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Abstract: This paper considers the problem of outlier detection in data stream, proposes a hew metric called
weighted frequent pattern outlier factor for categorical data streams, and presents a novel fast outlier detection
algorithm named FODFP-Stream (fast outlier detection for high dimensional categorical data streams based on
frequent pattern). FODFP-Stream computes the outlier measure through discovering and maintaining the frequent
patterns dynamically, and can deal with the high dimensional categorical data streams effectively. FODFP-Stream
can also be extended to resolve continuous attributes and mixed attributes data streams. The experimental results on
synthetic and real data sets show the promising availabilities of the approaches.
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[1...M] [1...m]. ,
, Aporior ,
, , |
FODFP-Stream , ,
, :CandSet ; Lattic = rkzl
r(1<r<k) ;CandSet  Lattic (item_id,count,time,level)
,count ,time
. FODFP-Stream.
ok DS, I; hy,hy,... hg; minsup;
Pxw(0<P<100%).
1k DS Outlier.
Initialization;
For each datum x arrived in DS{
Support=0;FPS=0;
N=NxA+1
For al f-itemset(1<f<l) sof x {
id=convert(s,DS|); /*convert(s,DSI) s [1...M] */

For (i=1;i<=g;i++) {
V[h (id)].count =V[h (id)].count x 2 VIV (1™ /1R (id)] time =t; }
I*VI[i] i
If (snotinLy){
If (@l V[hi(id)].count>minsupxN) {
insert sinto Ly;
L[s].count=min(V[h;(id)].count);L[s].time=t;

Support=Support+((|si/k)xL[s].count)/N;
FPS=FPS+1;}

b X */

[*L[9] s Lattic */
}
Else If (all V[hi(id)].count>minsupxN){
L[s].count=L[s].countx A" -1 1:| [4] time=t;
Support=Support+((|s|/k)xL[s].count)/N;

FPS=FPS+1;}
Else delete s and all superset(s) from Lattic;
[* superset(s) s */
}
j=1+1;

While (Lj=&) and (j<k) do {
For all j-itemset s of x {
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If (sin Cand<et) {
CIs].count=C[s].countx A “191™+1-C[ 5] time=t;}
[*C[] s CandSet */

Elseif al (j—1)-itemset of sin (CandSet or L,){
insert sinto CandSet;
C[9].count=1;C[s].time=t;}

If (snotinLy) {
If (C[s].count>minsupxN) {

insert sinto L;;

L[s].count=C[s].count;L[s].time=C[g].time;

Support=Support+((|s|/kK)xL[s].count)/N;

FPS=FPS+1;}

}

Else If (C[s].count=minsupxN){
L[s].count=L[s].countx A" (111 1: | [] time=t;
Support=Support+((|s|/k)xL[s].count)/N;
FPS=FPS+1;}
Else delete s and all superset(s) from Lattic;

}
=i+

}
WEPOF (x) = PRort .
FPS

}

Sort Top Pxw datum x with least WFPOF which in current windows as CandOuitlier;
If requested Output TopQ datum x with least WFPOF as Outlier.
1. FODFP-Stream Px(1-e 9Mmg,

FODFP-Stream I :

pz(l_e*QM/m)g_ , SBF , . s
Px~(1-e ™M M | DS . |

Lossy Counting  StreamMining ,FODFP-Stream
1 , , )

3.3

[21]. :

CandSet

,CandSet ,CandSet
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