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An associative service mining based on dynamic weight

Jeong Hee Hwang*

Abstract

In order to provide useful services for user in ubiquitous environment, a technique that can get
the helpful information considering user activity and preference is needed and also user’s interest
actually changes as time passes. Therefore, the discovering method which reflects the concern degree
of service information is needed. In this paper, we present the finding method of frequent pattern
with dynamic weight on individual item based on service ontology we design. Our method can be

applied to provide interested service information for user depending on context.
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<owl:Class rdf:ID="Service_Ontology”/>

<owl:Class rdf:ID="Service">

<rdfs:subClassOf
rdf:resource="#Service_Ontology”/>

</owl:Class>

<owl:ObjectProperty rdf:ID="ProvidedIn”>
<rdfs:domain rdf:resource="Service">
<rdfs:range rdf:resource="Location”>

</owl:ObjectProperty>

<owl:ObjectProperty rdf:ID="ProvidedAt">
<rdfs:domain rdf:resource="Service">
<rdfs:range rdfiresource="Time">

</owl:ObjectProperty>

<owl:DataProperty rdf:ID="Service_ID">
<rdfs:domain rdf:resource="Service">
<rdfs:range rdfiresource="xsd:string”>

</owl:DataProperty > ...

<owl:Class rdf:ID="Guide">
<rdfs:subClassOf rdf:resource="#Service"/>

</owl:Class> ...

<owl:Class rdf:ID="Traffic">
<rdfs:subClassOf rdf:resource="#Guide"/>

</owl:Class>

(Figure 1) Service Ontology by OWL
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(¥ 2) Batch B1, B2, B3] SPrefix_tree

Header table

item | freq | weight

a 211 108 04,02 a:2,1,1 b:1,1,0 «0,1,2

b |220 |06 07.03 P / /\

¢ |13z |0z 07,07 | P10 d100 10 4011 e001

d 211 103, 03,05 / |
c0,1,0 d:100 01,0 €001

e [012 |01, 0403

(Figure 2) SPrefix_tree of Batch B1, B2, B3
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(a) SPrefix tree of item e (b) Conditional SPrefix tree ofitem e

(Figure 3) Conditional tree of item e
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Algorithm: Service mining with dynamic weight
Input: batch series of transactions, min_wsup
Output: frequent item set FS
Begin
//initialize
for each transaction Ti in batch set
Sort items of Ti by alphabet (¥l1'#%
Insert items into header table HT (item_id,
weight, frequency)
end for
//preprocessing
for each item i of transactions in batch Bi
compute IMwgt(i) on item i
if IMwgt(i) > min_wsup then
Candidate item set, Cndt_item = Cndt_item
U {iks
insert item i into filtered table FT;
end for;
//SPrefix_tree 4
Make SPrefix_tree of items in FT;
//make conditional tree and frequent items
for each item i in SPrefix_tree
make SPrefix_tree(i)
for each associative item j in SPrefix_tree(i)

ZE=&3 ==X M172 M55 (2016. 10)

compute RMwgt(j);
if RMwgt * frequency(j) = min_wsup then
make conditional_tree CT of item i;
for each item k in CT()
if wgt(k) * frequency(k) > min_wsup
insert item into frequent set FS;
end for;
else
delete item j;
end for;
end for;
end;
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