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Abstract

An outlier in a database is an observation or a
point that is considerably dissimilar to or inconsistent
with the remainder of the data. Outlier detection is
very import for many applications. Most existing
methods are designed for numeric data. They will
have problems with real-life applications that contain
categorical data. In order to solve this problem, some
scholars propose the FindFPOF (Frequent Pattern
Outlier Factor) algorithm to detect outliers from
discovered frequent patterns. However, FindFPOF
generates too many frequent patterns. The purpose of
this study is to identify outlier not to find frequent
patterns. Therefore, in this study, we present an
efficient method to detect outliers by reducing the
number of frequent patterns, called the reduce
frequent pattern FPOF (RfpFPOF) algorithm. The
experimental results have shown that RfpFPOF
outperformed the FindFPOF method on identifying
outliers execution time.

Keywords: Outlier detection, Association rules,
Categorical data
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Algorithm RfpFPOF
Input : D //the transaction database
min_sup //user defined threshold for the
permissible minimal support
top-n //user define threshold value for top n
outliers
Output : The top-n outliers
01. begin
02. Ly={large 1-itemset}

03. fork=2; L, !1=9; k++){

04. Cy = new apriori_gen(L, _,);

05. for each transactionte D {

06. C: = subset(Cy, t);

07. for each candidate c e C;

08. c.count++;

09. }

10. Ly = {ce Cy| c.count>min_sup}
11. }

12. L =ULy;//the set of all discovered frequent
patterns is donated as: FPS(D,min_sup)

13.  for each transaction t in D{

14. for each frequent pattern X in FPS(D,

min_sup){
15. if t contains X then
16. FPOF(t) = FPOF(t) + support(X)
17. }

18. }

19.  Output the transactions in the ascending order
of their FPOF value. Stop when it output
top-n transaction.

20. end

procedure new apriori_gen(L,_,)
01. C, =¢
02. for each itemset Xe L, ,
03.  if support(X) is maximum then

04. continue;

05. foreachitemsetYe L, and X =Y
06. if support(Y) is maximum then

07. continue;

08. if(X[1] = Y[AD A .. A X[k-2]=Y[k-2])
then{

09. c=X+Y[k-1];

10. if infrequent_subset(c, L, , ) then
11. delete c;

12. else C, =C, +c;

13. }

14. return Cy;

procedure infrequent_subset(c, L, )
01. foreach(k —1)-subsets of ¢
02. ifsg L, then

03. return TRUE;
04. retrun FALSE;
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