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Abslract

In the last thirty years or so, the worlds have seen a rapid growth in the collection of
massive data in many different fields. These massive volumes of data have called for
a new tools and techniques for data analysis. These new tools and (echniques makeup
a newly emerging field called Knowiedge Discovery in Databases (KDD) or Data
Mining (DM). The availability of data from different sorts and research interests has
produced greal demand for devclopment of new tools and rechniques for an
automated and intelligent database analysis.

Recently, data mining has been ranked as one of the most promising research topics

for the {1990s) by both database and machine leaming researchers.

There are several methods for effective data. For instance, the data cube-based OLAP
roll-up operarion can be used to perforn user contrelled data summarization atong 2
specified dimension, and an attribute-oriented induction (AQ1) techmque can be used
to perform dula generalization and characterization.

ADL is summarization algerithim that has been effective for KDD, it summarize the
infarmation in a relational databases by repeatedly replacing speeific attribute values
with more general coneepls accarding o user defined Concept Hictarchy (CH) that is

called Jota generalization.

The Data generalization is a process which abstracts « large set of task-relevant data
in a darabase from low conceptual levels Lo higher ones.

A key in basic AOI is the ailribulc-onented concepl tree ascension for concept
generalization; a concepl hierarchy is used to represent background knowledge

supplied by domain expents.

A concept hierarchy associated with an attribute in a database is represented as a tree
where leal nodes correspond to aclual data values in the database, intermediate nodes
correspond 10 more general represeniation of the data values. the AOI has absorbed
many advanced features of recenily developed leaming algenthms.

The purpose of this research is to implement a computer system for extracting
information to handling complex data types of the attribules and their aggregations by
using data generalization with concept hierarchy, this approach will be implemented

using visual basict language thal embeds the SOL and many other advantages, The

iv



system will he tested with Microsoft access datubase and reprosent the results by

Visualization technigques such as {i.e. mles, Cross tabs, charts, cubes).

June, 2008
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Chapter 1
Introduction

1.1.  General Information

[ theses days that we are living in where huge amount of information is 4l around us is referred to
as information age. Dhe to the fact that information leads 1o power and success and the main
eouree of information is data, and thanks Lo sophisticated technolegies that are availablc 1o us such
as: campters, satellites, etc., that made it possible to collecl remendous amounts of data. With the
advance techniques for mass digital storage and communication technelogies, it is possible 1o
collect and store all sorts of dala bv relving on the power ol compulers to establish that.
Unfortunately, these huge volumes of data stered on difterent siorage media have become
overwhelming for human to understand and digest. This has led to the creation of structured
databases and Data Base Management Systerns (DBMS). The cfficient DBMS5s have been very
importunt assets for the management of jarge amount of dat, especially for effective and efficient
retrigval of particular information whenever it 15 neeied. The creation of DBMSs has been one of
cantribulors Lo recent massive gathering of all kinds ot information. “Recently, our capabilities of
both wenerating and collectiun data have been inereasing rapidty. The widespread usc of bar codes
for most commercial products the computerization of many business and government {ransactions,
and the advances in data coliection teols have provided us with huge wmounts of data™[12].
Because of the availability of powerful and affordable database managemenl systems. millions of
databases have been collected and used for all differemt purposes and applications. “The
availability of data from dilferent sorts and research interests has produced yreat demand for

development of new tools and techniques for an autorated and intelligent database analysis.”(2].



the explosive growth in databases has called for now touls and technigues to transform these data
into useful knowledge. The collections of these tools and technigues have been integrated into a
new filed known as Knowledge Discovery in Daabases {(KDD). As it has been defined in [11].
Knowledge discovery is the rontrivial extraciion of fmplicit, previously unknown, and pereniialfy
useful information from data.

In the above definition of knowledge discovery, the noninvial extrachion concepl is in the sense
that it involves the search for structure or models that govems the data. Being implicit means the
discovered knowledge is within the dala but it is nol explicit (1.¢. it is nol known before hand). The
discovered knowledge has to be uselis! or beneficial to the user.

The field of KDD was introduced as early as 1989 to refer to the process of finding wide range of
knowledge in data and it is one of the most interesling subjects in the ficld of computer seicnce
research, and recently has been an active research area in many business and scientific domains.
According to [10], formally knowledge is defined as: given a set of facts (data) F, a language £,
and some measure of certainty C, we define a paitern 45 2 statement 3 in L that descoibes
relationships among a subset Fy of /7 with a certainty ¢ such that 5 is simpler {(in some scnse) than
the numeration of all Tacts in /7. A patiern that is interesting (according to a user-imposed uterest
measure) and certain enongh (ugain secording 1o the user's crileria) is called krowledge.

In the literature KDL is also known as [ala Mining (DM) while same authors consider DM asa
step in the KDD process. Simply stated, DM is a process by which data can he transformed to
knowledge. Data mining as defined in [6], is the extraction of “information” or “knowledpe™ from
data, which helps understanding data in databases and automatic construcijon ol knowledae bases
from databases. Data mining is also known by rmany other lerms, such as knowledye mining from

databases, knowledge extraction, date archacology, datu anaiysis, and so on. “The term DM has

bl



been commonly used by slatisticians, data analysts and the MIS (Management Information
Systems} communily, while KDD has been mostly used by artificial intelligence and machine
leaming researchers,”{3]. basically, data mining deals with the discovery of hidden knowledye in
the form of regularities (patiemns) from large databases via some analytical software. The [ield of
data mining has altracted rescarchers from many other fields such as: knowledge hase syslems,
antificial intetligence, machine leaming, knowledge acquisition, statisties, and data visualization.
Furthermore, various data mining techniques have been used by service providers such as on-tine
commerce and World Wide Web to better understand uvser behavior and to increase husiness
opportunitics. "Recently, data mining has been ranked as one of the maost promising research lopics
for the 19905 by both database and machine leaming researchers™{1].

1.2, Background of Knowledge Discovery and Data Mining

Due 1o the rapid increase in the size and number of databases has created an urgent need and
apportunity for extracting knowledge from these databases. The exiraction of knowledge has
necessitated (he use of some tools and technigues in different fields such as; expert syslems,
machine learming, intelligent databases, knowledge acquisition, and statistics in erder 1o transform
data into uselul knowledge.

1.2.1. The Knowledge Discovery Process

Discovering knowledge from data can be scen as 2 process of several steps which are necessary lo
ensure the efficient and effective discovery. As it has been mentioned in [17] and depicted in
figurel.1, the discovery process cousists of the following steps:

1. ldentify the problem is the tirst step to undersiand the application domain amd to formudate

the problem. This step is eleatly a condition for extracting useful knowledee and for chuosing

appropriate data mining methods according to the application objective and the nature of data.
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Preparing the data is fo colfecs and preprocess the data via a number of tasks such as: data
collection and integration from different sources, removat of noise or outliers. filling in missing
data, and transformation and reduction of the data to in appropriate form. This step is usually
time consuming and it could be unnecessary.

Building the model is the main step in which hidden patierns or regularitics are extrocted from
Ihet data. A model can be viewed as a global representation of the structure that summarizes the
systematic component of the data or that describes the data. Some of the models are:
classification, clustering and association.

The mudel evaluation Is to estimate how well a paicular pattern (a model and its parameters)
meets the criteria of the KDD process. Evaluation ol predictive accuracy (validity) is based on
cross validation. Lvaluation of descriptive yuality involves predictive accuracy, novelty, utility,
and understandability of the fitted model, Both logical and statistical criteria can be used for

maodel evaluation.

Aonitoring the model is to use and test the model that was built in the previous step o

validate ils accuracy.

The S0UE — — — = = — — — — = = = = = = = — = ~F The Deslinaton
——— . '
Eleanlng Selection . Data Cyahratian
Integration  Transformation ;500 visualization
. K ,&Ecvzledge
r—r———— I——_""-'[ L .
Q.

Data

Fizure 1.1: The Knowledge Discovery Process,



1.2.2. KIM) necessities

There are many reasons Lhat explain the need to use KDD, some of them are:

« Many organizations gather s much deta, but they do not know what to do with them?
« People store data because they think some valwable assets are implicitly coded within it
In seicntilic endeavors might tfind seme valuable knowledye front such data,
« 1n busincss, dats captures information uboul ¢iitical markets, competitars, and customers,
In manufacturing, data capiures performanee and oplimization opportunities, as well as
the keys to improving processes and troubleshooting problems.
» Data that may never be analyzed continues to be collecied, at great expensc, out of fear
that something which may prove important in the fulnre is nussed
» Duta volurnes are large for classical data analysis tools to digest.
» The availability of networking increases he opportunity for access.
« Web mavipation en-line produet catalogs, travel and scrvices information are yery
valuable knowledge to business and industry.
v Need 10 quickly identify and respond to emerging oppertunities before the competition.
« As dalabases grow, ability to support analysis and decision making using iraditional
(S0QL) quenes infeasible:
v Many queries of interest ate difficult 10 state in standard query languages.
1.2.3. ‘T'vpes ol discovered knowledge
Several typical kinds of knowledge can be discovered usually as niles by data miners, including

assecialion rules, characteristics rules, classilicalion rules, discrimination rutes, and clustering,

evolulion, and deviation analysis.



1.2.4. Kinds of data can be mioed

Data Mining extracts hidden knowledge. unpredicted patierns and new rules from large dmabases.
Rasically, il is concerned with the analysis of data and the use of sofiware for linding patierns and
regularities in sets of data. Hence, data mining is actually pan of the knowledge discovery process,
It can be seen from figure-1, that the data mining is one step in the itcrative knowledge discovery
ProCEss.
In principle, datu mining is not specific to one Lype of media or duata. Data mining should be
appticable to any kind of information repository. However, algorithms and approaches may ditfer
when applied ta different types of data, [ndeed, the challenges presented by diflercat types of data
vary significantly. Dula inining is being put into use and studicd for databases, including relulional
databases, pbject-relationul databases and object oriented databases, data warehouses, (ransacliona|
databases, wnstructured and semi struchured repositorics such as the World Wide Web, advanced
databases sueh as spatial databases, multimedia databases, time-series databuses and 1exiual
databases, and even flat files. “The goal of data mining is to produce new knowledge that the user
can act upon. 1t docs that by building a model of the real world based on data collected from a
variety of sources, including corporate fransactions. cusiomer histories, cuslomer demegraphic
information. and relevant external databases such as eredit bureau information. "|17].
1.2.5. Methods and Technigues of data mining
Consider we have an infinite mount of data, yet little information. Some people can not accepl this
fict that mean, more data and fess knawledwe. Therefore, there is an urgent need 1o use data
mining lechniques to find only the important knowledge from the accumulated huge amount of
data. The lechniques to catract the knowledge fror the database include:

s [heeision lrees,

v Associalion mles.



o Clustering.
¢ Alirbute orienled induction.
¢ Taxonamy formation.

1.3. An Overview of Attribute Oriented Induction (AOH)

One of the carly systems for knowledge discovery is DBLearn then named DREMiner was
developed at Simon Fraser University in the period between 1989 and 1993 The syston mtegrates
data mining techniques and database technologies for the discovery of different 1ypes ol
xnowledge such as: characteristic rules, discriminant rules, association rules and others fram large
relational databases efficiently and effeetively. The sysiem has the capabilities to different types ol
database such as: exiended-relational, deductive, object-oricnted, active databases, spatial,
enginecring and multimedia dalabases.

In the process of knowledge discovery, the system applies the concept of auribute-oriented
induction. The process of atiribute-oriented induction uses concepl hierarchics in order (o
peneralize the basic concepts (basic atiribute values) 1o a more general values (general attribute
values) unti! some certain condition is satistied. This methedelogy reduces the number of
combinations (attribute values) in the produced rute. Dala generalization is the core function of
DBMiner system for efticient and fiexible generalizaton ol large datn sets. The generalization can
be categorized into two {data structures) approaches.

« M dimensional data cube approach. and
s An attribute orienied induction approach {generalized relation).

The general architecture of DBMiner is show in Figure-2, which lightly integrates a relation

database svstem such as SQL server, Access with knowledge base (Concept Hicrarchy)
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Figure 1.2: General architecture of DBMiner system.

1.4. Motivation of the work

This thesis is setup to explore the concept of the AQI in details and implement a prototype system
that simulates the atribute oriented induction in the process of discovering knowledge. [n other
words the proposed system will be able 1o produce knowledge at different levels of granularities.
The proposed system will be implemented in high-level language called Visual Basichd with
embedded the SQL commands. The proposed system will accept three types of input, which are as
follows:

I. Database
2. Learning task
3. Number of concepr hicrarchies

The system will preduce its final results in different types of visualization lechniques such as:

Cross tabs, charts. cubes, or rules.

1.5 Thesis Organization

The thesis contains five chapters organized as follows:

An overview of the concept hierarchy and characterization rules is discussed in chapter 2. We
describe in chapter 3 the algorithm for AOI and design the system that implements it by visual
basicé language. In chapter 4, the systemn will be tested with Microsuft access database and

represent the results by any form of Visualization techniques. Some concluding remarks are



represented in chapter 5 with a summary of the majur thesis findings and with stggestions about

the directions for future progress.



Chapter?

Concept hierarchics and Characterization niles

2.1 Concept Hierarchy (CH)

2.1.1  Concept hicrarchies in data mining

A Concept Hierarchy (CH) defines a sequence of nappings from a set of low-level concepts
(uttribute values) to higher-level (more geaeral) concepts. “A concept hicrarchy is a collection of
generalization relation for an attribute m a database; we define a generalization relation to be a
celation between an exhaustive set of attribute values and a single higher-level, more general
value."[14]. & concept hierarchy associated with an attribute m a database can be represenled as a
wee where teal nodes comespond to actual data wvalues in the dalabasc intermediate nodes
correspond to mare general representation of the data values. Knowledgze can also be shown in a
hierarchy that shows the high and low levels of knowledge.

Tn general, CH deals with two muin operations narmely: gencralization and specification as

depicted in figurs 2.1.

Higher-level

Generalization /

Low -lﬂvei/

Figure 2.1: Concept hierarchy operations: data generalization and specificatien.
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»  Inthe level 2. Mela knowledee is the knowledge about knowledge,

« Inthelevel 3. Specialized information that is specific to a subject hecomes knowledge.

« Inthelevel 4. Data that was processed and put into context breomes infonmation,

« lnthe level 5. Data is a collection of raw points or facts,
‘The very basic element of knowledge 15 shown in a form of noise, It can be described as unclear
data with no context. The cuncept hierarchics can be vsed o specify the lewel (granulanty) at
which the data mining to be performed,
2.1.2  Concept hierarchy and generalization operation
[ata generalization is a process, which abstracts a larpe sel ol task-relevant data in a database [rom
low-level concepts to higher-lovel ones. A generalization celation ean be represented by {4
A} © B, which indizates that B is a generalization of each A;, for 1= i < k. All concept hicrarchies
for a database arc obtained from doemain experts and stored together 1o a concept hicrarchy table
{also called a concept hierarchy file).”[14]. for example table2.1', describe concepl hierarchies for
4 universily student data for the three altributes: Major, Birihplace and P4 (Grade Point
Averuge). We can imagine a coneepl hicrarchy for an attribute as a iree whose arcs (links) have all
heen roversed. Tn a natural tree, all arcs {branches) go from the oot node owards the leaf nodes,
but in a concept hicrarchy tree, all arcs go fiom the leaf nodes toward the rool node. Concept
hierarchies represent the krowiedge buse thal is necessary to cantrol the generalization process in
the attribute priented induction approach.
Different levels of concepts are organized inte a taxonomy of cancepls, which iy partially ordered
from general to specilic order, The most generat concepl iy the null deseription, whicli is described
by the rescrved word “ANY", und the most speeific concepts correspond to an attribute values in &

database, Concept hierarchies can be munually provided by knowledge engineers and dumain

""This example is taken from 1

1




experts, or generaled automutically by slatistical anal ysis of Lhe data distributions. Moreover, many
conceptual hierarchies are aclually stored in the databuse implicitly. For exampie, the infurmation
that " Fancotver is a city of British Colwnbia, which. in turn, is u province of Canardi”, i usually
stored i the database if there are "city", "province" and "country” attributes. Such relationships
can be made explicit at the schema level by indicating that “eiry C province C cowniry" then, the

hicrarchy of all the cities stored in the dulabase can be retrieved and used in the mining process,

Attribute Congept Values I
sajor Sciences Bioloey, Chemistry, Physics, Corputing, ..
arl Literature, Musie, Painting. ...

Any Seicnces, art
Birth Place | British Columbia Vancouver, Victona, Richumend, ..
Alberta Edmonlon, Calgary, Red Deer, ...
{Canada British Columbia, Alherta,...
Any Canada. Forcign
GPA Fxeecllent 35 ...,4.0
Goad 30..,340
Averape 20,200
Paor 0.0,...,1.99
Ay Excellent, Good, Avciage, PPoor

Table 2.1: Concept hierarchies for a university student data.
Atteibntes wich numerical values can he organized into hierarchies with discrete concepts
aulomaticatly based on database statistics. Such automatie construciiun can be performed by first
oblaining the distribution of attribute values in the database. then setting the range of (he values
and performing refined classifications in tightly clustered sub ranges.” [1]. For example, the
attribute GPA may disclose that GPA values falls between .00 to 4.00. and most GPAs™ for
praduate students falt between 3.00 and 4.00. For such atinibute. one may elassify the range of (.00
to 1.99 into one class. and 2.00 10 299 into another and so forth. In Cieneral, hicrarchies of

qumerical alributes can be modified based on database statistics and can be automatically




Jiscovered of refined based on its relationship with other attributes. Different concept hicrarchies
can be constructed for the same atieibute based on differenl preferences. Another example is the
birthplace. which can be organized according to administrative regions such as provinces,
countries, etc., geographic regions such as east coast, west coast, eic., or the sizes of the city, such

as. melropolis, small-city, lown, countryside, elc. Figure2.2 depicts the concept hierarchy of the

attribute major within a university,

'//JLT\W\
Al S¢ience
Lilerature  Music [fanting Biologs Chemistry  ["hysics

Figure 2.2 A concept hierarchy for the attribute magor.

2.1.3 U'vpes of Concept Hicrarchies
There are four different types of concept hierarchics, namely schema hierarchy. set-
wrouping hierarchy, operation-derived hierarchy and rule-based hierarchy. The next
subseclian reviews these different types.
7.1.3.1 Schema hierarchy
This type of hierarchy is formed at the schema level by defining the partial order bebween the
attributes in the database in order to materialize the relationships. For example, an address can [
defined to form a partinl order ot schema level furm the attributes house_nuinber, strect, €ity,
province, and counlry,

house_number< street < ¢ity < provinge < country.
‘The way lo detine a hicrarchy involving more than one relation s to deline a view using ihe

relutions and WHERE clause, on which the hicrarchy is then specitfied. ~Although a hicrarchy



delines at the schema level determines its partinl order and the generalization and specification
directions, for the purpose of exceuting a Jata mining task, we need to insmntiate this schema
hicrarchy over the related data in a dalubase to gel a conerete or instance hierarchy.”[13],

1.1.3.2 Set-grouping hicrarchy

This kind of hicrarchy is formed by defining set grouping relationships for a set of concepts {or
values of attributes) in order ta reflect semantic relationships characteristic to the given application
domain. A set-grouping hicrarchy is also called an instance hierarchy becanse the partial order of
hierarchy is defined on Lhe set of instance or values if an attribute. For example”, the concepis
freshman, sophomore, junior, senior for undergraduate students, and the concepts of M.Sc. and
PH.D. for graduale students. These are the values for the status attribuice in a university database
environment. The concept hierarchy for the status attribute can be represented as follows:
{Freshman, sophomare, junior, senior} < Undergraduate

IM.S¢., Ph.D.} © Graduate

IUndergraduate, Graduale} < status

Such set-grouping hicrarchy can be represented in a tree-like diagram as in figure 2.3,

Stalus
Crracluale Undergradunty
sl.Se, Ph.C Freshman  Sophomore Junior - Senior

Figure 2.3: Set-grouping concept hierarchy for the atribule stautus.

% This example is taken from [13).



2.1.3.3 Operation-derived hierarchy

According Lo [13]. this type of concept hicrarchies is usually defined for numenical atiributes and
as it has been mentioned before, numerical atiributes can be organized as discrete hierarchical
concepts, 2nd the hierarchies can be constructed automatically based on database siatislics. This
type of hierarchy can be creaied by simple or complex operations on the data. An example of
simple operations is the discrelization of numerical values into number of bins with equal or
varying ranges. An example of complex operations is clustering and distribution analysis. This
can be accomplished by first obtaining the distribution of an attribute values, sctting the ranges
of the bins and then performing refined classifications in tightly clustered sub ranges,

1.1.34 Rule-hased hierarchy

A rule~based concept hierarchy is defined by a set of rules whose evaluation involves the data m
a database. A Iallice like structure is used to graphically visualize this type of hicrarchy, in which
every child-parent path is associated with one of the gencralization rules. Por example
ficure2.4(a} represents a set of generalization rules and {igure2.4¢h) depicts a rule-based coneept
hierarchy for the atinbute GPA.

R1: {0.0~ 2.0} — poor:

R2; {2.0~ 2.5} ~ {gracduate} = poor;
R3:{2.0~ 2.5}~ {undergraduste} —r average,
Rd: 2.5 ~ 3.0} — average,

B3 {30~ 3.5) — good;

R6: {35~ 3.8} " {graduate} — good;

R7: {3.5~ 3.8} » {undergraduate} — excellent;
RS {38~ 4.0} — excellent;

R {poor] — weak;

R10: faverage} # {senior. graduale} — weak;
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RII: javerage} ~ {freshman, sophomaore, junior} — strong;
R1Z: {good} — strong;

R13: {exeellenl} — strong.

Figure 2.4{a): Generalization rules for the concept hierarchy GPA.

ANY
Weak Strong
R 1310 Rl R12 R13
Foor Average Good Excellent
K 2 12 R4 RS Ré ) L8
0.0-2.0 2.0~25 25-3.0 30-33 3.5-3.8 38~40

Figure 2.4(b): Rule-bused concept hierarchy for aunibute GPA,

2.1.4 The role of concept hicrarchy in AOE

Mining for knowledge can be performed at different conceptual levels. The datain a database is
known to be al the primitive level and the knowledge discovered from such raw data is known as
primitive knowledge. "Knowledge discavery at the primitive level has been studies extensively.
Most of the stalistic 100ls and packages for data analvsis are based on the raw data in a data sel.”
[13] Knowledge discovered at higher leve! of abstraction has superior advanlages over
knowledge discovered at primitive level of being stmpler, more general and covers large amount
of data. For example, it the discovered rule a1 & primitive level is: 8026 of people who are titfudd
as professor, senfor engineer, doctor and lawyer have sefary berween S60,000 and $100,001 ad

after abstracting lhe data to sume higher level, we may have discovered the rule that stales:

eneral speaking, well educated people get are well puid,
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2.2 Characterization rules

In general, the task of data mining can be categorize or ¢lassitied into descriptive and prediclive
data mining. The former describes the set of data in concise and summanized manner and
presents the general propertics of the data whereas the lancr consiructs a model or a sel of
madels from the data and atiempts 1o predict the behavior of new data sets. the simplest kind of
deseriptive dala mining is the concepl description (or class descripuon when the concept lo be
described refers 1o a class of objects. A concept usually refers to a collection of data, such as
winners, frequent_buyers, best_sellers, and so en. As a data nuiming task, coneept deseription is
not simple enumeration of the data.

Concept deseription can be accomplished by data characterization and/ar data disctimination.
Data characterization is a swnmarization of the peneral characteristics or features of the class
urler study (the target class), while data diserimination is the compartson of the target class with
one or 4 set of comparative clusses {Ihe contrasting elasses), According to [19], characteristic
rules express characteristics or propeitics of one class of instances in a lypcal attribute-value, or
prepasitional rule format.

For example, we all know that a swan is a white colored bird. This class can be expressed by the
characteristic rule as jf species = swan then type = bird and color = white. Such rule satishes the
completeness property {it is true for ail or almost all swans) and so that the rule is not necessarily
a good to differentiate between classes of instances in the database {becausc parrats and ducks
are birds and can ke white colored).

The output of data characlerization can be presented in various forms such as tables. charts,
cubes, logical rules, ete. A characieristic rule of a class 1s a conjuncticn of properties that are

shared by all the entities in that class whereas a discriminant rule is a conjunction of propertics



(hat shared by all the entities in the target class and distinguishes its entilies from (hat of

contrasting ¢lasses.



Chapter 3

System Design and Implementation

Over the whole world. massive amounts of data are already and will continue to be gathered in
different types of databases via various kinds of dawa collecting tools. These scattered databases
have created a need and an opportunity lor knowledge extraction, KDD or DM, are the wols and

techniques for the discovery of knowledge from these databases.

This work is concerned wilh the development of computer soflware system for dala mining by the
use of atiribute induction and congcepl hierarchy concepts. The sysiem name DM-AIG, which is the
abbreviation of Data Mining Altribute induction Generalization. The system is based on concept
hierarchy Iree ascension for the generalization process. The system uscs data mining 1echniques
which permit the discovery of useful knowledge from large amounts of database. The syslem is

design to be used as; data access and sumrnarization 100ls.

As a data access lool, it allows data analyst to dynamically erganize his or her data aceording to
many different high-level concepts without modifying the data itself and the analyst can make
query according to high-level concepts rather than according 1o specific data item values, cven
though these high-level concepts are not present in the databage. AS a summarization tool, the
system can generalize and summarize the data in large databases to many different levels, so thal

useful patterns in the dala become apparent. Sinee the database itse!l” is not used for these
aperations, Lhey can be done quickly and cificiently.

The syslem can run an a PC with Microsalt Windows X1 or higher platform operating syslem, it
tequires a processor with speed of 2.00 Gllz at leasl, the requircd RAM is 512MB or merc and
hard disk of at least 80 GB n size.

L1 The DM-ALCG tasks

The Lasks of the DM-ALG system soflware are urganized into three different Lypes and these are:

«  Duate Retrieval task is simply to retricve only the duta that is relevant (o the current discovery

task. This data will be displayed to the user,

»  Knowledse base task is to relate hasic data values (concepts) to their higher level concepts with

an indication of the generalization levels. This task is represented in 2 table with three
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columns: the first column contains the generalized concept, the second column contains the

basic or low level concept and the third cofumn indicated the generalization level.

Characteristic discovery fusk is the sk of finding some interesting relationship between

various columns of one or more relational tables of the used database. Performuing

Characteristic discavery task is the main process of the DM-AIG software.

3.2 Principles of attribute-oriented induction

The concept of Altribute-Oriented Induction (AOl} is a useful data mining method that generalizes

a dalabase relation under appropriaic set of concept hierarchies to extract meaningful knowledge.

3.2.1 Basic strategies of A0l

Acrording 1o [1], there are seven basic strategies defined to perform attribute-oriented inducnion in

relational databases:

o

Strategyl: Generafization on the smallest deconposable compunent.

Generalization should be performed on the smallest atiribuies to ensure that the smallest
possible chance is considered in the generalization proeess.

Strategy2: Arteibute removil.

For any attribute that has large number of distinet values and there is no concept hierarchy
provided for that attribute, then the attribute should be remeved in the generalizalion process.
Strutegyd: Concept tree ascensinn.

For uny attribute, if there exits a higher level coneept in the concept rec tor a given atlribute,
lhe substitution of the attcibute value by its higher level cancept should take place. Thus the
wple covers inore cases than ils original form "“more generad™, Ascension the concepl free anc
level at time ensures minimal generalization {reduction ol the chance of overgeneralization).
should be enforced by ascencling the trec vne leve] ut time. As u result of the cxecution of this
strategy, identical tuples are produced.

Strategyd: Vorte propagation.

The vote of generalized tuples registers the number of identical wiples. When merging dentical

tuples, the votes should be accumutated in the gencralized relution.

Strategy3. Threshold controf on each artribute.



Each attiibute has threshold (humber of distinet values per attribute) associated with it and (f
the number of distinct values lor & given attribute in the generalized relation is greater that the
atiributes’ threshold then generalization on this attribute should be performed.

o Strategvt. Thresirolid control on generadized relations,
The gencralized relation has threshold associated with it that represents the number of tples in
the final generalized relation. 1f the number of tuples in the generalized relation 1s greater than
the generalization threshold then further generalization on the retation should be performed.

o Strateey?. Rufe transformation.
When the generalization process has finished, (the attributes thresholds and relation threshold

are met), the final generalized relation is transformed into rules of conjunctive normal form, or

rules of disjunction of conjunction Torm.

3.2.2 The idea of AOI

"Many knowledge discovery methods have been developed in recent studies for mining knowledge
from data, ranging fom dambase research, generalization, knowledge representation, to
malhematical or stalisticat modeling, ele. based on the kinds of knowledge 1o be discovered lrom
data, knowledge discovery tools can be classified into major classes : (1) peneralizalion-based
discovery, and (2} discovering knowledge without generalization, i cach  class, further
classifications can be performed based on the kinls of rules or the form of knowledge 1o be
discovered, including knowledge rules (characteristic, discriminant, clustering. dependency or
association rules), generalized relations  and multiple layered databases. etc. these discovery
methods and the discovered knowledge will contabute to intelligent query answening.” [15]

The basic idea of the AQI follows the generalization-based discovery process where basic data
values in the database are substituted basic by higher level concepts in the appropriate concept
hierarchy. This called the gencralization process by which some meaningful knowledge can be
extracted. As il has been mentioned earlier, the generalization process is controtled by twe
thresholds; artribute {column) thresholds and table threshold. The attribute (coltmn) thresholds
specify the maximum number of distinct values that may appear in each column of the generalized

relation. The tuble threskold specifies the maximum number of tuples that may appear in the final

veneralized relation.

The DM-AIG system is based on (he concept of the atiribute-oriented generalization algorithm thal

wakes a database relation as input and generalizes it 1o some ccriain level. The ceneralization
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process is guided by a set of conecpt higrarchics, altributes thresholds and table threshold, This
generalization constitutes the discovery task of the system. The attributes thresholds and luble

threshold are user defined valucs.

The systems' process starts with obtaining what is so called the prime relution, which is
accomplished by the retrieval of the refevant data from the database in use. The prime relation is
tested for single value attributes and to many distinct values auributes and such auributes will be
removed. The generalization process starts by generaliziny each atiribute according to its threshold
(column threshotd). This process is an iterative one and identical tuples arc collapsed together and
the vote attributes keeps track of the number of identical tples and redundant tuples are climinated
by remaval. This process continues untit the table threshold is met. In other words, the total
number of tuples in the final generalized relation must be less than or cqual to the table threshold.
The final generalized relation is then presented to the user for further adjustment (i.c.
generalization levels, sort the relation according to some order, or display numerical summary

information, eic ...). The over all process of the system is govemed by a simple zlgorithm detailed

in the following subsection.

3.2.3 Basic algorithm
According to [1], the basic idea of atlribule-oticnted induction is summatized in the following

algonthm:
Inputs:
« A relational database.
+ ‘The learning lask {learniny data mining query).
» Set of concept hierarchies.
» (Generalization Threshold (GT).
Outputis:

Fina! Generalized Relation {GR) that is transfornmed inlo a characteristic rule
learned from the database. The result is displayed by one ol the visualization fools

The alzorithm of ACI consists of the following steps:

Step - Collect the task-relevant data by the application of some SQL. statements.

Step 2: Perform the following attribute-criented induction steps:
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Regin
Far cach atiribute A;{1 £ i £ ), where n = number of atiributes in GR Do

While number of distinct values in A, > threshold Do

If
No hierarchy table for A; Then Remove A,

Else
Replace A;'s by its corresponding minimal generalized concep;

Merge identical tuples;
End if
Wend
Neat for

While {number of 1uples in GR > threshold) Do
Selectively generalize attributes;
Merge identical wiples;

Wend

End
Step 3: Simplify the peneralized relation.

Step 4: Transform the final relation into a logical rule {charactenzation rules).

3.3 System architecture
The general architecture of the DM-AIG system is depicted in figure3.|l. For the time being. the

system can discover only one of type knowledge in the form of characteristic rules, but it may be
improved [0 discover other type of rules such as: discrmination rules, decision rneles, ele.
The system consists of six components, which are:

+  User-intertuce is the part by which the system communicates with the user for the mimny
reqLest.

o ADODC is Visual Basic-6 component that is used 1o access the data in a database to find
the structure of the used dutubase and its' properties such as; relations namnes, fields names,
sizes. This eompanent is used ta (ind the struetures of the concept hicraichies as welk.

A sumple VB code cun be fownd in the appendix.

v Dser request is the query that is submitted by the user to the sysiem.

o Learning request is e translation of the user request into 3QL.

«  Database is the requested data 1o be used, which is the source of Lhe knowledge.

+  Knowledge base consisis of the concept hicrarehy relution (1able) and the thresholds (table

and attributes) for the peneratization process.
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Figure 3.1; The architecture of DM-ATG system

34 System modceling

Usually a data mining system tasks consists of three important phases namtely; modet buildinyg
phase, testing phase and applying phase, Here we will deal with the model building phase and the
ather two phases will be brielly mentioned and deul with them in more details in the next chapter.
3.4.1  Maodel building phase

The model modeling phase can start by building a simulated model of the problem. This madel
will provide a clear understanding of the problem in guestion.

From the literature, there are three perspectives that are used in the develepment of simulated
medels and these are:

The first perspective is o use some Graphical User aterluce (GUD wols o develup the simulated
model on the screen, ust arcs to conneet tie System vompeilents o create the logical model and the
run the simulated model, “ln most cages, due to the limitation of the simulation program under use,
some simplifications and approximations o the model may be required. Such simplifications or
approximations can be very costly.” [18],

The second perspective supports the beliefl that any simulation program would no be able to model
all tasks of systems without the need 1o make same modification. “This suggests that models

should be developed from scrateh by using a simulation modeling language.” [18). This approach



may increase the time needed to produce the system and muy divert the developer 1o pay mog

attention 1o the programming challenges than undersianding thue system.

The third perspective focuses on the use of a GUL that will autematically generaic code with the

possibility of the develeper (o intervene to muke some changes to the code o mateh the system

nzeds. This is very popular because it reduees the need time to produce the system, on the other
hand code modification 1s tedious task.

The building madel phase consists of a number of steps and these are:

. The first step in the building model phase is to load the database that will be uscd to discover
knowledge from. This database is called the source data. At this step a connection is
eslabiished between the database and the system. Our system is currently designed to work
anly with acecss database type. Loading the database is one part of the input to the system.

- The sccond step in the building modc] phase is to load the knowledye base. The knowledge
base consisis of:

1. The first part of the knowledge base consists ol an Access database file that ¢onsists of a
concept hierarchy for an attribute in the database. The number of files that contains concept
hierarchies must be equal to or less than the number of attributes (some times this called
hierarchy threshold condition) in the used database, A concept hievarchy file name should
have the sanie name as one of the attributes the source database. It is also possible lo
rename concept hierarchy file name to have the same name as one of the aturibuies
otherwise the concept hierarchy for a given attibute will be considered as unavailable.
Only ane concept hierarchy can be defined per attribulte.

3. The second part of the knowledge base is to define seme threshelds {colunmn threshold and
table threshald) to limit generalization process. The purpose of these thresholds is for
tuning the results of the discovery task.

+  The third step in the building model phase is 10 receive the query from the use.

From the souree data and the concept hierarchies, the system will display all attnbute names

and their domains o the user so hefshe can formulate the needed query.

«  The fourth step in the building mode! phase is to use the user query to select the task relevant
data and (o ignore the rest of the data. The relevam data will be stored m what is called task
relevant relation. IT a query has not been defined, this might result in over generalization in the

final generalized relation. When ascension in a concept hierarchy lakes place, some



information details are lost. “In erder 1o keep as much information as we can, (he proper time
to do generalization should be chosen very carefully. If an attribute containing lower leveled
concept could be used 1o form new sub-partitions at the next partitioning stage. generalization
should not be performed on i "{16).

»  The fifth step in the building model phase is (o remave any attributes that have no concepl
hierarchies for them. This process will produce what is known as prime relation. Nexl. IS 10
start the generalization process of the task relevant data in the prime relation by the used of the
define coneepl hierarchies and controlled by the table and atiribute threshalds. The auribure
threshold specifies the maximum number of distinct values that may appear in the domain of a
given atiribute in the prime relation. The table threshold specilics the maximum number of
tuples that may appesr in the final generalized relation. “3uch a threshold may also be preset in
the data mining system (usually within a range of 10 to 30). or se1 by an expert or user, and
should be adjustable.” [21]. the generalization process is an iterative one until the speciticd
thresholds are met. The generalization process is the main task of our system. At the end of the
generalization process; the final generalized relation will be produced.

+ The sixth and final step is to characterize the data in the final generalized reletion,

The over all process is depicted in figure3.2.

Cuery

1 Tash — —
1 C Relevant | Gencralization I Characterizalion
Database |'_+ Data Process |*-—* Rules
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—v'l'_
Inputs Processing Culputs

Figure 3.2: The build process of the system.
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3.3.2 Model esting phase

After the model is built, the model must be tested via sample of databases in the form of
experiments. Such experiments will deal with different database varving in number of records and
number of atributes. The medel testing phasc will be detailed in the nexi chapter.

3.4.3 Model applyving phase

After the testing phase has resulled in satisfactory results. then the model can be put in vse in the
real world.

1.5 Physical [esign

151 Design Consideratians

There are number of aspects that mwst be taken in consideration dunng the process of zoftware
design. Fach of these aspecls should contribute toward achieving the goals of the software under
development. Some ol these aspects are:

« Extensibility: There should be no major changes to the oniginal architecture of the software
in case of new capabilities are need to be added.

+  Hobustness! The soltware should tolerate unpredictable or invalid input.

«  Reliability: The soltware shoull perfurm all of its required tasks tor a specitied petiad of
lime.

e laultelerance: The software should be able to recover from some of its component
failure,

v Security: The software should be able to block any unauthorized access.

«  Maintainability; The suliwarc can be restored ta a specified conditon within a specified
period of time. For example, antivirus software may include the amlity to periodically
reccive virus definition updates in order to maintain the sofiware's effectiveness.

« Compatibility - The software should be ablc 1o be incorporated with other products cven
when some new version has been issued,

« Modularity: The software should be composed of modules each of which can be
implemented and 1ested in isolation before imegrated in the over all system. The

modularity leads 1o an ease in mainienance and development of the system.
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»  Reusability: Fach module ol the system should caplure e essence ol its Tuncrionality and
nothing and nothing more or less, This single-task opproach renders the componeiils
reusable wherever similar needs urise.

352 Destgn metholologivs
The purpose of design methodologies is Lo provide a framewark for the actual design ol o system,
They aim is to simplify the of design process and to enforce some standard design principles that
improve the quality of the design. One of the carlier design methodologics is the 2ata Flow
Diagram (T}FD) and still considered 10 be one of the best modeling techniques o represent the
processing requirements of a system. "The DFIY is an excellent commmunication loal for analysts lo
model processes and functional requirements. One of the primary tools of the structured analysis
efforts of the 1970's." [22]. DFD is a significant modeling technique that explains the course or
mavernent of information in a process. The low of the information in a process is based on the
input and the output. A DFD can represent technical or business processes lo iflusirate the daa
flow from a process to the next and finally to the final results. DF[) is common tool lor a designer
o show the interaction between the system and outside entitivs. According 1o [23]): the DFD
notation is composed of four basic symbols as shown below:
+ Process notations
The process component of the DFD is represented graphically by a circle as depicted in figure
3.3(a). The process is also called a bubble, a function or a ransformation. ‘The lask of this

component is to give and indication of iransforming the input 10 oulput via the execulion of

VAR

Process

some process on the data,

Froges,

Figure 3.3{a); Process nolations.
«  DNatastore notations
Datastores component are repasitories of data in o system and represented by a rectangle shape

opened trom one of its sides as depicted in figure 3.3(b). Dutastores are referecd to as fles.

l fdatdsfura

e S —

Figure 3.3thy: Datastore notalions,
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Dataflow notations
Datallow component represents the pipelines by which packets of information Now trom one
process ( another. Dalaflow components are represented by arrows of ditlerent shapes [abeled

with the name of the data to be moved as depicted in ligure 3.3(e).

—_— e

_

T

Figurce 1.3{c): Datallow nulatiens.

External entity notations

External entities component represent the means by which the system communicates with the
outside world. In other words they represent the systems sources and destinations of the input
and the output. External entilies are indicated by rectangular or square shapes with the name of

the sgurez or destination as shown in Figure 3.3{d).

Exzemal

Entity Cwteenal Cnlily

—_

Figure 3.3{d): Extcrnal entity netations.

From the above details of the DFD components, the process of the DM-AIG system using DFD

terminalogy is depicied in figure3.d, According ta [20), the efliciency ol AOI algorithm can be

anzlyred as follows:

« The efficient retrieval of the work relation #’ depends on the query processing methods used.

Given a successful implementation of the systems, this siep is cxpecied 1o have goad
performance.

Scanning the relation at most onee. The cost for computing (the minimum desired levet and
determining the mapping pairs (v, v’) for each attribule is dependent on the number of distinet
vatues for each attribute and is smaller than # (the number of wples in the initizl relation).

The derivation of prime rclation, P is performed by inserting generalized tuples inte £, 1 there
are a total of m fuples in B and p tuple in £, for cach luple rin B we substitute its attribute

values based on the derived mapping pairs. This results in o gencratized wple £, cach takes
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O(log p) steps to find the location for count incrimination or tple insertion. Thus the total time
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Figure 3.4: DFD for the DM-AIG system
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Chapter 4

System testing and results

Svstem tesling is an empiticzl technical investigation phase that is conducted 10 convince
beneticial users wilh the quality of the system functions and capabilities in the context in
which it intended to provide. This process is mainly concern with applying the system
with the intent te find error and pitfalls. Testing software can never completely guaranty
the correciness of the sofiware and 50 lesting can provide a eriticism or comparison of the
slate of the software (0 some given specifications. Software testing should not be
confused with Saftware Quality Assurance {SQA) where the latter is concerned with a Jot

of aspects one of which is testing.

The purpose of this study is to produce knowledge at different levels of granulanties by
the implement the AOI algorithm. In order 1o accomplish this task, it was necessary to
test our system with different types and sizes of data, and 1o develop a method to
evaluation the resulls.

To test the effcctiveness of vur system, we have conducled some cxperiments using two
synthelic dalascts (datubuses) and one of real datasel. The real data used in our
experiments is avaitable e public demain on the Internet [21],

One af the most important dataset that has been used in testing softwares concerning AL
is from Natural Science and Engineering Rescarch Couneil of Canada (NSERC) but this
data is not available from the public Jomain. So, synthetic data was generated randomly

to be used in testing our system. The parameters used for the data and system are as

depicied it table 4.1.

Parameters Description |
M The number of attributes in initial relation
T The number of lransactions (tuples) in initial relation
AT The attnbule threshold
GT The generalization threshold
CH The number of hicrarchy files can be loaded

Table 4.1: Parameters [or the data and system.

All of our the experiments are performed on a PC with Microsoft Windows XP

professional operating system with  processor speed of 2.00 GHz, RAM size of 512MB

and hard disk of size 80 GB.



The PC computer is also cquipped with Microsofi® Universal Data Access Compenent
2.5 or 2.6 (MDAC 2.5 or MDAC 2.6) also a reference 1o Microsot® Service Component
OLEDPB  Service Comporent 1.0 stored as;  “CAProgram  Files'Common
Files\System*OLE DI3oledb32.dil.
4.1 Svnthetic data experiments
For synthetic data experiments, we have generated four datasels with different sizes and
number of atributes. Two of them are of smal! size and the other tw of large size,
d. 01 Sl synthetic data experiments
The first synthetic data experiment is concerned with information about students wilhin a
University envirunment, This database has the same format as the one used by the
NSERC. The deseription of this database is as follows:
+ Database file name is §_synthetic_Universily.mdb.
- Database size is 10,000 records or instances.
«  Number ol auributes is 3.
. Attribute names and values are the same as the ones used in the NSERC daabase
and are depicted in table 4.2
. Hierarchies used for this database are the same as the ones used in the NSERC
database and are depicted in table 4.3.

. Hicrurchy files names arc: Status.mdb, Major.mdb, Birthplace.mdb, GIA.mdb.

Mo, | Atlribute - .
Description ol valugs
names
|1 [Name Student names

i 2 iStalus IMA M.S. Ph.D., Junior. Sophomeore, Seniar, Freshman
3

!Hlsmr_'-,f math, literature, physics, Chemistry, Computing,
[Bu)]ng\. Music, Stanstics

Birthplace Vancouver, Calgary, Edrnnnmn Oitawa, Bombay, thhmnnd,
P Victoria, Shanghai, Burnaby. Nanjing, Toronto

!Majn

| 5 ,GPa (From 1.0 To 4.0

Table 4.2: Description of the University student database.



I Hierarchy |_ descriprions
!{Cumpuling, malh, biclogy, statistics, physics}c science

{{Music. history, lilerature b art

[{scicnc:, an }= any (major) _
[{Fr:shman. sophomare, junior, senior}< undergraduate
[{MS.. MA., PHD.} < Graduat

[{undergmduam. Craduate o any (slatus)

[{ Burnaby, Yancouver, Vicloria, Richmond}c British Columbia

[{Culgary, Cdmanton pa Alburts

I{D[[awa, Toronto b Oneario

|

|

|

|

|

|

|

i

|

[(Botbay i India o |
|{Shanghai. Nanjingj< China _ [
[

I

|

|

|

!

|

|

|{Ghina, [ndia}c foreign )

[¢British Calumbia, Alberta, Ontario}c Canada

I{ foreign, Canada }c any (Binhplace)

[t0.0 - 1.9}  poor

[{2.0 - 2.9} c average

£3.0 - 3.4} < good

1{3.5 - 4.0} = excellent

1{ponr, average, paod, excellent} Cany (GPA)
'I'able 4,3: Concept hierarchies table of the university database,

This experiment has been conducted on postgraduate student where the guery was
“Status= graduate”, this query is depicled in figure 4.1, and it has resulied in o match of
4323 wples out of the 10,000 twples that has been stored in the tusk relevant data relation.
This experiment has been carried out into four ditferent versions with ditferent attribute
threshold (2, 6, 12, and 30) for the other remaining attributes (Miajor, Birthplace amt

GPA). The resulted number of teples in the tinal generalized relation is depicled in table

4.4,
Esperiment | Artribute Number of tuples in the final
Aersian threshold generalized relalion
Version-1 1 i 16 tuples
Versipn-2 & 40 ruples
A\ ersion-3 12 1RO tuples
Aersion-4 a0 S0 fuples

Table 4.4; Small synthetic data experiments results.,
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Figure 4.1 query when *Siarus= graduate.
The final obtained results lrom our system for the small synthetic data experiments
results are depicted in figure 4.2, figure 4.3, figure 4.4 and figure 4.5 according to the

above mentioned threshold respectively.
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Figure 4.5: Final generalized relation for threshold=31.

The rules from our system for the small synthetic daia experiments resulls, when the

threshold =2, are depicled in ligure 4.6.

grail of database
O et _MAASTER T hon nichal naa1oil] mas w5 _uymihel e Uphemiy oo

Wignalzatlen mley

GPA(X) = average ¥V Dirth_place(x)= Canada ¥V Major{x)m arl) |O7.6784]
GEFAX) = avetage ¥ Dith_place(x)= Canada Y Myjor(e)e= scienee] | 15,48%0]
GPAM) = average ¥V Ditli_place(x)= Fareign vV Major(x]= an) 3. 3384 |
GPAMX) = verage  V Bith_place{x)= Fordgn 'V Majorix)= goicnue] |07 1T'Va]
GPA(x) ® exeellent v Birth_pluce(x)= Canada ¥V Major(x)= wl) [T1.025% ]
GPA{x) = exeellent ¥ 13tk _pluce(x)= Canada v Major(x) = acictnee) [07.0.006]
GlPA(x) = exvellert ¥ ith_pluce(x)= Foreign W dajar(xym arly [O1.92%9]
GIPA(x) = excellert ¥ Bitth_pluce(x)= Foreign ¥ pajor(xi= scicried) [O00.900]
GPrAQ = good Hirth_place(x)= Canada WV Major{x)= art) [D3 A0 4]
OPA(x) = pood Birth_place(x)= Canada ¥ Major(x)= science) [07 635
GPA(x) = gooil Birth_place(x)= Foreipn WV Major{x)= art) [02.06%%]
GPA(X) = good Birth_place(x)= Foreign ¥ Major(x)= science) [03.52%94%]
GPA(x)= poar Birth_place(x}= Canada WV Mgjor{x)= ait) [07.504]
GPA(X) = poor Birth_ptace(xy= Canada V Major(x)= science) [14.11%]
GPA(x) = poor Birth_place(x)= Foreign ¥V Major(x)= art) [03.31%4]
GPA(X) = poor Birth_place(x)= Foreizn V Major(x)= science) [06.99946)]

Ll AR A

Figure 4.6: rules from small synthetic data experiments when threshold=2.




The second synthetic data experiment is concerned with information about car evalualion:

this datzbase has the same format as the une used tor the evaluation of Hierarchy

INduction Tool (FHINT].

‘The description of this database is us follows:

Database file name is S_synthetic_Car.mdb.

Database size is 8,000 records or inslances.

Number of atributes is 6.

Altribute narnes and values are the same as the ones used in the Car database and
are depicted in table 4.5,

Hietarchies used for this dalabase are created according to the values of atiributes
that are used in car database’ and are depicied in table 4.6,

Hierarchy files names are: buying.mdb, maint.mdb, doors.mdb, persons.mdb.

Hemarks

No. [ Atribute Description of values
names
[T jouying _|vhigh, high. med, low  vhigh= very high
I 2 !maim |vhigh, high, med, low |mainl- maini:nance
13 Iduurs |2, 3,4, 5 or more |

| 4 ‘persons [2, 4, more

|
| 5 Ilug boot  [small, med, big |
| & {saﬂeiy |luw, med, high |

Table 4.5; Descriptivn var dalabase,

! The data is taken from {21].
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t Higrarchy | descriptions

t{muduratinn, expensive } < buving ihuying price

[{mcd, low } & moderation |

t{v_hlgh. high < expensive o ;v_l1igh= very high
[{:heap, expensive }o maint _ :'prict ol the maintenance

t{lnl.'d, low Y= cheap |

({v_high, high = cxpensive

t{suprt, normal }< doors [rulmhur of doors

[{2, 3 1< sport [

!{4, Smore & normal I

|{nnrmu!, abnormat }c persons :cnpacity in terms of persons 1o carry
i[more}c abnormal |

1{2, 4 } normal !

Table 4.6: Concept hierarchics tabhe of the car database,

This experiment has been conducted un buying price of cars where the query was
“huying = cxpensive”, Executing this query has resulted in a match of 4004 tuples out ol
the 8,000 tuples that has been stored in the task relevant data relation. This cxperiment
has been carried out into two versions with different attribute threshold (3 and 4j for the
other remaining attributes {maint. doors and persons). The resulted number of tuples in

the final generalized relation is depicted in lable 4.7,

Experiment | Attribute | Number of tuples in the final
YErSiOn threshold | generalired relation

Version-1 3 | ¥ tuples

Version-2 4 1 12 fuples

Table 4.7: Small synthelic data experiments resnlts,

The final chiained results from our system for these two experiments are depicted in

figure 4.8, andl ligure 4.9 according to the above mentioned threshold respectively.
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Figure 1.9: Final generalized relation for threshold=4,
4.1.2  Large synthetic duta experiment

The first synthetic data experiment is concerned with information about students within a

University enviconment, This database has the same format as the one used by the

NSERC. The description ol this database is as follows:

Database file name is 1._synthetic_University.mdb.

Dalabase size is 60000 records or instances.

Number ol attributes is 5.

Attribule names and values e the same as the ancs vsed in the NSERC database
and are depicted in table 4.2,

Hierarchies used for this database are the same as the ones used in the NSERC
database and are depicted in table 4.3

Hierarchy files names are: Status.mdb, Major. mdb, Birthplace.mdb, GPA.ndb.

This expetiment has been conducted on postgraduae student where the query was

~Status= graduate”, This query has resulted in a match of 45067 tuples oul of the 60,00¢
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tuples that has been stored in the task relevant data relation. This experiment has been
carried out inte four different versions with difterent autribute threshold (2, 6. 12, and 30)

for the other remaining aitributes (Major, Birthplace and GPA). The resulted number of

tuples in the final generalized relation is depicted in table 4.8.

Experiment | Airrbure | Number of tuplesin the final
version threshold oeneralized refation

Version-| 2 32 ruples

\ersion-2 [ 50 ruples i

Versinn-3 12 50 uples

\ersino-d 3 2110 tuples

Tulle 4.8: spall synthelic dafa experiments results

The final ohtained results lrom our system for the farge synthetic data experiments results

are depicted in ligure 4.10, figure 411, lgure 412, and figure 4.13 according to the

above mentioned threshold respectively.
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Figure 4.13: Final geperalized relation for threshold=3

The second synthetic data experimont is concerned with information about car evaluation;
this database has the same format as the one used for the evaluation of Hierarchy
IMduction Teol (HINT).
The description ol this database is as [oilows:

+  Database file name is L_synthetic_Car.mdb.

. Database size is 30,000 recards or instances,

- Number of aliributes is 6,

»  Attribute names and values are the samg as the ones used in the car databuse and

are depicted in table 4.5,

«  Hierarchies used for this database are the sume ones used for the second synthetic

duta experiment a5 in tahle 4.6,

Hierarchy [iles names are: buying.mdb, maint.mdb, doors.mdb, persons.mdb.

This experiment has been conducled on buying price of the car where the query was
“buying = expensive”. This query has resulted in 2 match of 14543 tuples out of the

30.000 tuples that has been stored in the task relevant data relation. This experiment has
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heen carricd out inte four dilferent versions with different auribute threshold (3, and )
for the other remaining attributes (maint. doors and persons). The resulicd nomber of

tuples in the final gencralized relation is depicted in lable 4.9,

Experiment | Artribute | Number of tuplesin the finnl
Yersion threshald gl.'m:r'nli'r.t':i relaticn

Yersion-1 3 B tuples

Yersinn-2 4 12 rapales

‘Table 4% Small syathetic data experinients resulis,

The final obtained results from our system for the small synthetic data experiments
results are depicted in figure 4.14, and tigure 4.13 according to the above mentioned

threshold respectively.
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Figure 4.15: Finab generalized relation for threshold=d

4.1 Real data experiments
''he Real data experiment is concerned with infurmation about car evaluation: this
dutabase has the sume format as the ope used for the evaluation of lierarchy INduction
Tool (HINT}. This data consists of one relation "Cars™. "The deseription of this database is
as follows:
- Database fite pame is RealData_Car.mdb.
. Database size is 1723 records or instances.
. Mumber of auributes is 6.
«  Auribute names and values are the same as the ones used in the Car database and
arc depicted in table 4.5,
« ierarchies used for this database are created according 1o the values of aunbutes
that is used in car dalabase and are depicted in table 4.6,

« Tlicrarchy files names are: buying. mdb, maint.indb, doors. ndb, persons.mdb.



This experiment has been conducted on buying price of a car where the query was
“huying = expensive”. Snap shot of this query is depicted in figure 4.16 and it has
resulted in a match of 864 tuples out of the 1728 tuples that has been stored in the task
relevant dala relation. This experiment has been carried out into two different versions
with different attribuie threshold (2 and 4) for the other remaining attributes {maint. doors

and persans). The resulted number of tuples in the final generalized relation is depicted in

1able 4.10.
Eaperiment | Anribule [ Sumber of tuples in the final
VErSion 1hreshold generalized relation
\ersion-| 2 ¥ tuples
Versign-2 1 12 ruples

‘Table 4.14: Smull real dala experiments results,

The final obtained results from our system for the small real data experiments results are

depicted in figure 4.17, and figure 4.18.
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Figure $.16: Query snap shot of "busing =sipensive”™.
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The rules from our system for the real dala experiment results when the threshold =2 is

depicted in ligure 4.19.

patly of dacabase
D Gerr_[GASTER Thesitdatamtricnr_svolol insiflea'Taie Car medk

Yisuallmtun s

persons(x) = normal Vo mant(x)= cheup v dours{X)= nomal) [16.67%0]
persons(x) = normal ¥V maint(x)= cheap ¥ doors(x)= sport) [16.67%]
persons(x) = normal ¥V maini{x)= expensive V doors(x= normal} [16.67%)
persons(x) = normal V maint(x)= expensive ¥V doors(x= sport) [16.67%6]
persons(x) = upnommal vV maint(x}= cheap V doors(x)= normaly [08.33%]
persons(x) = upnormal V mant(xy= cheap V doors(xy= sport) {08.33%¢]
persons(x) = upnormal V' maint{x)= expensive ¥ doors(x)= nonmal) [08.33%]
persons{x) = upnormal ¥V maint(xy= expensive V' doors(x)= spori) [08.33%%]

Figure 4.19: Rules from real data exprriment when thresholg=2.
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Chapter 5

Conclusion and futlure work

5.1 System advantage

o The DM-AIG system performed interactive data mining at multiple concept levels on any
user-specified set of data in access databasc using as QL Data Mining Query Language,
DMQL, or graphical user interface. Uscrs may inleraclivily set and adjust various
thresholds, contro! 2 data mining process, perform roll-up or driil-down at multiple concept
levels, and generate different forms of outputs, including generalized relations, generalized
feature tables, multiple forms of generalized rules, visual presentation of rules, charts.
curves, etc.

«  Mosl existing leaming algorithms which do not lake [ul} advantages of these database
facilities, our approach primarily adopts relational operations, such as selection, join.
projection {extracting relevant data and removing attribulcs), tuple substitution (ascending
concept trees), and intersection (discovering comunon luples among classes). Since
relulional operations are sct-oriented and have heen implemented efficiently in many
cxisling systems, our approach is not enly clticient but easily exported to many relational
syslems.

s Tha system duals with any number of atiributes in the databuse (data set).

+ The concept hierarchy can be renamed by the system to have the same name as one of the
attribules in the database otherwise the concept hierarchy will be considered unavailable

+ The system views the SQL commands o the user.

+ The system is able to load the hierarchy files from any paths without using the same paths.

» The system communicates with vanious databases syslems for data mimng using the QDBC

lechnolopgy.

+ The sysiem is developed and adding procedure o applying the simplification operation in

the final relation,
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5.2 Conclusion
As it has been mentioned in chapter 4. we have conducted a total of 14 experiments with 5
different data sets, The differences in the data scis are in data types, sizes, threshold and ather data

related characteristics. The results of these experiments are summarized in table 5.1,

Experiments | Dataset | Typeof [MNo af | Mo of ||| .N‘n' l]”.. Cxperiment |Alnbuts :FD' of lug]u_s ij:l
Mo, Dat records attributes (0 e | versians threshold [malgml:mhz"
It name ata i
I 1 uged | relation
1 [ 2 | 16
Small
University |, : . I 2 i 6 | 40
| ssynthetic § | 3000 3 4
students | 400 | 3 12 l 180
| [+ [ 30§ 544
c Small 1 3 3
2 b ®rsynthetic[R000 | 6 4
uying data 2 4 12
; IR
. large i '
ey . 2 | & R0
3 UPI:ETS:IE} syrthetic '40000 3 i 4 || | i .
students | g0 | BEEEER L
__ | [+ [0 | 20
Large 1 3 8
4 Car oynthetic30000] & 4
buying data 2 4 12
Car | Real [1728 [ [ [ 8
5 buying | L 6 4 2 4 12

Table 5.1; Summary of the experiments.
AL 1his stage the authar would like to make the following conelusions:

| “I'ic use ol concept hierarchics has proven to be o valuuble tool in the process ol performing
dala generalization,

2. The concept hierarchies are valuable tools in liniting the search space, which in fact one ot the
problems in Al domain.

1. The thresholds should be chosen very carefully so to protect the mining process from over of

under generalization. The over generalization resulls in non-informative rules and under

generalization will result in wo long rules (loo many conjunctions of disjunetions).
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In cvery stage of the generalization process, the atiribute generalization control should be lett
1o the user because the user should have some idea which atribute should be peneralized to

what level in a subjective manncr.

in comparison to tuple-oriented generalization, if there are p nodes in each concept tree and &
Attributes in the refation, then the lotal size of the search is p*, on the other hand the atiribute-

oriented generalization has much smaller search space than tuple-oriented generalization.

5.3 Future work

After the development our system and the obtained results, the author would like 10 make a

numhber of observations for future research work:

The system may be developed lo deal other Lypes of database such as COracal daabase, SQL
Server database, etc...

The system may be developed to discover other types of data mining tasks such as
classilication rules, discnimination rules, ete...

The system may be developed to handle complex nile-hased concepl hierarchies.

The system may be developed lo gencrale the hierarchy files antomatically.
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Appendix

This code for showing the refation names and figld names in the database:

Call ade_Connection{PATHMDD})
Set adoRsMelds = adoconnection. OpenSchemaf{adSchemaColumns)
Do Until adoRsfields. EOF
I Trim {adoRsfields! TABLE_NAME) = Trim {Tzbeldata) Then
Listl.Additen Trim{adoRsfields!COLUMN_iName)
End If
adoRslields.MoveNext
Loop
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