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Abstract

The data volumes have increased noticeably in the few passed years, for this reason
some researchers think that the volume of data will be duplicated every year. So data
mining seems to be the most promising solution for the dilemma of dealing with too
much data and very little knowledge.

Database technology has dramatically evolved since 1970s and DM became the area
of altraction as it promises to turn those raw data into meaningfui Knowledge which
businesses can use to increase their profitability,

Data mining is set of computer assisted techniques designed to automatically mine
large volumes of integrated data for new, hidden or unexpected information, or
patterns. The progress of data-collection technology, such as bar-code scanners in
commercial domains and sensors in scientific and industrial domains, generates huge
amounts of data. This explosive growth in data and database generates the need for
new techniques and tools that can intelligently and automatically transform the data
into useful information and knowledge,

By using pattern recognition technologies, statistical methods and mathematical
technigues to sift through warehoused information, data-mining tools helps analysts to
recognize the significant facts, relationships, trend, pattemns, exceptions and
anomalies.

Data warehousing and data mining are collection of tools for managing, analyzing
large datasets and discovering novel patterns. Data mining has been widely used by
statisticians, data analysts, management information systems community, and other
professionals,

Data mining can be used in so many different types of databases {relational database,
transactional database, object-criented database and data warehouse) or other kinds
of information repositaries (spatial database, time-series database, text or multimedia
database, legacy database and the World Wide Web).

Generaily, data mining is process of analyzing data from different perspectives ant
summarizing it into useful information. It starts with raw data and gets results that may
be insights, rules, or predictive models.

The data mining systems can be classified based on specific set of criteria as follows:

» Classification according to kinds of databases mined.

= Classification according to kinds of knowledge mined.

« Classification according to kinds of technigues utilized.



= Classification according to applications adapted.
This classification can also be helpful fo potential users to distinguish data mining
systems and identify those that are best match their specific needs.

The purpose of this research is to implement one of the data mining technigues
(classification) to deal with labeled data sets and merging it with another data mining
technique {clustering) to deal with unlabeled data sets in a computer system using
VB.net 2005.

Our system (NIU-1D3), can deal with two types of data files namely; text data files and
access database files. It can also preprocess uniabeled data (clustering of data

objects) and process label data (classification).

The NIU-ID3 can discover knowledge in two different forms, namely; decision trees
and decision rules {classification rules), this approach is impiemented in Visual
Basic.net language with SQL. The system is tested with access database, text data
{labeled datasets and unlabeied datasets) and presents the results in the form of
decision trees, decision rules or simplified rules.

February, 2009
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Chapter 1

Introduction to Data mining
1.1 Introduction
In recent years, there has been a rapid increase in the use of computer technalogy in
decision support systems. The wide use of computers in so many fields such as;
supermarket transactions, phone call records, has made it possible to collection of huge
amount of data. "This has resufted in the capture and availability of data in immense
volume and proportion.” [1]
The arrival of data from many sources is too fast through what is called data streams. In
fact it is faster than the traditional technigues to process such data and make a good use
of it. In today's world of technology many data streams can be cited such ag; financial
data in banking and securities, point of sale data in retail, medical history data in health
care, policy and claim data in insurance, are some instances of the types of data that is
being collected. The growing rate of data collection has exceeded the human ability to
assimilate and use such data efficiently. “Data must be categerized in some manner if it
is to be accessed, re-used, organized, or synthesized to build a picture of the company's
competitive environment or solve a specific business problem.”[2]
Presently, data repositories are increasing rapidly and include massive amounts of data
from commercial, technical, and other domains. According to [3], the amount of collected
data in the whole world is doubling every twenty months or so. The capabilities to
analyze, summarize, and extract knowledge from the massive amount of data lack the
ability to deal with flood of such stream of data.
Cealing with the huge amount of data produced by businesses has brought the concept
of information architecture which started new project such as Data Warehousing {DW).
The purpose of DW is to provide the users and analysts with an integrated view of all the
data for a given enterprise. Data Mining (OM) and Knowledge Ciscovery in Databases
(KDD} is one of the fast growing computer science fields. The popularity and importance
is caused by an increased demand for analysis tools that help analysts and users {o use,
understand and benefit from these huge amounts of data. One theme of knowledge
discovery is to gain general ideas from specific ones, which is the basic idea of learning.



Machine learning is subfield of artificial intelligence field that deals with programs that

learn from experience.

1.2 Cencept learning

Concept learning can be defined as the general description of a categery giving some
positive and negative examples. So, it is an automatic inference of a general definition of
some concept, given examples labeled as members or non-members of the concept.
"The aim of concept learning is to induce a general description of a concept from a set of
specific examples.” [4]. One of human cognition capabilities is the skills to learn concepts
from examples. Human have remarkable ability for concept learning with the help of only
a small number of positive examples of a concept. As the concept learning problems
became more complex has necessitate the existence of more expressive representative
language. According to [4], most of the concept learning systems uses attribute-value
language where the data (examples) and output (concepts) are represented as
conjunctions of altribute-value pairs. “Concept Learning is inferring a Boolean-valued
function from training examples of its input and output.[5]. So. this simplicity of
representation allowed eflicient learning systems to be implemented. On the other hand
this simplicity had represented the difficulty of inducing descriptions involving complex
relations. "Inductive Learning, a kind of ieaming methods, has been applied extensively
in machine learning."[6]. Curent machine learning paradigms are divided to two groups,
learning with teacher which is called supervised learning, and learning without teacher

which is called unsupervised leaming.

1.2.1 Supervised learming

Supervised learning is leaming process that supplied with a set of example. The set of
examples consists of the input data afong with the correct output (class) for each
example. "The supervised learning paradigm employs a teacher in the machine learning
process.” [7]. Some examples of the well known supervised learning meodels include
back propagation in neural networks, K-nearest neighber, minimum entropy, and

decision trees.

1.2.2 Unsupervised leaming
In unsupervised learning there is no teacher nor is the data pre-classified. So, the
algorithm is never giving training set and is basically left on its own to classify its inputs,



“The unsupervised learning paradigm has no external teacher to oversee the training
process, and the system forms (natural grouping} of the input patterns.” [7]. One of the
most well-known unsupervised metheds is clustering. In unsupervised tearning, the final
achieved result reflects the input data in a mare objectively manner and the
disadvantage of such learning process is that the achieved classes are not necessarily
have subjective meaning.

1.3 Data mining
As recently as two decades ago, data mining was new concept for many peocple.
Creating data mining solution is practical one to many applications. The solution may
combine database management, data warehouses, text mining tools to structure data,
commercial off-the-shelf data mining software tools, data visualization technology, and
advanced data analysis all filtered through lens of business and domain expertise. Data
Minirg {DM) is the extraction of hidden predictive knowledge from large databases which
is a powerful new technolegy, Data mining is process that uses variety of data analysis
tools to discover patterns, relationships and regularities in the data that may be used to
make valid predictions. "DM and KDD is the nontrivial process of identifying valid, novel,
potentially useful, and ultimately understandable patterns in data." [8, 9 and 10]
Most DM algorithms have been drawn from areas of statistics and machine learning
adapted to induce knowledge from data contained within databases.
According to [11), Data mining is the process of discovering meaningful new correlations,
patierns and trends by sifting through large amounts of data stored in repositories, using
pattern recognition technologies as well as statistical and mathematical techniques. Data
Mining is considered to be a revolution in information processing and there are many
definitions in the literature to what constitute data mining.
According to [9], the attraction of the wide use of data mining is due to:

* The availability of very large databases.

* The massive use of new techniques coming from other disciplines of computer

science community like neura! networks, decision trees, induction rules.

= Commercial interests in order fo propose individual solutions to targeted clients.



» New software packages, more user-friendly, with attractive iJnterfaces, directed as
much towards decision makers as professionals analysts, but much more
expensive.

The main objective of DM is to use the discovered knowledge for purposes of explaining
current behavior, predicting future outcomes, or providing support for business decision.
Data mining enables corporations and government agencies to analyze massive
volumes of data quickly and relatively inexpensively. Today, mining can be performed on
many types of data, including those in structured, textual, spatial, Web, or multimedia

forms. "Data mining is the process of discovering advantageous patterns in data.” [12].

1.3.1 Data mining process
The main steps of data mining process are:

* Analyzing the praoblem involves the understanding of the application domain,
relevant pricr knowledge, and what results the end-user is seeking.

* Preparing the data involves the creation of the target data set and data
preprocessing (i.e. data cleaning, data reduction, data projection, etc...).

» Choosing the data mining task aims at on the type of DM functionality that is
needed to cary cut. Possible tasks are classification, regression, clustering, or
others.

* Choosing the data mining algorithms that are appropriate for the mining task to
search for patterns and regularities.

» Generating pattern is accomplished by using rule induction and selected algorithm.
The pattern could be in any of several representational forms. Possible
representations are; classification rules, classification trees, regression, clustering
or others.

* Interpreting pattern involves the validation and interpretation of the mind patterns
and regufarities.

» Consolidating knowfedge is to report on resulted patterns and incorporate it into
real-world performance system, or simply reported to interested parties.

= Monitoring pattern is to assure that data mining strategy is correctly accomplished.



1.3.2 Data mining techniques

According to [13], most data-mining methods (techniques} are based on very-well tested
techniques from machine learning, pattern recognition, and statistics: classification,
clustering, regression, etc... Data mining techniques are applicable to wide variety of
problem areas. Some of these techniques are:

» (Classification is a supervised technique that maps (classifies) data object into one
of severa! predefined classes, i.e. given an object and its input attributes,
classification output is one of possible mutually exclusive classes. The aim of
classification task is to discover some kind of relationship between inputs attributes
and output class, so that discovered knowledge can be used to predict the class of
new unknown cbject.

* Regression is considered to be a supervised learning technique to build more or
tess transparent model, where the output is a continuous numerical value or vector
of such values rather than discrete class.

= Clustering is unsupervised learning technigue, which aims at finding clusters of
similar objects sharing number of interesting properies.

» Dependency medeling consists of discovering model which describes significant
dependencres among attributes.

= Change and deviation detection is the task of focusing on discovering most
significant changes or deviations in data between actual content of data and its
expected content {previously measured) or normative values.

» Summarization aims at producing compact and characteristic descriptions for a
given set of data. it can take of multiple forms such as; numerical (simple
descriptive statistical measures like means, standard deviations ...}, graphical forms
(histograms, scatter plots...), or on the form of “if-then” rules.

1.3.3 Goals and tools of data mining

The geal of data mining is to uncover relationships in data that may provide useful
insights. The goals of data mining are prediction and description. Prediction uses
supervised learning technique to predict values of data using known values found from
different data. Description focuses on employing unsupervised learning technique to find
human interpretable patterns describing data.



Tocls for data mining include mixture of well know mathematical algorithms and
techniques applied to general business problems made possible by increased availability
of data ang inexpensive storage and processing power. The data mining tools can play
essential role, because they can quickly generate scenarios regarding effects of growth
and development based on available data. Data mining tools provide both developers
and business users with interface for discovering, manipulating, and analyzing corporate
data. Data mining tools can sweep through databases and identify previously hidden
patterns in one step. Data mining tools can also automate the process of finding
predictive information in large databases. Data mining tools produce better results with
larger, broader databases. When data mining tools are implemented on high
performance parallel processing systems, they can analyze massive databases in
minutes.

1.3.4 Applications of data mining

The data mining has numerous applications. The most widely known apglications are
those that require some sort of prediction. We can mine our data wherever they reside in
data warehouse, data mart, database, legacy system, or even in external information
such as survey and purchased data sets.

Some uses of data mining include:

* Network optimization and E-Business analysis.

intrusion detection. * Crme pattern detection.

» Call center analysis. * Disease cutbreak detection.

* Human genome analysis. * Fraud detection.

» Insurance claims processing » Direct and Interactive marketing.
analysis. = Market basket.

* Accident trending. = Web traffic analysis.

1.4 Thesis objectives
Due to the fact that the ID3 is a classification algerithm that works in supervised fashion.
This work is mainly concerned with two aspects which are:
1. The implementation of the original ID3 algerithm using Visual basic.net
pregramming language.
2. Adding a front-end to the 1D3 algorithm s it will work in unsupervised fashion.



This work will cemmence with a theoretical aspects and grounds of the ID3 algorithm
and then an implementation of the algorithm in Visual basic.net programming language
will be carried cut. Then a front-end module will be implemented using one of the
methods from cluster analysis to label the data to be used by the new implementation of
the ID3. The newly created version of the 1D3 algorithm will be tested by some of the
well known databases {i.e. Ins database...}.

1.5 Thesis outline

The thesis is organized into six chapters and they are as follows: Chapter 1 introduced
the concept learning and data mining was given. Alse the chapter introduced the data
mining process, techniques, goals, tools and applications.

Chapter 2, the ideas about classification will be reviewed and the development of the
Decision Tree algorithm will be given. The theoretical and practical aspects of the
algorithm ID3 will also be presented. The features of ID3 will be explained in more
details. Chapter 3, the dealing with different types of attributes will be given and our
implementation of ID3 in Visual basic.net given. Chapter 4, we will be concemed with
the implementation of the front-end module by one of the clustering methods tc label the
unlabeled data and make it ready to be used by the D3 algarithm. Chapter §, the newel
created version of the 1D3 algorithm will be tested by a number of well Known
databases. Chapter 6, some comments and discussions on the obtained results will be
given and the study will be concluded by given some future wark suggestions.



Chapter 2

Classification and decision tree
2.1 Introduction
The wide availability of huge amounts of data angd the imminent need for turning such
data into useful information has generated an urgent need for new techniques and
automated tools that can intelligently assist us in transforming the vast amounts of data
into useful knowledge. One of the techniques used in turning the data into knowledge is
to use decision trees.
Decision tree is a classification scheme that can be used to produce classification rules.
In this chapter, we will review some basic ideas of classification and the development of
decision trees algorithm. The theoretical and practical aspects of the 103 algorithm will
also be presented and the features of 1D3 will be explained in details.

2.2 Basic ideas of classification

With enormous amounts of data stored in databases and data warehouses, it is
increasingly important to develop powerful tocls for data analysis to turn such data into
useful knowledge that can be used decision-making.

One of the most well studied data mining functionalities is classification due to its wide
used in many domains. “Classification is an important data mining problem. Given a
training database of records, each tagged with a class label.” {14].

The task of classification is first step to build a model (classifier) from the given data
{pre-classified data objects) and second step is to use the model to predict or classify
unknown data objects.

The aim of a classification problem is to classify transactions into one of a discrete set of
possible categories. The input is a structured database comprised of attribute-value
pairs. Each row of the database is a transaction and each column is an attribute taking
on different values. One of the attributes in the database is designated as the class
attribute; the set of possible values for this atiribute being the classes.

Classification is a data mining technique that typically involves three phases, learning
phase, testing phase and application phase. The learning model or classifier is built
during learning phase. It may be in form of classification rules, decision tree, or
mathematical formula. Since, class label of each training sample is provided, this



approach is known as supervised learning. In testing phase test data are used to assess
the accuracy of classifier. if classifier passes the test phase, it is used for classification of
new, unclassified data tuples. The application phase, the classifier predicts class label
for these new data objects. According to [6], classification has been applied in many
fields, such as medical diagnosis, credit approval, customer segmentation and fraud
detection.
There are several techniques {methods) of classification:

= Classification by decision tree induction such as: ID3 (lterative Dichtomizer 3rd),

C4.5 SLIQ, SPRINT and rainforest algorithms.

« Bayesian classification by the use of Bayes theorem.

» Classification by back propagation in the area of NN.

* Classification based on the concepts from association rule mining.

= Other classification methods: KNN classifiers, case based reasoning, genetic

algerithms, rough set approach, fuzzy set approaches.

2.3 Decision tree algorithm

A decision tree is a flow chart like tree structure. The top most node in the tree is the root
node. Each node in the tree specifies a test on some aftrbute and each branch
descending from the node correspends to one of the possible values of the attribute
except for the terminal nodes that represent the class. An instance is classified by
starting at the root node of the tree, testing the attribute specified by the given node,
then moving down the tree branch corresponding to the value of the attribute in the given
exampie. This process is repeated for the sub tree rooted at the current node. In arder to
classify an unknown sample, the attribute values of the sample are tested against the
decision tree. A path is traced from the root to a leaf node that holds the class for that
instance.

According to [15], Top-Down Induction of Decision Tree {TDIDT) is general purpose
systems which classify sets of examples based on their attribute values pairs. The
TOIDT algorithm can be rerun to include new example of the data sets. While this is
useful feature, it is also time consuming. Cne of earliest TD/DT algorithms is the
Concept Learning System (CLS} by Hunt in 1966. The algorithm works by presenting




systam with fraining data from which top-down decision tree is developed based on
frequency of information.

In 1986, Quinlan had modified CLS algorithm by enhancing it by the addition of the
concept of windowing and information-based measure called enfropy. The entropy is
used to select the best attribute to split the data inte two subsets, so every time the
produced decision tree will be the same. The concept of windowing is used to ensure
that all the cases in the data are correctly classified.

According to [16), there are severa! reasons that make decision tree very attracting
learning tool. Such as:

* Decision tree learmning is a mature technology. It has been in existence for 20+
years, has been applied to varicus real world problems, and the learning
algorithm has been improved by several significant modifications,

* The basic algorithm and its underlying principles are easilty understood.

» |tis easy to apply decision tree learning to a wide range of problems.

» Several good, easy to use decision tree learning packages are available,

» |t is easy to convert the induced decision tree to a set of rules, which are much
easier for human to evaluate and manipufate, and to be incorporated into an

existing rule based systems than other representations.

2.4 Theoretical and practical aspects of the ID3 algorithm

According to [15], the ID3 algorithm is a decision tree building algorithm which
determines classification of cbjects by testing values of their properties. It builds tree in
top down fashion, starting from set of objects and specification of properties. At each
node of tree, the properties are tested and the result is used to partition data object set.
This process is recursively carried out till each subset of the decision tree is
homogeneous. In ather words it contains objects belonging to same category. This then
becomes leaf node. At each node of the tree, the tested property is chosen on bases of
information theoretic criteria that seek to maximize the information gain and the minimize
entropy. In simpler terms, the chosen property is the one that divides the set of objects in
the most possible homogeneous subsets. The ID3 algorithm has been successfully
applied to wide variety of machine learning problems. 1 is well known algorithm, however
such approach has some limitations,

11}



In iD3, windowing is to select a random subset of the training set to be used to build the
initial tree. The remaining input cases are then classified using the tree. if the tree gives
correct classification for these input cases then it is accepted for training set and the
process ends. If this is not the case then the misclassified cases are appended to the
window and the precess continues until the tree gives the correct classification.

The infermation theoretic heuristic is used to produce shallower trees by deciding an
order in which to select attributes. The first stage in applying the information theoretic
heuristic is to calculate the proportions of positive and negative training cases that are
currently available at a node. In the case of the root node this is all the cases in the
training set. A value known as the information needed for the node is calculated using
the following formula where p is the proportion of positive cases and g is the proportion
of negative cases at the node:

—plog, p—qlog, g ...... (3.1)

2.4.1 The basic algorithm of ID3
According to [17, 18, 19, and 20], given a set of exampies S, each of which is descried
by number of attributes along with the class attribute €, the basic pseudo code for the
B3 algorithm is:

» If (all examples in S belong to class €) then make leaf labeled ©

Else select the “most informative™ attribute A
Partition § according to A's values {v; ..., v,)

* Recursively construct sub-trees Ty, T, ..., T, for each subset of 5.
ID3 uses a statistical property, called information gain measure, to select among the
candidates attributes at each step while growing the tree. To define the concept of
information gain measure, it uses a measure commonly used in information theory,
called entropy. The entropy is calculated by

[y

fnropy{§) = Z— pleg, p. . (3.2)

i=1

Where 8 is a set, consisting of s data samples, Piis the portion of $ belanging to the
class . Notice that the entropy is 0 when all members of S belong to the same class and
the entropy is 1 when the collection contains an equal number of positive and negative
examples. [f the collection contains unequal numbers of positive and negative examples,
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the entropy is between 0 and 1. In all calculations involving entropy, the outcome of
(0 log: 0) is defined to be 0. With the Information gain measure, given entropy as a
measure of the impurity in a collection of training examples, a measure of effectiveness
of an attribute in classifying the training data can be defined. This measure is called
information gain and is the expected reduction in entropy caused by paritioning the
examples according to this attribute. More precisely, the information gain is Gain(8, A) of
an attribute A, relative to a collection of examples S, is defined as:
Gain(S, 4) = Fntropy (5) - Z J%Erz!rupy{&‘u} ,,,,,, (3.3)

ve Peduers (A1

Where values of A is the set of all possible values for attribute A, and S, is the subset of
S for which attribute A has value v. The first term in equation (3.3) is the entrapy of the
original collection S, and the second term is the expected value of the entropy after § is
partitioned, using attribute A.

Gair{§, A) is the expected reduction in entropy caused by knowing the value of attribute
A. Therefore the aftribute having the highest information gain is to be preferred in favor
of the others. Information gain is precisely the measure used by ID3 to select the best
attribute at each step in growing the decision tree.

As an example [8, 15, 18, 21, 22, 23, 24 and 25), consider decision model to determine
whether the weather is amenable to play baseball. Historic data of observations over

period of two weeks is available to build a model as depicted in table-2.1.

Day [ outlock | tempersturs | humidlty | wing | pley ball
L1 | sunry Hot high wgak | no
| D3 jecnry hot high stong | ne
D2 | ovarcast | hot high waak | yes
L | rain mild high waak | yes
| D% irain cool rarmal | woak | yes
2§ | ramn cool nomal stong | ho
| 27 | overcast | ¢ool normal stong | yes
S8 | sunry [ mid high woak | no
| D% |stnny cool normal | weak i yes
=10 ] rain miid norai weak | yes
L 311 ) stnry i mild agrmal stong | yes
=12 | overcest | mild high stong | yes
213 | ovarcast | hot normal wiak | vas
D14 [rein mild high strong | no

Table-2.1: Sample data to build a decigion tree using |D3 algorithm.
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The weather data attributes are: cutlook, temperature, humidity, and wind speed. The
target class is the classification of the given day as being suitable {ves) or not suitable
{no}. The domains of each of the attributes are:

outloock = (sunny, overcast, rain}.

temperature = {hot, mild, coal).

humidity = (high, normal).

wind = (weak, strong).
To determine attribute that would be root node for the decision tree; the gain is
calculated for all four attributes. First, we must calculate the entropy for all examples,
with § by equation {3.2) as follows:

Entropy(S) = - (9/14) " Log2 (9/14) - (5/14) * Log2 (5/14) = 0.94(
After that we can calculate the information gain for all four atiributes by the use of
equation {3.3) as follows:

Entropy {weak) = - (6/8) " log2 (6/8) - (2/8) * log2 (2/8) = 0.811

Entropy (strong) = - (3/6) * log2 (3/6) - (3/6) * log? (3/6) = 1.00

Gain{S, wind) = Entropy(S) - (8/14) * Entropy (weak) - (6/14) * Enlropy (strong)

= 08940 - (8/14) * 0.811 - {6/14) * 1.00= 0.048

Similarly the gain is calculated for the other attributes,

Gain(S, outlook) = 0.246

Gain( 5, temperature) = 0.029

Gain(S, humidity) = 0.151
Because the outlook attribute has the highest gain, therefore it is used as the decision
tree root node. The outlock attribute has three possible values; the root node has three
branches labeled with sunny, overcast and rain.
The next step is to develop the sub tree, cne level at time, starting from the left {under
sunny) using the remaining attributes namely humidity, temperature and wind.
The calculation of gain is carried out for each of the attributes given the value of the
previcus value of the attribute. The final decision tree obtained as the result of 1D3
algorithm is depicted in figure-2.1:
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Figure-2.1: Decision tree to determine whather
the weather s amenable to play basebkall,

The following rules are generated from the above decision tree:

IF outlook= overcast THEN play ball= yes

IF outlook= rain A wind= strong THEN ptlay ball= yes

IF outlook= rain A wind= weak THEN play ball= yes

IF outlock= sunny ~ humidity= high THEN play ball= no
IF outlock= rain A humidity= high THEN play ball= no

2.4.2 Features of ID3
The most important feature of ID3 algorithm is its capability to break down a complex
decision trea into a callection of simpler decision trees. Thus it provides a solution which

is often easier to interpret. In addition, some of other important features are;

Each attribute can provide at most one condition on a given path. This also
contributes to comprehensibility of the resulted knowledge.

Complete hypothesis space: any finite discrete valued function can be expressed.
Incomplete search: searches incompletely through the hypothesis space until the
tree is consistent with the data.

Single hypothesis: onty one currant hypothesis (the best one) is maintained.

No backtracking: once an attribute is selected, this can't be changed.

Full training set: attributes are selection by computing information gain on the full

training set.



Chapter 3
System design and implementation

3.1 Dealing with different types of attributes

Due to the fact that the ID3 algorithm deal with discrete valued atfributes and we have
decided to limit the number of values per attribute to four. The reascn for that is to have
simple decision trees and rules. If the number of different values per attribute is greater
than four then the (NIU-I53) system will reduce it to four by the use of discretization
(normalization) techniques. This process is carried out on numerical attributes and for
symbolic attribute values the same process will be carried out after coding the attributes
values. For a continuous valued attribute A, the system partitions the attribute values into
four intervals by:

Length_of interval = w“‘—;%?i ...... (3.4)

Where: Max, is the maximum value of attribute A, Mins is the minimum value of atiribute
A and C is the number of infervals (default value is 4).

For example: if we have a numerical attribute with the fallowing values: 43, 44, 45, 46,
47, 48, 49, 50, 51, 52, 53, 54, 55, 56, 57, 58, 59, 60, 81, 62, 63, 64, 65, 66, 67, 58, 69,
70,71,72, 73,74, 76,77, 79.

We can calculate the interval length as: (79 — 43} / 4 = 9. The intervals and the
corresponding values can be seen in the diagram below:

43 o= L | Tk .
[ | 1 | 1 J

11 1z i34 14

Table-3.1 depicts the original values with their corresponding new values.

Qnginal values Corresponding values
43.44.45.46.47 48.49.50.1 11
52,53,54,55.56.,57,58,59,60 12
B1.62.63.64,6566.67.568,69 13

70.71.72.73.74.76,77 79 14

Table-3.1: The original values with their corresponding new values.
Another example is for a symbolic attribute that has the following values: BB, CC, DD,
EE, FF, GG and HH.
Such attribute values is dealt with in the following way:
First, the values will be coded as: 01, 02, 03, 04, 05, 06 and 07.
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Second, we calculate the interval width as: (7 - 1)/4 =15
The intervals and the cerresponding values can be seen in the diagram below:

=58 a 2.8 7
[ L i I ]

1" 12 13 14
Table-3.2 depicts the original values with their corresponding codes and new values.

Qriginal values | Corresponding values | Corresponding discretized values
BB, CC 01,02 11
DD 03 12
EE, FF 04, Q5 13
GG, HH 08, 07 14

Table-3.2: The original values with their corresponding codes and new discretized values.

Each code for the camresponding values consists of two digits the first represents the
attribute number and the second represents the interval number (attribute’s value). For
example, the code 13 is for the third value of the first attribute.

3.2 System architecture
In the previous subsections we gave a brief review of classification, decision tress and
the thecretical and practical aspects of the ID3 algorithm, The D3 algorithm deals with
the classification problem strictly in a supervised sense.
Here we will demonstrate the design and implementation of our system, which is a new
implementation of the ID3 algorithm to make it work in unsupervised manner by building
a font-end to it. Our system is called New Implementation of Unsupervised 1D3 (MIL-
103). We will also give an overview of the over all architecture of the NIU-ID3, the tasks
that the system can deal with, the data format that it uses and the results that is
produced from it
The NIU-ID3 system accomplishes its task via several stages that are executed in a
serial fashion in the form of a wizard form (Data Mining Wizard). These stages are
grouped into four main companents:
» Data set is the data to be used to discover knowledge from.
* Preprocessing is the process of preparing the data for classification if the data is
continuous or unlabeled.
« Classification is the classification process {ID3 algorithm) to produce the
knowledge. '
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» Knowledge is the results discovered by classification process.
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Figure-3.1: General architecture of NIU-ID3 system.
The NIU-ID3 system can manipulate with two types of data files; that is a text data or

Access databases. It can also preprocess unlabeled data (clustering of data objects) and
process labei data (classification). Our system can discover knowledge into twe different

formats, namely; decision trees and classification rules.

3.3 System modeling

In general there are three important phases in building a computer system. These
phases are being, model building phase, testing phase and application phase. At
beginning we will talk about the model building phase and the other two phases will be in

brief mentioned and deal with them in more detail in the next chapters.

3.3.1 Model building
The model building phase can start by building a simulated model of the problem. This
model will provide a clear understanding of the problem in question. From the literature,
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there are three perspectives used in the development of simulated models and these

are:

1. Use some Graphica! User Interface (GUI) tools to develop the simulated model on
the screen. Use arcs to connect the system components to create the logical model
and the run simulated moedel. "In most cases, due to the limitation of the simulation
program under use, some simplifications and approximations to the model may be
reguired. Such simplifications or approximations can be very costly.” [26].

2. Support the belief that any simulation program would not be able to model all tasks of
systems without the need to make some modification. “This suggests that models
should be developed from scratch by using a simulation modeling language.” [28).
This approach may increase the time needed to produce the system and may divert
the developer to pay more attention to the programming challenges than
understanding the system.

3. Focuses on the use of GUI that will automatically generate code with the possibility of
the developer intervention to make some changes to the code to match the system
requirements. This is a very popular practice because it reduces the need time to
produce the system, on the other hand code modification is a tedious task.

Figure-3.2 depicted the processes of system:

Data Set Preprocessing Classification Knowledge
Check and Prepare o
Data Decmion Tree
Text File 1
Daca E z Labeled D3 Results
1 = H 1  Algorithm All Rules
o a
Access File I ~
: Simple Roles
Clastering Algorithm
A A J
] N Y
Toputs Processes Craeprats

Figure-3.2: Build process of the NIU-ID3 systern.
The model building phase consists of a number of steps, as follows:

1. Data loading which consists of two sub steps:
* In loading data, our system deals with two types of data files; text files data and
Access database files. Our system will ask the user to select the file type. The
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system initially designed to deal with only Access database files, so if the loaded
data is not Access database file then a preprocessing step will be converted it to
Access database file. So, the loaded database is called the training set. This data
set consists of a set of tuples, each tuple consists of a number of values and an
additional aftribute called class attribute. At this stagé by the use of ADONET
technique to establish the connection between the database and the system. The
ADQ.NET is a part of the base class library that is included with the Microsoft NET
framework, and it is a set of computer software components that can be used by
programmers to access the data. In reality, ADO.NET can not be connected with
data sources directly, but it needs .NET data providers. Here we use OLE DB.NET
data provider, and Microsoft® universal data access compenent 2.5 or 2.6 {(MDAC
2.5 or MDAC 2.6),

The data selection sub step will display all table's names that are available of type
Access to the user, so hefshe can select one of them and the system starts the
discovery process.

There are some conditions on the data file that is loaded to our system. We wil!
explain them in the next chapter.

2. Preprocessing: consists of four sub steps:

Check missing values: if there are some missing values in the loaded data our
system will ask the user to change the data file due to the fact that the system is not
accommodated to deal with missing values.

Converting a text file to Access database file: If the loaded data file is of type text,
the system will convert it into an Access database file.

Data labeling: if the loaded data is un-labeled then the system will label it via the
clustering component of the system.

Continucus and discrete valued attributes: The ID3 does not work with continuous
valued aftributes. If the number of values per attribute is more than four then the

system will divide the range of attribute values into intervals using the equation 3 4.

3. Classification is the process of building a mode! or a function that can be used to

predict the class of unclassified data objects. In our system we use the ID3 algorithm
for this task.
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4. Knowledge is the end result that is produced from our system. The end result can be
in ene of different form such as; decision tree, decision rules or more general
simplified rules.

In our system the end results can be saved in text files if the user desire along with the

data.

3.3.2 Moadel testing

After the model is built, the model must be tested by a sample of data in the form of
experiments. Such experiments will deal with different database varying in number of
tuples, number of attributes and if the data is labeled or not. Testing of the model will be
detailed in chapter five.

3.3.3 Application of the model
After testing the model and the resutts are satisfactory then the model can be put in use
in the real world.

3.4 Physical design

3.4.1 Design considerations

In the system software design stage there is some aspects we must focuses on. These

are:

1. Extensibility. When we need to add new capabilities to the original architecture of
software should be no changes to its major components.

2. Robust ness: The software should tolerate unpredictable or invalid input.

3. Refiability: The software should perform all of its required tasks for a specified period
of time.

4. Fault tolerance: The software should be able to recover from some of its component
failure.

5. Security: The software should be able to hlock any unaL;thnrized access.

6. Maintainability: The software can be restored to a specified condition within a
specified period of time. For exampte, antivirus software may include the ability to
periodically receive virus definition updates in order to maintain the software's
effectiveness.

7. Compatibility: The software should be able to be incc;rporated with other products

even when some new version has bean issued.
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8. Maodularity. The software should be composed of modules each of which can be
implemented and tested in isolation before integrated in the over all system. The
modularity leads 1o an ease in maintenance and development of the system,

9. Reusability: Each module of the system should capture the essence of its
functionality and nothing more or less. This single task approach renders the
components reusable wherever simitar needs arise.,

3.4.2 Design methodologies

The design methodology purpose is to give a framework of the system actual design. !t
aims to simplify the design process and to enforce some standard design principles that
improve the gualty of the design. According to [27], one of the earlier design
methodologies is the DFD that is still considered to be one of the best modeling
techniques to represent the processing requirements of a system. DFD is a significant
modeling technique that explains the course or movement of information in a process.
The flow of the information in a process is based on the input and the output. A DFD can
represent technical or business processes to illustrate the data flow from a process to
the next and finally to the final results. OFD is common tool for designers to show the
interaction between the systern and outside entities.

According to [28], there are four symbols (notations) that are used in DFD diagrams,
which depicted in figure-3.3.

Notation .
names Descriptions Symbocls
Process The task of this component is to give and .
: indication of transforming the input to output via
notation . Process
the execution of some process on the data.
Data  store | Data store component are repositories of data in .
notation the system.
- - -.--_'--h“
Dataflow Dataflow component represents the pipelines by ™.
i which packets of information flow from one L_._
notation
process to another.
External External entities component represent the means
entity by which the system communicates with the Exvernat & | garernar b,
notation outside world.

Figure-3.3: DFD notations.




Figure-3.4 depicts the over all processes of ocur system using DFD notations to
demonstrate data flows, data processes and external enfities that are needed to
implementation of the NIU-ID3 system.
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Figure 3.4: DFD for the NIU-tD3 system.
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Chapter 4

Clustering Front-End module
4.1 Intreduction
The goal of NIU-1D3 system is to build a decision tree and to extract classification rules
(decision rules) from the provided data set. Such rules can be used for prediction, The
classification module of our system {ID3 algorithm) needs a labeled data set to train the
classifier. Such data set consists of a number of records, each of which consists of
several attributes. Aftributes values will be dealt with accordingly. There is one
distinguished atiribute called the dependent {class) attribute.
In the case of un-labeled data, the clustering module will be used to carry out the
labeling process. In this chapter we will focused or concerned on an one algorithm of
clustering techniques, which called fuzzy k-means algorithm (extension of the normal k-
means clustering method), and its software package, which called “FuzME program” to
make it as a Front-End module to our system.

4.2 Clustering methods
In general, clustering is the process of grouping data objects into groups or clusters such
that:

» FEach group or cluster is homogenecus or compact with respect to certain
characteristics. That is, objects in each group are similar to each other.

* Each group should be different from other groups with respect to the same
characteristics; that is, objects of one group should be different from the objects of
cther groups.

Clustering is an unsupervised learning technigue used to divide data sets into groups or
clusters. These clusters can be viewed as a group of elements which are mere similar to
each other than elements belenging to other groups. An alternative definition of a cluster
is a region with a relatively high density of points, separated from other clusters by a
region with a relatively low density of points. "Clustering fs a useful technigue for the
discovery of some knowledge from a dataset. It maps a data item into one of several
clusters, where clusters are natural groupings of data items based on similarity metrics
or probability density models. Clustering pertains to unsupervised learning, when data
with class labels are not available." [29],
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In general, data clustering algorithms can be categorized as hierarchical or partitioning.
Hierarchical algorithms find successive clusters using previously established clusters,
whereas partitioning algorithms finds all clusters at once. According to [30], some
clustering algerithms ¢an be categarized as following:
1. Partitioning methods:
* Relocation Algorithms,
* Probabilistic Clustering.
*  K-medoids Methods.
* K-means Methods.
* Density-Based Algorithms:
o Density-Based Connectivity Clustering
o Density Functions Clustering
2. Hierarchical Methods
* Agglomerative Algorithms.
* Divisive Algorithms.

4.2.1 Partitioning methods

This type of clustering algorithms requires the specification of the number of clusters.
The division of the data objects is done according ta the similarity of the data objects to
the cluster centers (representative object). The division must be to mutually exclusive
subsets (clusters) such that each data object is exactly in one cluster and each cluster
must contain at least one object. "Partition the data set into k clusters. An immediate
problem is how to determine the “best” value for k. This is done either by guesswork, by
application requirements, or by trying running the clustering algorithm several times with
different values for k, and then selecting one of the solutions based on a suitable
evaluation criterion." [31].

4.2.2 Hierarchical methods

The hierarchical clustering can be agglomerative or divisive. The agglomerative type
starts with m single tone clusters and at each step two of the clusters are joined until all n
data objects are in one cluster. The divisive type is the opposite of the agglomerative
type so it starts with one cluster containing all n data objects and at each step cne of the
clusters is split into two clusters until each data object is in a single cluster. The divisive
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and the agglomerative types can be seen as top-down and bottom-up methodologies in

building the hieratical tree respectively.

4.3 Qur system clustering algorithm

As it has been mentioned previously, our system works in unsupervised fashion which
needs to label unlabeled data before it can generate the knowledge in the form of
decision tree. To label unlabeled data, our system uses a program called FuzME which
based on the clustering algorithm called fuzzy k-means algorithm.

4.3.1 K-means algorithm
The k-means algorithm is a partitioning algorithm where the k is being the number of
clusters. The algorithm starts by choosing & data objects to be used as centroids of the k
clusters. Then each of the other data objects is assigned to the nearest cluster. "In
general, the k-means method will produce exactly k different clusters of greatest
possible distinction. K-means clustering algorithm uses an interchange (or switching)
method to partition a data set into clusters. An initial partition is given, and new partitions
are obtained by switching an object from one cluster to another. MacQueen's (1967)
method randomly picks K points initially, where each point stands for a cluster to be
made. A set of points is taken from the data set, and each point is added to the closest
cluster. The 'closeness' to the cluster is determined by calculating the distance between
a point and the centroid of a clusterthe mean distance of points that belong to that
cluster. Then each point is visited to recalculate the distance to the updated clusters. If
the closest cluster of the point is not the one it currently belongs, the point will switch to
the new cluster. When switching occurs, centroids of both modified clusters have to be
recalculated. This procedure is repeated until no more switching takes place. Although
the initial points may not generate an optimal selution, Mac Queen's method converge
the sum of squared distances (population variance) within the clusters to local optima.”
[32]. The over all algorithm is governed by the following steps:

* Choose the number of clusters, K.

* Randomly generate K clusters and determine the cluster centers, or directly

generate K random points as cluster centers.
* Assign each point to the nearest cluster center.
* Recompute the new cluster centers.



* Repeat the two previous steps until some convergence criterion is met (usually

that the assignment hasn't changed).

4.3.2 Fuzzy k-means algorithm

In fuzzy clustering, each data object has a degree of belonging in each cluster. So each
data opject belongs to all clusters with varying degree of membership. Thus, data
objects on the edge of a cluster belong to the cluster with lesser degree than data
objects that are in the center of the cluster.

In fuzzy K-means clustering, the centroid of a cluster is the average weight of the degree
of belonging to the cluster. "Fuzzy-k-means clustering is an extension of the normal,
crisp-k-means clustering method to account for uncertainties associated with class
boundanes and class membership. As in k-means clustering, the iterative procedure
minimizes the withinclass sum of squares, but each object {or cell on a map) is
assigned a continuous class membership value ranging from 0 to 1 in all classes, rather
than a single class membership value of 0 or 1 used in the normal k-means clustering
method (DeGruijter and McBratney, 1988). Fuzzy-k-means clustering was conducted
using the FuzME proegram (Minasny and McBratney, 2002) with Mahalancbis distance
and a fuzzy exponent of 1.2. Each cell was assigned to a single yield category based on
the highest fuzzy membership value at this particular location "[33].

4.4 FuzME program

In our system NIU-ID3I uses FuzME program (based on Fuzzy k-means algorithm) as
front-end module to label unlabeled data objects. FuzME program, main widow is
depicted in figure-4.1, was published and presented by Minasny B. and McBratney A. in
the year of 2002 from the Australian Centre for Precision Agriculture (ACPA) at the
University of Sydnaey, Australia, [24).

20



e .FLI:ZIy' kK-Meang with l—uirﬂgtadc;
Verslon 3.5b

'FuzME in g pl:bicnrlur! of the Araztraian Certre For Pracizion sogneudlone SEFS ],
It it iz Larmd for TRsaarch o commecially ﬁlam cite fhm ralnwrng ralerenoo;

Miristrny, B.. MoBiatnag, 4B 2002, FueME version 3. Sostrafan Centre
P Piecinon Agnocultura, Thie Liniwersity of _E_l,rd.rﬁgy, RIS 2005

- - B Wt P v ST P - oD

: Thm pragmm = ruFlp-‘na-:I ay 9" and o warrarky is pmwdad o |rr¢.ﬂ|e:d The

AC-F'A axsunvee o Babitly for darmages, direcl or conesgrential that mmay
= rusul frum the uza of thl.\. Pogrann L

Figure-4.1: Main window of FuzME Program.
Sub section 4.6 of this chapter, we will give more details on the FuzME program and its

interfaces. According to [34], FuzME is a PC Windows program for calculation of Fuzzy
k-means with/without extragrades. It is written in FORTRAN and compiled using
Compaq Visual FORTRAN 8.6 under PC Windows's environment. The program needs a
“control file" which details with the parameters for the fuzzy k-means algorithm and a
data file that contains the data. The program works only under MS-windows
environment. FuzME interface is implemented in Visual Basic to create the "contral file"

and execute the program.

4.5 Data files in FuzME program

4.5.1 The input data file format

According to [34], the data file that ¢an be accepted as input to FuzME program must be
in text format, where the first row must be start with the word "id” followed by attributes
names. The second and consecutive rows start with the id as a number for each data
object followed by the values of the attributes separated by a single space. As an
example, figure-4.2 depicts an input to the FuzME program. The data file consists of 14

instances, each of which consists of four attributes.

[d OQutlook Temperature Humidity Wind
1 Sunny Hot High Weak

2 Sunny Hot High Strong

3 Overcast Hot High Weak

4 Rain Mild High Weak

5 Rain Cool Normal Weak

& Rain Cool Normal Strong

7 Overcast Cool Normal Strong

8 Sunny Mild High Weak
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9 Sunny cool Normal Weak
10 Rain Mild Normal Weak

11 Sunny Mild Mormal Strong
12 Overcast Mild High Strong
13 Ovarcast Hot Normal Weak
14 Rain Mild High Strong

Figura4.2: Text file format present to FuzME program,

4.5.2 The output files format

The execution of the FuzME program will generate in many text files as a result {output}.
The produced text files are: number of files each of them is named as n_cfass, where n
is the number of produced {i.e. 2_class.txt, 3_class.txt, 4 class.txt, 5_class.ixt, etc ...},
number of files each of them is named as n_dscr that contains description of the
proeduced clustering files {i.e. 2_dscrixt, 3_dscrixt, 4 _dscrixt, 5 dscrixt, etc . ),
Control, FuzMeout, pca, and summary. Our system needs only to use only one n_class
depending on the number of classes the number of cluster that the user had specified.
The output file of the FuzME program is a text file that consists of each object and which
cluster that the data object falls in. For example the output text file depicted in figure-4.3
is the result from executing the FuzME program on the data of figure-4.2 and the desired
number of cluster is 2, which are coded as 2a and 2h respectively. So the output file
name is 2_class.txt.

id MaxCls ClI 2a 2b

1 2a 0.09306 0.95347 0.04653
22a0.07672 0.96164 0.03836
3 2b 0.38569 0.19285 0.80715
4 2a 0.00251 0.99875 0.00125
5 2b 0.00072 0.00036 0.99964
6 2b 0.00461 0.00230 0.99770
7 2b 0.00597 0.00299 0.99701
8 2a 0.00298 0.99851 0.00149
g 2b 0.15798 0.07899 0.92101
10 2a 0.04728 0.97636 0.02364
11 22 0.02214 0.98893 0.01107
12 2a 0.20284 0.89858 0.10142
13 2b 0.04896 0.02448 0.97552
14 2a 0.00245 0,99878 0.00122

Figure-4.3; The output of FurME program.
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S0, our system needs only to use the second (class) and add it to the original data text

file as depicted in figure-4.4 to be used as input to the system.

MaxCls Outlook Temperature Humidity Wind
2a Sunny Hot High Weak

2a Sunny Hot High Strong

2b Overcast Hot High Weak

2a Rain Mild High Weak

2b Rain Cool Normal Weak

2b Rain Cool Normal Strong

2b Overcast Cool Normal Strong
2a Sunny Mild High Weak

2b Sunny cool Normal Weak

2a Rain Mild Normal Weak

2a Sunny Mild Normal Strong

2a Overcast Mild High Strong

2b Overcast Hot Normal Weak
2a Rain Mild High Strong

Figure-4.4: Merging of the class attribute with original data.

4.6 Front-End module Implementation
In our system, we link the FuzME program with the implementation of the 1D3 algorithm
by a shell function, which is considered as a technigue of vb.net 2005 used to access to
link external objects. "A Shell link is a data object that contains information used to
access another object in the Shell's namespace that is, any object visible through
Microsoft Windows Explorer. The types of objects that can be accessed through Shell
links include files, folders, disk drives, and printers. A Shell link allows a user or an
application to access an object from anywhere in the namespace."[35).

The external cbject that can be accessed or linked to must reside on the current
computer disk drives.

After loading the data file, our system will inquire from the user if the loaded data is
labeled or not as depicted in figure-4.5.

Data labeling module

Is the selected data labeded?
[—l""ﬁ—] |“N’D_] [-Eﬂd.]

Figure-4.5: Data labeling dialog box.
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In the case of unlabeled data, our system will continue with the execution of the FuzME
program in order to label the data. The user must specify the new text file name to be
used by FuzME program as input data file with special format, the saving path of new
text file, and the locatiens of the FuzME program as depicted in figure-4.6. The default
location of the FuzME program is "C:\Pragram Files\FuzMEWFuzME3.5¢ GUl exe” which
is determined by the installation of the FuzME program.

[ Lacatmng of files i

- = b

[ Text File Name | |

[ Text File Path J[chboamerss snd senarvatopedcoome) | arowse |

I FUIME F'a’l‘h -iz:'l.l‘rwm Fm'nhxmm:r-is.scm:.ue_ih -[- .E-me ]

T —] )
oL Eack MOME _J Cancel

e L

Figure-4.6: Locations of files.

The next step in our system execution is calling the FuzME program and specifying the
needed files locations, the clustering characteristics as well as where to place the results
from the program as depicted in figures-4.7(a) and (b).

- _ Tr—y e -
I ruzvE fopdt Interface & MM AL, o b RN
i FratE | |; T Gave I 1 Pt Disorim I “ Fxil |
T T Files i | Fuzry Clustenng T Bootsiaadlach ke "
Analyss Tila
lfﬂ:‘y b rary aealyre ]
oy vrg: rD ot
[ B =] [ata File
= - [CADocrmants and Selincrtamc\DashophDB1_Fiat _— |
: [
Outpast Divectary Mo of et slibutes [ 4 i Boovrse dols |
. ] T
Qutput Dascion
|CAD ool s SetraeoptcD esklon' Hew Foke I":I
Outimi Fierams o WHE reaparsa
. e o mach
| Frahd wona 1 . 1 il
| _FutME.' ot fFuzMe bz |
i " :
Canitrol Fin [Corui te i

Figure-4.7(a): The locations of files to FuzME program.
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Figure-4.7(b): The input characteristics of the clustering to FuzME program.

After the FuzME program had finished its task in labeling the data, then the labels of the
data objects are merged with original data to be as input to the classification module (D3
algorithm implementation) as depicted in figure-4.8.

[f-rh-ihnuqtentﬁe - }

Fm‘helud‘.l’l: _Inmﬂutwmlmu_uu-mll Birtreem I

Figure-4.8: Merging of the original data with class labels,
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Chapter §
System testing and results

5.1 Introduction

Maodel testing gives an estimate of any system’s accuracy. Model testing computes the
accuracy of the model when applied to a data set. This process is mainly concern with
application of the system with the intent to find error and pitfalls. Testing software can
never completely guaranty the correctness of the software and s¢ testing can provide a
criticism or comparison of the state of the software to some given specifications. The
purpose of this study is to produce different forms of knowledge and to implement the
ID3 algorithm in supervised and unsupservised fashion using Visual Basic.net 2005. In
this chapter, we demonstrate the obtained results of applying our system to different
types and sizes of data from a variety of domains, To test the effectiveness of our
system, we have conducted some experiments using many real data sets {databases).
We used real data in the experiments that available on public domain (the Internat). All
of our experiments are perfomed on a PC with Microsoft Windows XP professional
operating system (service pack 2) with a processor speed of 2.7 GHz, RAM size of
212MB and hard disk of size 80 GB. The PC computer is alsc equipped with Microsoft®
Universal Data Access Component 2.5 or 2.6 {(MDAC 2.5 or MDAC 2 .8) also a reference
to Microsoft® Service Component OLEDB Service Component 1.0 stored as:
“CAProgram Files\Common Files\Systerm\CLE DBvoledb32.dIl

5.2 Database format and files type that can be loaded to our systam
Our system is works with Access database and it can also with text files after some
preprocessing in converting the text files into Access database files. Then the actual

loading of the data to the system can take place.

9.2.1 Access database file specifications

The Access database file name can be numerical or symbolic, and it must be consists of
at least one relational table and the name of the relational table can be numerical or
symbolic. The relational table, as depicted in figure-5.1, consists of number of tuples,
each of which has number of atiributes. The type of attributes can be numeric or
symbolic discrete or continuous. Numerical attribute values can be real or integer. Each

attribute must have a value, s0 no missing values are allowed. A symbolic attribute value
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can be symbols, numbers or both of them. Each tuple corresponds to one instance

(example).
1 3:Table - 1
Dutlook | Termparatura | Hurmudib y [ wind | FlayB&l ]
| | Sunny I 1ot High Wﬂik_'_“__ —_—Me .
1 Sunny kot High Steong (M _ _
| [ Crercuse Hot High wVi'aak TR
| . | Fam hetalcd High Wil b Y um
| | Rain Cool Marmal | Wea b Yeas= _—
l_ [Ramn Lnol Mlorrtal Etronyg Mo
|| Owvercast Cuol Mormasl __|strong Yas
| | Sunny Twhiid High __ | Wk Mo
| 1 Zunny Cool Mormal | Wik Yes
| JFranm Hetild rorrmal |¥veaak ey .
L |Sunny_ hetild Mormal _|Strang o i¥em _
L | Qvarca et kAild High 1 Strong Yog
.| Owvercast Huaot Mormal | W ke ¥eg .
E___|Pain kil High Strong Mo _
™y

Figure-5.1;: Database format.

5.2.2 Text file specifications

The text fi'e name accepted by our system can be numerical or symbolic, and it can
consist of any type of data (numerical or symbolic). Each text file consists of number of
rows or lines as depicted in figure-5.2. The first line consists of the attribute names. The
second line and subsequent ones consist of the data. The data values can be of any
type {i.e. numerical or symbolic). A numerical attribute values can be real or integer. A
symbolic atiribute value can be symbols, numbers or both. The values in each row must
be separated by one space. Each row corresponds to one example or instance and it

consists of the values of the attributes. Alsa, here no missing values are allowed.

PlayBall Outlook Temperature Humidlty Wind
Mo Sunny Hot High wWeak

Mo Sunny Hot High Strong

Yeos Overcast Hot High Weak

Yeaux Rairmn Mild High Waak

Yes Raln Cool Normal Weaak

MNo Rain Cool Normal Strang

Yes: Overcast Cool Narmal Strong I
Ma Sunny Mild High Weak

Yes Sunny Cool Normal Weak

Ive= Rain Mild Normal Weak
Yeu Sunmy Mild Normal Strong
Yeasx Ovarcast Mild High Strong
Yes Overcast Hot Normal Weak
MNo Rairn Mild Hig_h Strong

Figure-5.2: Text file format.
5.3 Labeled data experiments

Here, we have conducted number of experiments with data sets varying in size and

number of attributes.



5.3.1 Play tennis data set experiment

This data set is used and tested by many researchers in many papers and researches.
The aim of the task here is to learn if the weather conditions are suitable for playing
tennis or not. The description of this data set is depicted in table-5.1.

I Fila name is Flay tennis.txt or F’Ia_a__.x tennis.mdb ]
rNumber of instance (examples)is 14 records or instances |
INumber of attributes is 5 {including ¢lass attribute) |
rAttr_I_but_e's name il__Attrlbutn‘g__values _
{Outrook || Sunny, Overcast, Rain |
{ Temperature “JI Hot. mild. Cool |
[(HGmidity 1 High. Normal i
[ Wind J[Weak, Strong 1
|

[PayBail (Class) [ ¥es, No
Table-5.1: Description of tha play tennis data set.

Testing our system with above data set has produced the decision tree that is depicted
in figure-5.3(a) a redraw of it is depicted in figure-5.3(b}. The results we obtained (alt
rules and simpiified rutes as depicted in figure-5.4 and figure-5.5) are exactly the same
ones reported in {B, 15, 19, 21; 22, 23, 24 and 25].

L e WR 7Y o Y
TR s emiteEm s
{ ' Ty .
. RRLw A

i LTI W TN |

lam

. R B e R
] i | M 2
- o = = B
' T ==
Ll TR AT EE e
ey B=lua pr oy ] Py
‘=i =iy i
: ’ Ll K —)
L] | gt LN o N |
L v, )
Figure-5.3(a): Dacision tres produced of play tennis data set,

For the sake of clanty, we have redrawn the tree of figure-5.3(a) as following:

Mo W M aw

Figure-5.3(b): Redraw of produced play tennis decision tree.
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If OutLook = Overcast Then PlayBall = Yas

IF OutLook, = Rain And Wind = Strong Then PlayBsll = Mo

IF QutLook = Rain And Wind = Weak Then PlayBall = Yes

If QutLook = Sunmy And Humidity = High Then PlaySall = Ne

|5 IF Cutlook = Sunny And Humidity = Mormal Then PlayBall = ves
Figure-5.4: All rules extracted from play tennis decision tree.

W] =

b | IF Oulock =Rain Avd'Wind = Rrong OR Outl ook = Sunny Arid Humidky = High Then PlzyBal = Mo
P |1 Oukook = Overcast OF Cutlock = Ran And Wind =Weak OF QuiLook =Sy iod Humity = Normal Then Playfid = tes
Figure-5.5: Simplified rules extracted from all rules of play tennis.

$.3.2 Club membership data set experiment
This data set is concemned with 12 University students together with the 'class' to which

each belongs - in this case whether each is a member of the University's Rugby club or
its Netball club [18]. The data description is depicted in table-5.2.

ll File name is Club membership txt or Club membership,mdb |
| Mumber of instance {examples) is 12 records or instances f
| Number of atiributes is 5 {including class attribute) 1
| Attribute’s name [ Attribute’s values . o
IEQecolour j[Brown. Blue il
r| Married il ves. o i
Sex ]I Male, Female ]
§ Hairlength Long, Short
[l Class __J1 Rugby. Netball fl

Tabile-5.2: Description of club membership data set.
We have tried this data in our system and we obtained the results as depicted in figures-
5.6(a), 5.6(b) and 5.7. All the obtained results are the same results that had been
published in [18B].

(v Sedx
& Fema lex
L Netbail
(l'_. Male
w FRu g_l.:’_y
Figure-5.6{a}: Decision tree produced of club membarship data set.
For the sake of clarity, we have redrawn the tree of figure-5.6(a) as following:
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Femalo

HNethall

Sox

Rugby

Figure-5.6{b}: Redraw of produced club membership declsion tres.

1 If Sz = Famals Then Class = MNetbhall

2 |If Sex = Male Then Class = Rugby

Figure-5.7: All rules and simplified rules extracted from club membershlp decision tree.

5.3.3 Stock market data set experiment

This data set aims to predict the increase or decrease a company profits given its profile.
This data set had been studied in [36 and 37] and the description of the data set is

depicted in table-5.3,

rEiIe nams IS Stock market Axi or Stock market.mdb i

' MNumber of instance (examples) is 10 records ar instances |

{ Number of attributes is 4 (including class attribute} i

I Attribute’s name

l_AttrIbute's values

| Age

j[[Cid_Nidite New

{ Competition

II Yes, No

l Type - |I Software Ju—lardware

I—P-rc-fit (Class)

II_U_Q, Down

Table-5.3: Description of the stock market data set.

We have tried this data in our system and we obtained the results as depicted in figures-
5.8{(a}, 5.8(b), 5.9 and 5.10. All the obtained results are the same results that had been

published in [38 and 37].

LRI o NP

PR RTw B RS o)

I - Corrmipaombiticom
ETI  P
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el oY

v 12w m

";1 o v e
I ’ L
T Y I
M i Y= PN

Figure-5.8{a): Decision tree produced of stock market data set.
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For the sake of clarity, we have redraw the tree of figure-5.8{(a) as following:

MidlifTe

Do 1Y

up Doy
Figure-5.8{t): Redraw of produced atock market decision tree.

IF Age = ridlife And Compatitlon = kMo Then Profit = Up
If Age = Midlife And Competition = Yas Then Profit == Down
If Age = New Then Profit == Lip
IF Age = Old Then Frafit == Cown
Figure-5.9: All rules extracted from stock market decision tree.

AlWN]=-

1 |If Age = Midlife And Competition = Yes OR Age = Old Then Profit = Down
2 |If Age = Midife and Competition = No OR Age = New Then Profit = Up

Figure-5.10: Simplifled rules extracted from all rules of stock market.

5.3.4 London stock market cata set experiment )

This data set is about the stock market of London that has been studied in [25}. The aim
of this data set is to predict the fall or increase of the London stock market price. The
description of the data set is depicted in table-5.4.

{ File name is London stock markel txt of London stack market.mdb |Ii
i MNumber of instance _{examplesj is & racards or ins{ancas [
§ Number of attributes is 6 {including ¢iass attrbute) |
[ AttribGte’s name | Attribute's values .
I It_rose_yssterday } ves. No ]
I.New_York_rises_today §[ Yes, No if
 Bank_rate_man if ves, No i
[_Unemployment_high__ || ¥es. No |
| Englend_is_losing ] Yes, Mo }
It_rises_roday I Yes(The London market will rise today).
{Class) Mo{The London markel will not nse today)

Table-5.4: Description of the London stock market data set.

We have tried this data in our system and we abtained the resulis as depicted in figures-
5.11(a), 5.11(b), 5.12 and 5.13. All the obtained results are the same results that had
been published in [25].
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o Unamploymentihiloh
ET Y TY
» PMewvw Yoark_rises_today
ER o -
! ‘Mol The Londorny ivacrkeat will nok rises toaiay )
= e
! Yes{The London morket wiill Fese todoay 3
e
Tes{The London rmacvkat sall rise todasy)

Figure-5.11{a): Decision tree produced of London stock market data set.

For the sake of clarity, we have redraw the tree of figure-5.11(a) as following:

Linemplayment_high

Ma Yes5

INW_TDTLM__M“] Yes(The London market will rise koday}

VNG
Mo{Tha London markel will nat rise today)  Yes{The London markel will rise today)
Figure-5.11{h); Redraw of produced London stock market decision tres.

I [t Unemployment_high =Ho And New_York_rises_today = No Then It_rises_today = No{The London market wil not rise today)
2 [If Unemployment_high =No And hew _York rises today = Yes Then 3t rises_today = Yes{The London market wil rise today)
3 [if Unemployment_high = Yes Then Bt rises_today = Yes{The London market wil rise today)

Figure.5.12: All rules extracted from London stock market decision tree.

b |FUnencloyment hoh =No Andhes Yok fises tay = o Then _es today = Nl oe Londun ket il o e by}
[T trenploymesk B =bo And bew_York rises tday = Tes OR Unesgloyrent hgh =Yes Then R rises todey = Yes{ie London market wl s tody)

Figure-5.13: Simplified rules extracted from atl rules of London stock market,

5.3.5 Titanic passenyer data set experiment
This data set is about the people who survived the Titanic crash [38] and their location
on the ship during the capsized. The description of the data set is depicted in table-5.4.

I File nams is Titanic passsngor ixt or Titanic passenger.mdb |
I Mumber ot instance (examples) is 2201 records or instancas |
[_Number of attributes is 4 {including class atinbute) i
| Attribute’s name | Attribute’s values L
| Caninet }] Crew, First, Second, Third |
[_Age §[ Acuit, Chila |
| Sex f] Male, Femala }
| Survivad (Class) I Yes. No [

Table-5.5: Description of titanic passenger data set.
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We have run our system with this data set and we obtained the results as depicted in
figures-5.14(a), 5.14(b), 5.15 and 5.16.
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L= "C:.'-._"lliullut
] Lo R
! TFT e WS
'il F& g o
Il ! e gl
I e LT PR o |
J ' i b
! DET I I R TP
i ! L 1
(=1 e Lo
i rd =

Flgure-5.14{a): Decision tree produced of titanlc passenger data set.

For the sake of clarity, we have redraw the tree of figure-5.14(a) as following:

Crew

h g

MNOo

Yeas Yag

Figure-5.14(b): Redraw of produced titanic passengar decision tres.

IF Sex = Femal=s ond Cabinst s Crewy Then Survivend == Yes

IF S wm Femals And Cabinet = Firsk Then Survived = ves

If Smx = Female And Cabinet = Sachod Then Survived == Yes
If Sex = Female And Cabinet = Third Ther Survived = Mo
IF Sex = Male Then Survived == Mo

Al L W] wf=

Figure-5.15: All rules extracted from titanic passanger decision tree.

b | Sex =Femak And Cabinet =Thed OR Sex =Mak Then Sunvived = Mo
¢ If Sex = Femae And Cabiet = Crew OR Sex =Fendde Ao Cainet = First OR Sex =Fendle Bad Cabnet = Semod Then Survived = Yas

Figure-5.16: Simplified rules extracted from all rules of titanic passenger.

5.3.6 Iris data set experiment

This is a very well known and studied data set [38, 39, 40 and 41]. The data set is about
the characteristic of the Iris plant and their diseases. The description of this data set is
depicted in table-5.6.
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| File name 1s Ins.bxt or Ins.mdb 1
l Mumber of instance (examples) is 150 records or instances |
I Mumber of attributes is 5 (including class attribute) |
I_Attrlbuta s name l__Attribute s values o
I Sepal_length il 43,44,45,;. 79 "
[ Sepal_widin jl20.21.22 .~ aa 1
IT:“etal “longth i[50.11.12....69 ]
l Petal_ width f{o1.02.03.... 75 1
l CLASS l ing-setosa, Iris-varsicolor, Ins-virginica |

Table.5.6: Description of iris data set.
We have run our system with this data set and we obtained the results as depicted in

figures-5.17(a}, 5.17(b), 5.18 and 5.19.

aT Patal “width

fap4q1
L. Ire-setosa
fa) a3

(%) Petal_length
rs) 3| .
b Irig-wersicolor
fay 32
I
fa} 33
J Iris-versicolor

(o}
I

lris-wversicolor

Iris—virgrica
o) 43
ra) Sepal_widd

(4 21

- 22
t

A 23
L Irs~versieokor
Ar4q

Iris—wvrgirica

[r=-vrgireca

ey — —

- [ns-vrogriea
Figure-5.17(a}: Decislon tree produced of iris data set.

For the sake of clarity, we have redraw the tree of figure-5.17(a) as following:
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Fetal_width

41 a4
_ 42 N
iris-sotosa Idn-virginica
| Petal_iength | Sepal widtn

21 5

. 22
its-vlrginica Irns-vearsicolor
iris-virginica

iris-vargicolor ifa-virginica

iris-versicalor Iris-vorsicolor
Figure-5.17{h); Redraw of produced iris decision trea.

If Petal_width = 41 Then CLASS = Iris-setosa

If Petal_width =42 And Petal_length = 31 Then CLASS = Iris-versicolor

If Petal_width = 42 &nd Petal_length = 33 Then CLASS = Iris-versicolor

1
2
3 [if Petal_width =42 And Petal_length = 32 Then CLASS = Iris-versicolor
4
S

If Petal_width = 42 And Petal_length = 34 Then CLASS = Iris-virginica

[6 |If Petal_width =43 And Sepal_width = 21 Then CLASS = Iris-virginica

7 |If Petal_width = 43 And Sepal_width = 22 Then CLASS = Iris-virginica

E If Petal_width = 43 And Sepal_width = 23 Then CLASS = Iris-versicolor

E if Petal_width = 44 Then CLASS = Iris-virginica

Figure-5.18: All rules extracted from iris decision tree.

1- 1f petal_width = 41 Then CLASS = Iris-setoss
2- If Peral_width = 42 4nd Petal_'len$h = 31 OR Petal_width = 42

And Peta)_lenqth = 32 0k Petal_width = 42 And Petal_length = 33

03 Petal_width = 43 And Sepa)_width = 23 Then CLASS = Iris-versicolar
3- If Petal_width = 42 and Petal_length = 34 oR Petal_width = &3

And Sepal_width = 21 OR Petal_width = 43 and Sepal_width = 22

OR Petal_width = 44 Then CLASS = Iris-virginica

Figure-5.19: Simplified rules extracted from all rules of jris.
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Figure-5.20¢: Replacement values of iris data set.

All the obtained results were not the same as the ones in [38, 40 and 41). Our comments
about the differences in the results will be explained in the next chapter.

5.4 Unlabeled data axperiments
In the previous subsection, we had used sets of data that are labeled. Here we will use
unlabeled data sets in order to examine our system more fully.

9.4.1 Play tennis data set experiment

Actually, this data set is labeled but we have removed the class attribute, so the data for
this experiment became unfabeled. The description of the data set is depicted in table-
2.7.

| Fiie name 1s Unlabeled_Play tenris.bxt or Unlabeled_Play tennis.mdb |

I MNumber af instance {examples} is 14 records or instances 1
|_Number of aiributes is 4 J
| Attribute's name [ Attribute’s values " T

| Outiook §] Sunny, Overcast. Rain [
| Temperalurs $] Hot, Mild, Cool i
| Humidity |} High. Normal {
| wind |{ Wealk, Srong ]

Table-5.7: Description of the unlabeled play tennis data set.
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We have run our system with this data set and we obtained the results as depicted in
figures-5.21(a), 5.21{b), 5.22 and 5.23. All the obtained results were not the same as the
ones in subsection {5.3.1). Our comments about the differences in the resuits will be

explained in the next chapter.

FTE!"I"\I:‘#EI'B":I.JI'!&
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| 1%: ey e 2 5
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Figure-5.21(a); Decision tree produced of unlabeled play tennis data set.

For the sake of clarity, we have redraw the tree of figure-5.21({a) as following:

I Tamporatura |

Miid Lol
Het
2m | Crutlook | =
= W L] ot
Tm 2

Figure-5.21{h); Redraw of produced unfabeled play tennis decision tres.

If Temperature = Cool Then MaxCls = 2b

If Temperatyre = Hot and OutLoock = Overcast Then MaxCls = 25
If Temperaturs = Hot And OutLook = Suriny Then MaxCls = 25

If Tempearature = Mild Then MaxCls = 2a

Figure-5.22: All nules extracted from unlabeted play tennis decision tree.

W[N]~

1 |IF Temperature =Hot And Outlook =Sunny OR Temperature = Mid Then MaxCs = 2a
2 {1f Temperature = Cool OR Temperature = Hot And Owtlook = Overcast Then MaxCls = 2b

Figure-5.23: Simplified rules extracted from all rules of unlabaled piay tonnis.

2.4.2 Titanic passenger data set experimant

For this data set “the Titanic data set”, we have remcved the class attribute so it would
be unlabeled. The descripticn of the data set is depicted in table-5.8.
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l Number of instance (examples) is 2201 records or instancas

l File name is Unlabeled_Titanic.txt or Unlabeled_Titanic. mdb |
I
I

[ Number of attributes is 3
| Attribute’s name || Attribute's values

§ Cabinet j1_Crew, First, Second, Third |
{ Age i Aduk_ Child
[ Sex [ Maie_Female

Table-5.8: Description of unlabeled titanlc passsnger data set.
We have run our system with this data set and we gbtained the results as depicted in

figures-5.24(a), 5.24(b), 5.25 and 5.28. All the obtained results were not the same as the
cnes in subsection (5.3.5). Cur comments about the differences in the results will be
explained in the next chapter.
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Figure-5.24(a}: Decision tree produced of unlabaled titanic passenger data aet.

For the sake of clarity, we have redraw the tree of figure-5.24{a) as following:

Cabinet

Crew hird
Figt
2a nd 2b
2a 2b
Figure-5.24{b): Redraw of produced unfabeled titanic passenger decision tree.

1 m— remey Ther MaxCls = 2

= IF Cabinet == Firsk Ther Max<Cls = 2

= IF Cabinal = Secrnod Thern Maxcls = 2h

] IF Cabinekt == Third Thearn Ma=x=Cls = 2k

Flgure-5.25: All rules extracted from unlabeled titanic pagsenger decislon tree.

IIF —mbire=t

1 IF Cabinet = Creww OR Cablret = Flrsk Theamn MaxCls e 2a
2 IF Cabinet = Secnod OR Cabinet = Third Then MaxClc = 25
Figure-5.26; Simplified rules axtracted from all rutes of unlabeled titanlc passanger,
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Chapter 6
Discussion, conclusion and futiure work

The objectives of this study are to implement the ID3 algorithm so that it works in

unsupervised fashion by the addition of a front-end module to it. The implementation

was carried out in Visual Basic.net programming language. In this chapter we will

summarize the results of the experiments that were carried out on the implemented

systern and review the system advantage. At the end of the chapter the discussion and

conclusion of this study will be given as well as future research work,

6.1 System advantages

From the short experience with the implemented system {NiU-ID3) and the experiments

that were carried out, the author would like to point out the f:::llowing advantages of the

system:

1.

L

The NIU-ID3 system deals with two types of data files; text data files as well as
Access database files.

The NIU-ID3 system converts the text data file into Access database file very easily.
The NIU-ID3 system accepts labeled and unlabeled data.

The NIU-1D3 systermn deals with continuous as well as discrete valued attributes.

The NIU-ID3 system discavers missing values in the loaded data and alerts the user
to that.

The NIU-ID3 system can deal with any number of attributes in the database ({data
set).

. The NIU-D3 systerm can deal with any number of atiribute values in the database

{data set).

The NIU-ID3 system can deat with any types of attribute values in the database (data
set).

The NIU-ID3 system displays the end result in several forms {i.e. decision tree,

decision rules or general simplified rules).

10. The NIU-ID3 system enables the user to print the decision tree.

11. The NIU-ID3 system enables the user to zoom in and zoom out of the decision tree.

12. The NIU-ID3 system enables the user to save the results of rules in text files.
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13.The NIU-ID3 system can be used and usefui in several fields of our life, such as:

medicines, banks, markets, companies, etc ...

6.2 Discussion

As it has been mentioned in chapter 5, we have canducted a total of 8 experiments with
different data sets. The differences in the data sets are in data types and sizes. The
results of these experiments are surmmarized in table-8.1.

o\ Datasefname || Datatype || Data [ NG of 5] No of || No ]| No of | Mo of I
= labeled | tuplEBI attributas of detision || simplfied
g or 1 including || tree rles  f{  rules
e unlabeled class levels i
5o | attribute i
W= _ i
T4 |[ Piay fennis [ Symbolic/ || Labeled || 14 | & 3 5 ¥
. discrete .
{2 [[Club [ Symbelic/ j| Labeled || 12 5 2 2 T2
. discrete
memberchip
(3 |[ STock market Symbolics || Labeled  1{10 j 4 3 1 3
. discrete .’ |
ir4 London stock || Symbolic/ || Labeled ([ & B 3 3 2
' discrete | ;
market |
e M e e B PP PRp g | PR | D b . s i ,
5 Titanic Symbaolic/ Labeled 2 4 3 & 2
A e ] L o
(6 |[Ins "Symhbalic/ i] Labeled || 150 || 5 3 E 3 J
continuous/ ‘ !
A || numetrical LI || o j
7 Unlabeled_play || Symbolic/ " |[ Unlabsled 14 {4 3 4 Tz
. dizcrete ’ i
fennis .
I-EJ__ Unlabelzd_titanic || Symbolic/ || Uniabeled i[2201 ;FEI 2 4 M2 ’
: discrate | I 1

Table-6.1: Summary of the experiments results.

Depending on the obtained results from our system, the author would like to make the

following remarks:

1. The results obtained from all experiments giving us decision trees with three levels,
because we used discretization techniques to reduce the number of values per
attribute to 4.

2. The results obtained from experiments no. 1, 2, 3 and 4 are the same results as in (8.
15,18, 18, 21, 22, 23, 24, 25, 36 and 37).
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3.

We had no previous results for experiment no. 5, so we could not compare it with

previous ones and we think that this result is satisfactory depending on the accurate

results that we have obtained in experiments 1 to 4.

For experiment no. 6, there were some differences between our results and the

results published in [39, 40 and 41]. The differences in results could be due to:

» The discretization (normalization) technique used in [39].

= C4.5 (classification) algorithm and the discretization (normalization) technigue
used in [40 and 41].

The results obtained from experiments no. 7 and 8 are different from the ones

published in experiments no. 1 and 5, this could be due to the labeling process via

the use of FuzMe Program.

6.3 Conclusion

In this research work, we have added a front-end to the 1D3 algorithm, so it works in

unsupervised mode. Generally, our system consisted of two parts: the first part is the

implementation of the D3 algorithm to be used in classifying labeled data sets; the

second part is used to label the unlabeled data sets using FuzMe Program. Our system,

NIU-ID3 has been tested with a number of different data sets {labeled, unlabeled and

different data types and sizes). We believe that our system will enable decision makers

such as; managers, analysts, engineers, physicians, etc. . to take the correct decisions.

From our system's results, we can conclude that:

1.

ook W

Our system has produced very accurate resulls such as the ones in experiments 1, 2,
3,and 4.

The decision trees produced by our system were very clear to visualize.

The rules preduced by our system were simple to understand and clear to visualize.
We think that the results we obtained for experiment no. 5 is satisfactory.

The differences in results of experiment 6, with the original results from [39, 40 and
41] could be due to the discretization techniques used and the difference in the
classification algorithm or the labeling process such as experiment 7 and 8.
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6.4 Future work
The authar would like to make a number of suggestions for future research work:

To test our system with more data in the form of experiments.

In incorporation of subsystem to deal with pruning technigues.

In incorporation of subsystem to deal with missing data values and noisy data.

In incorporation of subsystem to deal with the training data that may outlier
instances.

To develop our system to deal with types of database such as; Oracle database,
SQL Server database, etc...

The study of the possibility t¢ apply this system in Libya in difference fields such
as, medicines, banks, markets, companies, etc ...
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Appendix: {list of abbreviations used in the study)

C4.5 C4.5 is an extension of quinlan's earlier D3 algorithm
OFC Data Flow Diagram

D3 Iterative Dichtomizer 3rd

KNN K-Nearest Neighbors

NIL-ID3 New Implementation COf Unsupervised 1d3

NN Neural Networks

SLIQ Supervised Learning In Quest

SPRINT Scalable Parallelizable Induction Of Decision Trees
SQL Structured Query Language

VB.NET 2005 | Visua! Basic. Net 2005
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