ISSN (Online) 2278-1021
ISSN (Print)  2319-5940

IJARCCE
International Journal of Advanced Research in Computer and Communication Engineering
ICITCSA 2017 e
[JARCCE Pioneer College of Arts and Science, Coimbatore %

Vol. 6, Special Issue 1, January 2017

A Knowledge Based Post Mining Techniques in
Large Databases through Interactive Post
Processing of Association Rules using Ontologies

A. Vaishnavi', M. Hemalatha®
Assistant professor, Department of Computer Applications, Pioneer College of Arts and Science™?

Abstract:In Data Mining, Association rules are created by analyzing data for frequent if/then patterns and using the
criteria support and confidence to identify the most important relationships. the usefulness of association rules is
vigorous limited by the huge amount of delivered rules. To overcome this drawback, several methods were proposed in
the literature such as itemset concise representations, redundancy reduction, and postprocessing. Although, being
generally based on statistical report, most of these methods do not guarantee that the extracted rules are interesting for
the user. Thus, it is critical to help the decision-maker with an efficient postprocessing step in order to reduce the
number of rules. This paper proposes a new interactive approach to prune and filter discovered rules. First, it propose to
use ontologies in order to improve the integration of user knowledge in the postprocessing task. Second, it proposes the
Rule internal representation of formalism extending the specification language proposed by Liu et al. for user
expectations. Third it proposes to use the same in large databases for an effective and efficient result with out loss of an
interesting item set. This paper system will reduce the number of rules with out loss an interesting item set while

dealing with Large Databases.
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I. INTRODUCTION
Association rule mining, introduced in , is considered as
one of the most important tasks in Knowledge Discovery
in Databases [2].more sets of items in transaction
databases, it aims at discovering implication tendencies
that can be valuable information for the decision-maker.
An association rule is defined as the implication X 1 Y ,
described by two exciting computes[12]—support and
confidence—where X and Y are the sets of items and X \
Y Y ;. Apriori is the one of the algorithm proposed in the
association rule mining field and many other algorithms
were derived from it. Starting from a database, it suggest
to extract all association rules satisfying minimum
thresholds of support and confidence. It is very well
known that mining algorithms can discover a prohibitive
amount of association rules; for occurance, thousands of
rules are extracted from a database of several dozens of
attributes and several hundreds of transactions.
Furthermore, as suggested by Silbershatz and Tuzilin ,
valuable information is often represented by those rare—
low support—and unpredeicted association rules which
are surprising to the user. So, the more increase the
support threshold, the more efficient the algorithms are
and the more the discovered rules are perceived, and
hence, the less they are fcinating for the user. As a result,
it is more important to bring the support threshold low
enough in order to extract valuable information. From the
perspective of many types of practical decision aiding
applications, however, both data mining and decision
analysis techniques have some disadvantages.In decision
support system development, there is little effort for
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generating synergies with enhancing each other’s
restrictions. More specifically, user bias, which play a key
role in decision assists with decision analysis, are not
definite considered in the contemporary generation of data
mining systems. Even if they are (indirectly) aim at, they
are constrained to the partiality of the data mining
engineers by the use of threshold values rather than the
decision makers’ preferences that should be extend and
adjusted to the current dynamic business environment.
Decision analysis is not compatible with extracting
knowledge from large corporate databases of nowadays,
consideration of it does not focus on the automotive
generation of meaningful knowledge from raw data post
processing methods can improve the selection of
discovered rules. Different interdependent post processing
methods may be used, like pruning, summarizing,
grouping, or visualization. Pruning consists in removing
uninteresting or redundant rules. In summarizing, incisive
sets of rules are generated. Categories of rules are
produced in the grouping process; and the visualization
exceeds the legibility of a large number of rules by using
adapted graphical representations.

I1 .DEFINITIONS
2.1 Association Rule Mining
Association rule mining searches for interesting

relationships more items in a given data set.

2.2 Associations and ltem-sets
An association is a rule of the form:
denotedas X =2 Y

if X then Y, It is
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Example: If India wins in cricket, sales of sweets go up.

2.3 Interesting item-set

Foranyrule if X 2> Y = Y > X, then X and Y are called
an “interesting item-set”.

Example: People buying school uniforms in June also buy
school bags

Association Rule Mining Factors
A rule X fii> Y is described using two important statistical
factors: Support and Confidence.
Support (%)
Fraction transaction that both X and Y.
Confidence-(strength of the rule)
Measure how often items in Y appears in transactions that
contain X
o (< and YY)

T

Support S: =

o (X< and YY)
(D)

Some important definitions as follows were used with the
references that are Transactions that contain the itemset,
An association rule[7] is an implication, Maximal itemset,
Galois closure operators, A closed itemset , rules having
minimal antecedents and ensuing , in terms of subset
relation. A rule set is optimal , an ontology[16] is a
quintuple.

Confidence C :

1. EXISTING SYSTEM
The existing system is composed of two main parts First,
the knowledge base allows formalizing user understanding
and objectives. Domain knowledge offers a general view
over user knowledge in database domain, and user
assumptions express the prior user knowledge over the
recognized rules. Second, the post processing task consists
in applying iteratively a set of filters over extraction rules
in order to extract rules: minimum improvement constraint
filter, item-relatedness filter, rule schema filters/pruning.
nenwtvs Lop

7!

brsassesnsivansssassrnnnans d
Ontology Defining Rule Applying Visualizing Selection/
Construgion | Schemas Operators .. Rules  ~Validation
— I 2 33— 44— 5

Filters )
Fig. 1. Interactive process description

The novelty of this approach resides in supervising the
knowledge discovery process using two different ideal
structures for user knowledge representation: one or
several ontologies[16] and several rule schemas
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generalizing general
iterative process.

The ARIPSO framework proposes to the user an
synergistic.process of rule discovery, presented in “Fig.
1.” Taking into account his/her feedbacks, the user is
skillful to revise his/her expectations in function of
intermediate results. Several steps are suggested to the
user in the framework as follows:

1. ontology construction—starting from the database, and
finally, from existing ontologies, the user develops an
ontology on database items;

2. defining Rule Schemas (as Gls and RPCs)—the user
expresses his/her local goals and expectations concerning
the association rules that he/she wants to find;

3.To pick the right operators to be applied over the rule
schemas created, and then, applying the operators;

4. visualizing the results—the filtered rules forward to
the user;

5. selection/validation—starting from these preliminary
results, the user can validate the results or he/she can
revise his/her information;

6. This system has user two filters already existing in the
literature. These two filters can be appeal over rules
whenever the user needs them with the main goal of
reducing the number of rules; and

7. the interactive loop allows to the user to revise the
information that he/she proposed. Thus, he/she can return
to step 2 in order to make the modification of the rule
schemas, or he/she can return to step 3 in order to change
the operators. Besides, in the interactive loop, the user
could decide to apply one of the two predefined filters
discussed in step 6

impressions, and proposing an

This system author used, to filter four types of rules
using: keep rules and unexpected rules concerning the
antecedent and/or the consequent:

. Conforming rules—association rules that are
conforming to the define beliefs;

. Unexpected antecedent rules—association rules
that are unexpected regarding the antecedent of the
specified beliefs;

. Unexpected consequent rules—association rules
that are unexpected regarding the consequent of the
specified beliefs; and

. Both side unexpected rules—association rules
that are unexpected regarding both the antecedent and the
consequent of the specified beliefs.

The following “Fig.’s” will give the better understanding
of ontology for a Supermarket item taxonomy example

Fooditem

Fruit Meat

m < AW
milk  cheese butter beef pork chicken

grape pear apple
Fig.2. Supermarket item taxonomy
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Fooditem e Partitioning: Any itemset that is potentially

frequent in DB must be frequent in at least one of
the partitions of DB.[5].
) : ) +  Transaction reduction: A transaction that does not
D-etP{ducts Pt DaIyP.r,()ducts .Vlaju EcologicalProducts contain any frequent k-itemset is useless in
i / ' subsequent scans.
« Hash-based itemset counting: A k-itemset whose
corresponding hashing bucket count is below the
£ v i - ‘1 R R threshold cannot be frequent.
grgpe par afple milk chegse bufter beel pork: chicken Dynamic item set counting is mainly concentrated with
Fig.3. Visualization of the ontology created based on the supermarket ~ minimum threshold with an minimum support and
item taxonomy confidence. Above consideration for a large base.
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V. CONCLUSION

This paper discusses the problem of selecting interesting
association rules all around huge volumes of discovered
EcologicalProducts rules. The improved apriori algorithm is used to find the
= recurrent item set, it Reduce the passes of transaction
database scans. It allows integration of domain expert
L AT knowledge in the postprocessing. It will reduce the
e bafier beof pork chiken number of rules without loss of an interesting item set

o Fot ® while having large databases.

Meat

DietProducts  Fruit DailyProducts
» .

: 8 =lof>
********* File Algorithm
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- I ComplaintDate 0170472007
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Fig. 4. Ontology description Tovereme ot e [1]
IV. PROPOSED SYSTEM

It propose two important operators: pruning and filtering
operators. It has three operations conforming,
unexpectedness, and exception. Operators in the
postprocessing task: are pruning and exceptions. To
reduce the number of rules the filter were used The item-
relatedness filter (IRF) was proposed by Shekar and
Natarajan[26] . users are interested to find association
between itemsets[5] with different functionalities, coming
from different domains. So it use integrated filters to get _ :
an effective result[21]. In large data bases the number of ===/ @% & @ " Em B oG (e Lo he.| GBOSE o
transaction and conditions were more here. Improved "y ; o
Aprio_ri algo_rithm is used to mine associa_tion rules support | (COMPOL COMFOT COMPS-COMPY  Conience 110 soppat 057¢] |
was identified by number of transaction and type of

compliant registered and confidence will be generated by
Ont0|OgIeS deSCI’IptIOH Conceptual Structure Of the Rule:118 {COMPO0L COMP00Y7 COMP00S=>>COMP002 CONPO0S) Confidence :0.991304347326

v

Rule:117 (COMPOO1 COMPO07 COMP003=>>COMPO0S) Confidence :0.991304347326087

Onto|ogy and Onto|ogy-Database Mappmg were used tO [Ruells  (COMPO02 COMPOOS COMPOOS=>-COMPO01)  Confidence :10 Support :0.9745
finalize the description. Rule:120  (COMPO02 COMPOOS COMPO0S=>-COMP007)  Confidence :0.991304347826087
Rule:121  (COMPOO2 COMPOOS COMPO0S=>>COMPOOL COMPOOT) Confidence :0.991304347826!

This system also has an apriori algorithm but the

efficiency of an algorithm is improved by
+  Dynamic item set counting: add new candidate
Item SetS Only When a” Of thEII’ SUbSEtS are Rule:124 (COMPO02 COMPO07 COMPO08===COMP001 CONPOOS) Confidence :0.99130434 7826

Rule:122 (COMP002 COMP007 COMP003=>>COMPO0L) Confidence : L0 Support :0.9743

Rule:123 (COMP002 COMP007 COMP008=>>COMPO0S) Confidence :0.991304347826087

estimated to be frequent' Rule:125  (COMPOO1 COMPO02 COMPOOS COMPOOS=:=COMPOOT) Confidence :0.991304347826
. Sampling: mining on a subset of given data, Rues  (CoMPOOL COMPOOZ COMPOOT COMPOOS=--COMPOOS) Confidonce 0991303478260
lower support threshold + a method to determine | § I ]

the completeness. s |4 @ | ) @] o v ) @ v @0 (GBOBE s
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