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Bayesian Classifier Algorithm Based on Emerging Pattern for Data Stream

DU Chao, WANG zhi-Hai, JIANG Jing-Jing, SUN Yan-Ge

(School of Computer Science and Technology, Beijing Jiaotong University, Beijing 100044, China)

Abstract: Pattern-Based Bayesian model is one of the solutions for the classification problem in data mining. Most pattern-based
Bayesian classifiers consider the supports of patterns in the dataset of the home class only. However, the supports of the patterns in the
counterpart class are ignored. In addition, for the high-speed dynamic changes and infinite data stream, pattern-based Bayesian classifier
which aims at static datasets can not work. To overcome these problems, EPDS (Bayesian classifier algorithm based on emerging pattern
for data stream) is proposed. EPDS is a Bayesian classification model based on the emerging patterns discovered over data stream. In this
model, EPDS presents a simple hybrid forests (HYF) data structure to maintain the itemsets of the transactions in memory, and uses a fast
pattern extracting mechanism to accelerate the algorithm. EPDS adopts partially-lazy learning strategy to update emerging itemsets
continuously, and establishes a local classification model in each class for the test transaction. Experimental results on real and synthetic
data streams show that EPDS achieves higher classification accuracy compared to other classic classifiers.

Key words: data stream; emerging pattern; Bayesian; data mining
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Tig={a1,az...,am} ,tid ,m Ttid ,m=n. Tiig
1
3( ). DS X, X (Support(X)) DS X
(Count(X)) DS (osp ., (€
Count(X)
Support(X) =—— 1
pport(X) DS | 1)
DS )
4( )- Woowis1=[Towiss Tnowie2s -+ Tl DS W
: | W ,
: (W] : , X
Support(X) = Count(X) 2)
(W |
5( ) C DS ,QC={01,C2,...,Ck} yCi
W Ci : X (Support;(X))
Count(X) |c_e
Support, (X) = —————— (3)
1Cil
, Count(X) |c_, Ci X
6( ). DS w X Support(X) (minSupport)
, X , ; FP={X|Support(X)=minSupport}.
7( )& DS W, D: D,

DlmD2=®,D1uD2=D, X Dl D2

Growth(X,D1,D,)

0, Supporty, (X) = Support,, (X) =0
Growth(X,D,,D,) = o, SupportDz(X)>0,SupportD1(X):0 4
Support,, (X)
Supportp, (X) '
8( ). X, Growth(X,D,D,) p Growth(X,D;,D,)=p,
X D, D, p-EP, X D, EPR D,
D1
Ci Ci; Ci , C .
X C/ Ci Growth(X, C/ ,C;).
Ci Growth(X, C/ ,.C)=p ,

1.2

NB(naive Bayes),

(8]

.NB P(Ttestxci)
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P(Tlesl’ci) = P(a:l’aZ""’an’Ci) ~ P(Ci)P(al | Ci)P(aZ |Ci)"'P(an |Ci) = P(Ci)H P(aj |Ci) (5)
j=1
,NB , NB
. [1,9]
P(Trest,Ci) (o131,
DS A1,A2AzALAs C.c
|Ttest:{alva2| ...,35} ' (6) P(Tlestxci)
P(Trest,Ci)=P(a1,8y, - --,a5,C))~P(C;)P(a1|c;)P(azlasci) . .. P (as|asarasasci) (6)
. (7) P(Ttestyci) .
P(Ttest,Ci)=P(a1,2z,...,85,Ci)=P(Ci)P(a;a2|C;) P(asasas|c;) (7)
[9.14]
[10.11] £ Ray!10]
.EnBay
EnBay ,
DSM-FI™ ,
, SFI-forest ,
, MswI! SW-tree ,
SW-tree ,
, (51 ,
[16] [17]
[517.18 BCEPIl  MaxEPs!?” -BCEP
.MaxEPS
: .DFP-SEPSF¢]
, , [3]
2
FEP, ,
2.1
FEP . SW:[Tl,Tz, ...,T‘sw|], ,|SW|
,Ti FEP ,|€{l,2,,|SW|} Ti CiEC( C) y
HYF;, JHYF={HYF},
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3
. JFEP
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HYF;, ,cieC
o , ( , ),FEP HYF
HYF;(HYF; ) )
o , ,FEP ,
HYF={HYF;} ,
HYF , DS Ci
, HYF;. HYF
(1) HYF={HYF}ie{1,2,... k}. HYF; 3 (a list of frequent
items, Fl-list) (frequent item tree, FIT) (a list of subsequence
frequent items, SFI-list).
(2) Fl-list ci( ie{l,2,....k}) Fl-list
3 {x,x.count,x.head-link}, X ,x.count X
X.head-link X.FIT , Fl-list ,
X.FIT X.SFl-list.
3) xFIT X , 3 {x,x.count,x.node-link}, x.count
.x.node-link , X
(4) x.SFIl-list X , X X.FIT X.SFI-list
{e,e.count}, e ,e.count X.FIT e
1 : HYF 1 5 , A1,AzA3A,C, ,
C ;o1 Ty |SW|=6.
Table 1 Transaction dataset
1
Tig AA A A A C
T1 ap by dy [ C,
T, a by d; e [
Ts a by d; e, [
Ta as b, dy e C1
Ts az bs d, e, c1
Ts as b d; e 2
Ts ay b3 d, e c1
(1) HYF
HYF FEP T={ay.ap,...,an,C} , Ci
G . , T T, T'={ai,a,...,an} ,
T Ja={ayay,...,an} Tao={az,....an} .., Tag-y={@n-1,an} Tan={an}, T.={ai...,
ahie{l,2,...,n}. ,FEP a; Fl-list Tai a;.FIT,
a;.SFI_list.
1 ,FEP il T,={as,by,d1,€5,Co}, T, C, . ,
C2 T ={as,by,dy,e2} 4 Tar={a1,01,d1,62}, Tpa={b1,d1,6:}, Tr={d1,e2}, Teo={€2},
4 {a:}.{b:}.{d.}.{e:} Fl-list, FIT
SFI_list. 1 1 HYF,.
(2) HYF
HYF , DS ,FEP
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FEP 6 , . , Cq C1 {T3,T4,T5}, Co
C, {T.T,Te¢r 2 C, HYF,.
El-list | aiil | byl | diil | 0,1 |
I
ORI
ap. SFI-LIST | @il | bul | diil eyl
by.SFI-LIST | byl | dil [ eprl
d.SFI-LIST [ di:1 | eyl
,.SFI-LIST | exl
Fig.1 HYF, of C, after insert T,
1 T, .C HYF,
Fl-list | a2 | by:2 | d;:2 | eyl | €2 | a3:1| [ | dy:1 | a;.SFI-LIST | a2 bi:2 | di2 | exl | eyl
| by.SFI-LIST | b2 dii2 | exl | epl
@@@@@@@ di.SFI-LIST | di2 | ex1l | enl
FIT €,.SFI-LIST [ ezl
e1.SFI-LIST e;:2
) EDEDE)  GDEDED) S Far e Taran
b3.SFI-LIST byl | d2l el
@@@ @ @ d.SFI-LIST | dal | el
Fig.2 HYF, of C, after insert Tg
2 Ts .C, HYF,
,FEP , ,
Toe={ayaz,...,an,Ci} HYF;.  HYF; ’ n
Fl-list ay,ay,...,an 1, a;.FITie{1,2,....n}
ai.SFl_IiSt 1. 3 Ty C, HYF,.
Filist | acl | bl | dil [ e2 | agl | bet | dit | auSFI-LIST [ apt | byl [ded | el
by.SFI-LIST | byl | dil | ezl | exl
EIT @ @ @ @@ di.SFI-LIST | dyil | exl
e,.SFI-LIST | en2
@ @ asSFI-LIST | @l | byl | daljepl
@@ bs.SFI-LIST | bsil | doil | el
@ dp.SFI-LIST | dail | eul

Fig.3 HYF, of C, after sliding the window
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EPDS ,
) Thest HYF : ,
,EPDS Trest HYF={HYF}
Ds, Trest={X1.X2, . Xn}; . HYF HYF;
Trest={X1: X2, Xn} Xi, ie{1,2,..n}, FIL list : ,
(2); , Xi+1  FI_list , D Teest
Fl_list , .
FI_list X Xi ;. SFI_list; Xi Trest {Xis1: X542 -+
Xi.SFl_“St . , X
XX, . X} {Xj,....x}  x.SFI_list .
F1_list X X X;.FIT; {Xix,...x3} Xx.FIT
v XXy Xid , {Xi.Xj, ... X3} XX, Xk
min_sup {XiXj, ... X3 ,
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, , 1~ @),
, [3] ,
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FP; FP :
FP; FP';
Ci EP;.
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P(Tvci) ’ HYFI . {{al,az},{ag,a4,
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3) , .
, P(T.ci) P(T,ci)=P(ci)P(asa,|ci)P(azasas|ci), P(aidalc))  P(asasas|ci)
{AllAZ} {A31A41A5}1 Ci,
EPDS
) : :
(2) | . C) I T Cc G
, T Ci Ci .
@) : . ,
(4) . b T Civ
P(T,Ci) , . !
, 9
(5)
: C )
Laplace (el )
4(a) T={a,,a,,83,34,85,86} . 4(b)
T . 4(c) T
; As  As
, Laplace , P(asas|ci)
1
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,attnum(Ags)  attnum(Ag) As A ,count(c;) SW c

(b) c)

(® (
Fig.4 Three cases of conditionally independent assumption model
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Support;(X) P(X),
1) X Ci Gi o, X Ci
Ci .
2) X Growth(X, C/ ,Cj) (of Support;(X) ,
SuPpornewi(X) P(X)- (9) .
Support,,,; (X) = Support; (X) - Growth(X,C/,C;) 9)
3.3
EPDS , ,
1 .
1. FEP: Find Emerging Pattern Algorithm on Data Stream.
DS=[T1,Ts,...,Th,..0), |SW].
: HYF={HYF}, i
01: for all Tin DS
02:  /lw
03:  Ifw<|SW|
04: w=w+1;
05: HYFBuilding(T,HYF));
06: endif
07: Else
08: w=w-1;
09: deletefromHYF(Tqq,HYF));
10: w=w+1;
11: HYFBuilding(T,HYF;);
12:  endif
13: end for
( 4 5 ) :
, ( 8 -~ Jllem}
3.4
EPDS ; . Trest,
EPDS HYF; ,
, . 2 EPDS
2. ClassPrediction(HYF, Ties;, min_sup;,min_sup;).
‘HYF={HYF}, Trost g Ci min_sup;, Ci
min_sup;.

. T[est C.
01: forallc;inC
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02: finalltemset=(;
03:  while Tznull do
04: I HYF; Ci HYF;
05: FpatternC;=selectFPItemset(Ties, HYFi,min_sup;);
06: FpatternC;=selectFPItemset(T s, HYFj,min_sup;);
07: I
08: EPsets=MBD_LLBORDER(FpatternC;,FpatternC;);
09: I
10: bestFpattern=selectEPset(EPsets);
11: 1
12: Trest=Trest/ DEStFpattern;
13: finalltemset=finalltemsetUbestFpattern;
14:  end while
15: /NI finalltemset
16:  P(Test,Ci)=P(c;)/71efinalltemsetP(l|c;);
17: end for

18: return the class ¢; with maximal P(Tieg,Ci);

(3 ~ 14 )
( 16 :
( 18 )
EPDS m,
O(m?).EPDS ,
,EPDS ,
4
. UCI
. Massive Online Analysis(MOA)?, 3.60GHz
Intel(R) Core(TM)i7-4790 CPU 8G Windows 7
4.1
3 ucCl (http://archive.ics.uci.edu/ml/) EEGFirm MAGIC;5
Agrawal Generator? AGRAWAL Random RBF Generator
RBF random RBF drift RBF Drift SEA Generator®®] SEA  STAGGER Generatort*¥
STAGGER. 100 000 MOA
2
Attribute ,EEGMAGIC,AGRAWAL,RBF,RBF Drift SEA
EPDS )
Weka(http://www.cs.waikato.ac.nz/ml/weka/)
[24]
Items “ -7 ,
, 2 , AGRAWAL SEA
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4 2
Table 2 Real and synthetic data sets
2
. Attribute
Dataset Transaction Continuous Nominal Discretized Items Classes
EEG 14 980 14 0 14 82 2
Firm 10 800 0 19 19 38 2
MAGIC 19 020 10 0 10 79 2
AGRAWAL 100 000 5 3 4 49 2
RBF 100 000 10 0 10 254 2
RBF Drift 100 000 10 0 10 254 2
SEA 100 000 3 0 2 23 2
STAGGER 100 000 0 3 3 9 2
4.2
(prequential error estimators)?®),
W w=10%xn, N :
,min_sup;=min_sup;=0.01%xw, W
4.3
EPDS MOA

k-NNPZ k-NN with PAW(PAW)?™!;

Naive Bayes(NB),Naive Bayes Multinomial(NBM)?®):;
Rule Classifier(RC)®?® Rule Classifier Naive Bayes(RCNB)?Z®
Hoeffding Tree(HT)!®! Hoeffding Option Tree(HOT)” SGD,ORTORY FIMTDDR2.

2901

3 , 2 ~ 12
, 13 EPDS
Table 3 Accuracy comparison with other classifiers
3
Datasets NB  NBM kNN PAW RC RCNB  HT HOT SGD ORTO FIMT-DD EPDS
EEG 83.60 8230 9120 91.10 90.60 90.40 79.60 86.30 90.70 90.70 90.70 87.10
Firm 99.70 99.80 100.0 100.0 100.0 100.0  100.00 100.0 100.0  100.0 100.00  100.0
MAGIC 4750 6850 100.0 100.0 100.0 100.0  100.00 100.0 100.0 - - 100.0
AGRAWAL 949 67.38 90.38 90.3 91.86 93.92 9494 9495 67.42 67.44 67.44 95.79
RBF 7577 68.77 79.14 81.07 53.36 7289 7872 78.87 6848 49.91 49.91 78.80
RBF Drift 7577 68.77 79.14 8107 53.36 7289 7872 78.87 6848 49.91 49.91 78.80
SEA 86.46 64.14 7876 80.87 70.06 83.88 87.83 87.95 66.65 35.83 35.83 89.60
STAGGER  100.0 9270 100.0 100.0 100.0 100.0 100.00 1000 88.50 88.50 88.50 100.0
Average 8296 76.55 89.83 90.55 8241 89.25 89.98 90.87 81.28  68.90 68.90 91.26
3 ,EPDS
1) EPDS STAGGER NB
NB NBM.
) ,k-NN PAW EEGRBF RBF Drift
, EPDS k-NN  PAW ,
k-NN  PAW .
3) ,EPDS
RC RCNB
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(4) EPDS
HT,HOT,SGD,ORTO FIMTDD
3 ,ORTO FIMT-DD 3 RBF,RBF Drift SEA
.ORTO FIMT-DD ,
. 3 )
ORTO FIMT-DD 3 , MAGIC ,NB
MAGIC , NB
,  EPDS NB ,
,EPDS 3
(1) : , )
(2) ,
(3) : ,
3 ,
5
EPDS.EPDS ,
HYF .EPDS , ,
) . ,EPDS
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