LT — AR 1. (H 2 R
R0 23 A1 36 A2 e 3 o K, B 2 b 20 A T b )RR
LA S . O TR BB AR S, {f A Discretize
T3 % He b i 25 4 R R AT B .

(a) no drift

e e s e
v o ae e o 200 e oo P 024 2
atis a6 sttt a8

(b) drift 0.001
Kl 5 RBF J& 538 5 1
4.2.3 LED
LED i MOA %% 3 i 4E % #% generators.
LEDGenerator®?" p= 4 LED %4 | F7E— 1~ 7 B
LED {om 4 b 30 R i oy, Hal sy 24 A~ ik
il S Ik A B R 10 % 1 T ReE & IR
FUARKIEME A 10 DASRAE. 5550 A R 5
it LED 428 1000 000 4% 52 ). S 3 A= il i) 5 405 42
24 A kR m A o 17 MR TE R,
T o3 M PatHT S50 M B B 540 U 1) A 21
J1 U LED HAT 9 FR AR AE - Jo Rt & A% AT A

e
He
DR, WEE NSRRI W (width of concept drift
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Hl

change) fifi i i) 42 ConceptDriftStream J5 2% 4
SVUERSEEECE /N TR T s H v
4.2.4 Poker-hand

B R Poker-hand 3 [ UCIY, 434 1000000
ZRTM 1T A SR A 1 A28 . Poker-hand
B ) B S S — TR o 2R R M T A A
“Poker-hand” .3 & 10 N HUE, N3 7 rs. HE
B it A S B AL R AN B A B

TE Poker-hand 1 10 NEEE T, 56 1 PDRE
HELAEZ) 50 Y6 I SE L 5 2 AN SRAEH BTEZY 4026
s il rp AR 8 A28 B TEAS 2 10 %6 1) S 4
L R B — A R
4.3 XmxRH|

EEIEITHEEN CPU i 2. 1 GHz, A7 2GB,
PERG R Win7, Jr A 95255k H Java SE3E. S
X 10 Fofr B3 v I 55 7R () Bof (] L P9 A7 B DA S a2
IEB 2 AT L.

4.3.1 BRI 8 50

5T A B I b ke A S A DG A B Uik
L19 v 255 55k 1 1 40 i 4 B8 X 42 i CCFPM
HYIRGE S 1K/ SW=1000 B, 3% € 5 # 25
KON 1000 S b A B Y. X 28 25000 15 T DA 5
2 CCFPM 153 31|14 8 2 L T+ 7] 28 B4 i 4t B4 =
32 88 77 12 MSWHY [ SWPH R CloStream * 17,

U CE e AT <N 3 DO M - S N
NN SR AT AR SR SR E TR IE S S AR .
(BB, ,B;.B,,Bs }. %X J5 X B Fcds e b 1742 i 4E
AR A I ERE S N T 4B B0 RN
B B 52, T B 2 A B R R T B A A L 4
RE 6 Fros. 763 AR 0 SRS AT LA
BHge .

(1) 45 i Poker-hand 15 2 i) 455 2 80 & Eb 4
Z 16 5 DR A5 320 i 41 7 254K B RN A K
FEARAL . W E 6 Frs. AR B B 2~4, P K
JEHh 2. 83, T EUIRAE A LIy 11, HI 4%
A-SLPIRKEE A 1:3.9(2.83: 1), & H s
R IR AN BT 2 20 300, 85 -5 5 A B kb
25k 1+:3.3(300:1000).

(2) ] AR K4 i SEA 15 21 0 452 =8k & 40 L 2
RS 6 Fr s, B Beh kB B K B
2~3, PR BN 2. 3. BBk 57, -
AL A 1517, 5. RIS H0HE B v A Bl py A
A He 5 FE P 52 ) 850 A LR AR A .

(3) X} RBF #1780 X 42 45 15 2 0y #8580 B
KA E LA A E5 4 P v A8 b 2 e W S Y. iX R W T

2 i 2016 4
900
¢ Poker # SEA
800r LED < RBF
700}
600}
I8
& 000r <
= 400l
z@ 400 .
300} — ., —*
200}
100y = 8 u
T B, B] B, B
K b
(a) ik
9
3
7
i g -~ Poker # SEA
W LED ¢ RBF
R S
B4 /\\/
E
i 3 D T — .
e RS —
2
1
0 . . . . .
B, B, B, B, B;
(b) Pk
400
-¢- Poker # SEA
350F o N LED ¢ RBF
300}
12 250
=
=
200
150 o, . .
100+ .,/’.\.—./’.
50}
0 . . . .
Bl Bz BS Bi B3
PAETIES

(o) BRBLE /B
BEAS B b A5 B A BE U R

A E TSI PO S L D S = e = E DR S i s
I 2 0 B R f K B 8 2 F At JL A B O
W& 6 fif7s. RBE £l S v 45 2] 1 4852 20 K 32
4027 AR S-SR B BE EL 292 12 2. 34, B
AR 635, 4, B A-SE Stk 298 15 157,
7Ca) o T AN [ i B s X 0 A, R T LUE
BRI IR Z A 3.4 5 X 3 MR,

() ke 22 v B2 Wik o4 500 B . LED fy
A 2B e AN R B B rp R B 22 S K R 6
(a) fr7n. 85209 % . KB MR 55 15 Bt
Poker-hand fil SEA A8 {1k () bb 4 B & J5 R bR T 4%
P A B 9 RRAE A1 38 7E T 8 1A A el AR 98 R 2 /)N

& 6

TS RN T B AN REAR G 1) A DA

@ Frank A, Asuncion A. UCI Machine Learning Repository
[EB/OL]. Irvine, CA: University of California, School of
Information and Computer Science. http://archive. ics. uci.
edu/ml, 2010
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300 (6) 2 8 o 4 FiAS [A) FEAE Kb it b 45 21 A9 48 50

250} ST BB L. AR LT 5 - RBF 7551 i b 8 it i £
200} SEA i 5 H it 5 0. X 5 B S K
ﬂsl'gglso_ LED, Poker-hand Az jif, i) 8¢ 30 < B2 2 AH XF 452 %
ool SEA 5 RBF th8 5] i B2 K B 2 A X 0K
50r x8 HERLGINEXELFMNKERMEBELL
0 1‘ 2 5 1 5 6 7 8§ 6§ 10 i LSyl K M
R Poker-hand 1:3.9 1:3.3
(a) RBF(drift 0.001) SEA 117 1175
RBF 1:2.34 1:1.57
60 == LED 1:3.5 1:7.6
50-+B2 P x—XK
sl L “x 43,2 BEEUBCIE I 4 M RE F B
0l B X FUA A BRI 1 B4R U SEA L JUE & Bt
20} ’ T AR . A B e L3R AT 43 2K 4 B A9 B 9 IE
0} / Wi 9 FrR. thF SEA B HEA SR 4 HL15
o 4””(????? . 5] 0 10 DAL IR SR A8 2 4 4 A S U 5
Rk G159 3 B B o R ROCR AR 2. I UK PatHT2
(b) LED(W=500) (RI0 0 PatHT) B9 647 Fo e, 28 v ol DL i
7 B LED A RBE 5 209 A K BB PatHT 55 55 A0 b Ho At )7 2 7453 21 10 1E 0 R —

A5 Ak ] B, LED %5 8 B v £5 3] 0 485 205 By K B o A4 ve s LR v R B AN v 1 D DR A A B A 2 A
7oA B RS K B L R 1 3.5, R AHEBERD.
BIAECR 131 B -5 BB 2y 1:7. 6. 25 LR BB I RBF, X428 (no drift) Al
(5) 4 W<SW i, ¥4 7 LED 15 3| iy 1 L A& RBF(drift 0. 001) #E 17 70 J b B, 15 2] 1) 25 1
KMo e 7(h) fiios . il LB AR p R 05k 9 Fron. ISR 20 A SCH Y PatHT 5803
MR 7.8 F 9 X 3K . Hh Bs Al B, Hh 15 5 () 1E B A AN R ERAE 1Y RBF b 22 S . Al H 4
MR M 5E AR, B Fl B, b 3B i gt 2 M. 5 A ML, PatHT HIL1EFRRZS RBF |
FHAM 3 A FHEE, B, fl B, /5 3 5 g R PR IE B R A ] . BRI N RTHAE S A T
Bih s i b, a2z R E AR F R g g NGR RCEIEZ A M L, PatHT 532 5 I 1] 3 46

AR K. XU G0 NAETH A RS IS B 2
® 9 HIE7E SEA 5 RBF LHyEaE
SEA RBF
Drift No Drift Drift 0. 001
I 7] IE i % M AT I (8] I 1 3% M7 I 8] IE A % WAF
NB 1. 01 82. 80 0.76 13. 40 72.90 0.58 13. 60 49. 30 0.58
RC 2.29 85. 65 29.76 1820. 00 83.19 8. 42 9690. 00 52. 60 2.78
VFDT 36. 64 82.50 4.98 18.53 91. 60 8. 48 20. 67 53.70 6.13
HAT 1.47 86. 30 0. 99 68. 00 92.40 10. 77 36.79 67.70 3.08
HOT5 2.62 90. 40 0.99 40. 59 91. 90 12. 04 34. 96 54. 80 10. 67
HOT50 2.39 86. 00 2. 10 87.00 92. 00 23.68 82. 00 60. 90 15. 89
AdoHOT5 2.38 86. 00 2. 10 40. 09 92. 30 11.91 29.76 59. 60 10. 71
AdoHOT50 2. 34 86.01 2.11 89. 00 92.10 20. 43 80. 00 69. 60 18. 89
ASHT 2.33 86.01 2.12 18. 64 91. 60 8.43 18. 05 69. 70 8.42
PatHT 8. 47 91.70 1.01 350. 00 97.70 11. 61 150. 70 72. 80 2.45

e B R R LED. (6] 3 B A AR #RWE 10 Fron, 1] LUA H PatHT 43 2 (19 1E 5
LA A T BE A B B AR TSR I R B S A — E A BN (HAE W =500 I 3£
BEB I W=500CNF & 058 M W=2000 IR, 32BN A 1 58 /N T sh i 0
CRFE AR, LA LED A0 2R 8IIE S8 15 3 AR B A 8RR K.
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# 10 B LEDWEMHE
LED
No drift W =500 W=2000

fisf ] IE R W AT fisf (8] 1E i % W AT fisf [ N N
NB 24.23 73. 30 3.51 25.70 73. 40 5.83 22.21 73.81 5.79
RC 1438. 00 51. 80 4.03 1442. 00 52. 60 4. 00 1444. 10 52. 80 4. 60
VEDT 30. 25 72. 80 2.04 32.27 72.90 1. 47 30. 25 73.30 1. 47
HAT 61. 00 73.20 5.94 78. 60 73.90 3.09 62. 89 74.12 4.02
HOT5 97. 00 72.80 5.73 105. 10 72.80 4.71 101. 10 73. 30 6. 00
HOT50 99. 00 72.80 5. 64 106. 60 72.80 4,72 101. 54 73. 30 6. 06
AdoHOTS 101. 00 72.82 5.73 96. 50 72.92 4. 81 83. 60 73.31 3. 83
AdoHOT50 103. 00 72.82 5.73 97. 00 72.92 4. 82 85. 00 73.31 3.83
ASHT 31.57 72.81 2.13 31.57 72.90 1.56 29.91 73.31 2.43
PatHT 35. 84 73.97 5. 80 32. 20 72.20 3. 30 35.11 75.20 7.22

4.3.3  ELSCHUR A ST RE B

oA 2 R TE LS BRI Poker-hand E 153
KIE#HF. ARH TR R P2 PatHT 53k, PatHT1
AR FASE A AR 25 52 ] R A A =080 R 24 2
SRR 30 %0. Bk PatHT2 SR B4 5 5 1R
KR A 1 2 A 4R A OV 2 S )L R R B R X B
KL LR R 20%. T DTNB R ] Leave-
one-out J7 X PFAl 43 JE 5 1, da 17 R M L AT
AEH 2 ALK 50000 2% 52 #4743 #7.

PatHTI1 1381/ 25 IE 6K B 80 T NB.DTNB
A RC, 5 H Al g 58 R 43 28 53 15 21 /9 1E 8 %L
F—F, ik 11 froR. RC B 3L (4 B 8] 74 #E e £
PatHT1 4/ B E] 5 2, R 29 B AR B3 1 9 °F 1
BRI T 80 %0, X2 B T 5 5 I 45t 58 W 1 555X
B AR D AH AR Ah Y B ] 4 FE 23 0 B TR A i
B S FR v fF PatHT 1 I #6 B[] (9 O 3523 0 iK%

T

% 11 HEiE7E Poker-hand iy 8E
Poker-hand
#1=50000 =1=1000000

WA ERE S N mE IEARE NAE
NB 1. 87 51.40 0.76 14. 65 46. 20 2.59
DTNB 250. 00 60.85 83.89 — — —
RC 36. 00 51. 40 2.10 365.00 56.70 4.23
VEDT 2.22 63. 60 1. 20 20. 26 79.70 3. 39
HAT 3.48 65. 20 1. 00 41. 81 77.40 3. 40
HOT5S 2. 89 62. 30 1. 33 39. 26 79.70 3. 50
HOT50 2. 89 62. 30 1. 33 36. 11 79.70 3.52
AdoHOT5S 2.98 62. 30 1. 34 36. 32 79.71 3. 36
AdoHOT50 2.98 62. 30 1. 34 35. 86 79.71 3. 40
ASHT 2.23 63. 60 1. 07 20. 14 79.80 14.06
PatHT1 0.53 63. 80 0. 90 — — —
PatHT?2 3.01 73. 30 1. 45 48.30  87.80 3.42

PatHT2 R H S A 215 o X3t (7] s A1 2
Bl Jr K NFR 1L Hoal DU B 6 4 i (8] A
AT 5 LA R AR L B0 T 0 3 o LR T W R

PRI T2 2020, T4 FE TG B 4 2 it FEC topk A
B AR B S AN B R 125, %A W B
BN S5 FE. AR R 1 77 2 A ot =, DR e ]
WAETHFES A —E .

Bl 8 (a) & PatHT B3k 55 5 AR 0 43 2 Oy i
DTNB #1 RC 19 Lb#¢. M Ha] DL 43 # it PatHT1
R T o N 2 NN R R D N [ B
¥&, 1 PatHT2 WY @425 1 E40 5, HAE A i i (8] A0
DA T4 FEAH B R0 43 25770 5 AR 2D

Kl 8(b) & PatHT B k5 NB A Fh ok 5 44 4
JJ7k VEDT M ASHT (1 L4, B a] LA
PatH'T 533 ] L B 5 38 0 43 2% TE 1 3, AH BT & B
VF1) 714 #E 23 BA S 34 .

300
=RC
2501 =PatHT1
PatHT?2
200
150
100}
50
0 time accuracy memory
HIERI
(a) PatHT S5 #7328 7575 K UL
100 NT
90y = VEDT

ASHT
= PatHT2

time accuracy

SRR
(b) PatHTHEEL SR 23 K07 HA R HLAR

Kl 8 PatHT Hik 5B A 0K LM LK

memory
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g BRI AR 458

(1) B0 A A 2 2 A B K B A Y
RSB R It - PatH'T X HLfE 47 40 B AT DA B (2 42 =5 4%
&1 I 2.

(2) BEXF AR A ey 8 K B R AE
(8 25 B8 U 0 5 92 B i Poker-hand, PatHT
B AT AL B, PatHT1 A] DL 45 3] 5 4 W5
ALY IE B 3, LT LAY 48 ki B [ #E.

(3) A XF A [v) AE 28 o A8 R AE 19 3l 2% B8 O
PatHT 83k 0 H e 47 4b RS 1F A 25 2 38 . {22
MR 2 A B B /N B O T80 HSE D L A3 B Bk
IE T 0] g S BEAIL.

() i T2 B B, I PatHT 89k &4
A1 B 1 S [ R P AT AR {H 2 B T A R
/D I [A) Y ARSI AN B . pl T R 0 S A 1Y
B (75 A I 43 2T B T iy 0 L TR LT AR Y
PIAF A L 28 BURL VL 25  — o 7 B T R A1

5 B %

WA U T 0 IS A D i A B T R
A JE R X LI G S ) B b T AT A K
TG B PR AR SO — OB i1 7 A
by AN R RD A X8 1 T I 5k 22 i e ik
AT RECIZ . X 5 A S 51 HE A7 00 o SR 09 A 542 0
S BLEA JE LA P A 0 A A IR T L 25 B i
Bt i JE A B . EL A 365 R B i U
. XA [ B R AL L X LA U S 2 DUk ST
LA 15 S 5 I S SRR RS I R MK R
F14 ST 6 25 5 0 A Al LAAS: H L 7 5SRO0 A A [ A8
AU R A AR UL SO AL b (8 2 TR S 23 2K
BRI T LA A0 48 15 70 2K 10 TE A 25 A
SR I [H].

{EE i T 2 B BB 50, I AN 2 2 Akt
AN RE X I S {E A J P B AT AL B L BEE AL B
HT Tt S A A AR e A TR I T P A
THAE L&A s

2 £ x #
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Background

Data stream is a massive, unbounded sequence of data
elements continuously generated at a rapid rate. Advanced
analysis of evolving data streams is quickly becoming a key
area of data mining research as the number of applications
demanding such processing increases. An important character
of evolving data stream is the concept drift, so classification
methods should adapt it automatically.

Although many classification methods have been proposed.
studies find that frequent patterns can be used to build
high quality classification models. The advantages of pattern-
based classification methods lie in: (1) un-frequent itemsets
may be caused by random noises which are harmful to classi-
fication methods. But frequent patterns always carry reliable
information gains to construct methods. (2) Generally, pattern
has more information gain than a single attribute. (3) The
discovered patterns are always simple and easy to explain.
Therefore. interesting., f{requent and distinguished pattern

can be used for effective classification.

In this paper, we focus on mining closed frequent
patterns on data streams, and study classification decision
tree algorithms based on these patterns. (1) Existed data
stream classification cycle includes three steps: input-learning-
model. In order to improve the efficiency of building model
and the accuracy rate of classification, we proposed the four
steps cycle: input-pattern-learning-model. (2) Incremental
mine closed frequent patterns which must have class attributes.
We get top-k frequent patterns to build decision trees in order
to improve the efficiency of choosing an optimal splitting
attribute. (3) Sliding window models and time decay model
are used to deal with new examples. (4) We use ADWIN to
detect concept change in evolving data streams.

Compared with state-of-art algorithms, an evaluation
study on synthetic data streams with different widths of

concept change and real-world data streams shows that the

proposed method performs better than them.



