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ABSTRACT

As the amounts of data stored in databases over the world has grown
almost exponentially the last years, the need for efficient methods to extrac
knowledge from these databases become more important. Data Mining,
also called Knowledge Discovery in Databases (KDD), is a sub field of
Machine Learning tries to respond to those needs. Data Mining is not just a
single method or a single technique but rather a spectrum of different
approaches which searches for patterns and relationships that are hidden

among the vast amounts of data.

In this thesis Artificial Neural Network (ANN)-Unsupervised
Kohonen was used to cluster (group) the database records. But before
doing the clustering, it is important to determine the initial number of
clusters and if possible the good initialization of the neural network
weights. The Genetic Algorithm (GA) will do this task. When the number
of cluster has been determined, the neural network using Winner-Take-All
learning rule then will be trained. After training, the network (recall mode)
was used to classify the database records. Statistical analysis was used to
determine the active attributes for each class. Some attributes in linguistic
terms can be expressed through using Fuzzy Logic (FL). Suitable rules that
describe classes then formed. The method has the ability to deal with any

databases of any domain. It works easily, and fast. The databases used are

from various domains: medicine, housing, and cars marketing. VB

programming language has been used to build DBRuleExtractor system on

P-1V computer.
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Chapter One Introduction

V.\ General Concepts

The digital revolution has made digitized information easy to capture
and fairly inexpensive to store. With the development of computer hardware
and software and the rapid computerization of business, huge amount of data
have been collected and stored in databases. The rate at which such data is
stored is growing at a phenomenal rate. As a result, traditional ad hoc
mixtures of statistical techniques and data management tools are no longer

adequate for analyzing this vast collection of data [V, ¢°].

Raw data is rarely of direct benefit. Its true value is predicated on the
ability to extract information useful for decision support or exploration, and
understanding the phenomenon governing the data source. In most domains,
data analysis was traditionally a manual process. One or more analysts would
become intimately familiar with the data and, with the help of statistical
techniques, provide summaries, and generate reports. In effect, the analyst
acted as a sophisticated query processor. However, such an approach rapidly
breaks down as the size of data grows and the number of dimensions
increases. Databases containing number of data in the order ' and
dimension in the order of )+" are becoming increasingly common [£°].
When the scale of data manipulation, exploration and inferencing goes
beyond human capacities, people look to computing technologies for

automating the process.

All these have prompted the need for intelligent data analysis

methodologies, which could discover useful knowledge from data.
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The term KDD refers to the overall process of knowledge discovery in
databases. Data mining is a particular step in this process, involving the
application of specific algorithms for extracting patterns (models) from data.
The additional steps in the KDD process, such as data preparation, data
selection, data cleaning, incorporation of appropriate prior knowledge, and
proper interpretation of the results of mining, ensures that useful knowledge

is derived from the data[Y ¢].

The subject of KDD has evolved, and continues to evolve, from the
intersection of research from such fields as databases, machine learning,
pattern recognition, statistics, artificial intelligence, reasoning with
uncertainties, knowledge acquisition for expert systems, data visualization,
machine discovery, and high-performance computing. KDD systems
incorporate theories, algorithms, and methods from all these fields. Many
successful applications have been reported from various sectors such as
marketing, finance, banking, manufacturing, and telecommunications.
Database theories and tools provide the necessary infrastructure to store,
access and manipulate data. Data warehousing, a recently popularized term,
refers to the current business trends in collecting and cleaning transactional

data and making them available for analysis and decision support [Y ¢].

Fields concerned with inferring models from data include statistical
pattern recognition, applied statistics, machine learning and neural
computing. A natural question that arises is: how is KDD different from
those fields? KDD focuses on the overall process of knowledge discovery
from large volumes of data, including the storage and accessing of such data,
scaling of algorithms to massive data sets, interpretation and visualization of
results, and the modeling and support of the overall human machine

interaction.
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Data mining is a form of knowledge discovery essential for solving
problems in a specific domain. Individual data sets may be gathered and
studied collectively for purposes other than those for which they were
originally created. New knowledge may be obtained in the process while
eliminating one of the largest costs, viz., data collection. Medical data, for
example, often exists in vast quantities in an unstructured format. The
application of data mining can facilitate systematic analysis in such cases.
Medical data, however, requires a large amount of preprocessing in order to
be useful. Here numeric and textual information may be interspersed,
different symbols can be used with the same meaning, redundancy often
exists in data, erroneous/misspelled medical terms are common, and the data
is frequently rather sparse. A robust preprocessing system is required in
order to extract any kind of knowledge from even medium-sized medical

data sets [£¢£,¢°].

Soft computing is a consortium of methodologies that works
synergistically and provides, in one form or another, flexible information
processing capability for handling real-life ambiguous situations. Its aim is to
exploit the tolerance for imprecision, uncertainty, approximate reasoning,
and partial truth in order to achieve tractability, robustness, and low-cost
solutions. The guiding principle is to devise methods of computation that
lead to an acceptable solution at low cost by seeking for an approximate

solution to an imprecisely/precisely formulated problem [Y?4].

Soft computing methodologies (involving fuzzy sets, neural networks
and genetic algorithms) are most widely applied in the data mining. Fuzzy
sets provide a natural framework for the process in dealing with uncertainty.
Neural networks are widely used for classification and rule generation.

Genetic algorithms are involved in various optimization and search processes.
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V.Y Literatures Survey

In Y43A, T. Nomura; and T. Miyoshi [£Y] proposed an automatic fuzzy
rule extraction method using the hybrid model of the FSOM and the GA with

numerical Chromosomes.

In Y444 K. McGarry, J. Tait, S. Wermter, and J. Macintyre,[Y¢] showed
that the weights and cluster centers could be directly interpreted as

antecedents in a symbolic IF.. THEN type rule.

In Y.+« P. Mitra and S. Mitra and K. Sankar Pal [Y?] described a way of
designing a hybrid decision support system in soft computing paradigm for

detecting the different stages of cervical cancer.

In Y.+, K. Sankar Pal, S. Mitra and P. Mitra,[¢¢] presented a
methodology that described for evolving Rough-Fuzzy Multi layer perceptron
with modular concept using a genetic algorithm to obtain a structured network

suitable for both classification and rule extraction.

In Y«+Y, Ken McGarry,[¥Y] presented the results of ranking and the
analysis of rules extracted from RBF neural networks using both objective and
subjective measures. The interestingness of a rule can be assessed by a data

driven approach

In Y.+£ J. Malone, K. McGarry, and C. Bowerman,[YY] demonstrated the
use of ANFIS to optimize expert’s opinions. The ANFIS model offers the
advantage of enabling use of initially approximate data in an effective manner
whilst, following training, allowing fuzzy rules to be extracted which

represent the optimized fuzzy membership functions.

In Y++2. J. Malone, K. McGarry, C. Bowerman and S. Wermter,[¥'] have

proposed a technique for the automatic extraction of rules from trained SOMs.
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\.¥ Thesis objectives

This thesis aims to suggest a new technique which can extract rules from
any database from any domain via soft computing methodologies, which
involve fuzzy sets, neural networks, genetic algorithms, and their
hybridizations. It strives to provide approximate solutions at low cost, thereby
speeding up the process. It never depends on the type of data in database or

the application domain.
V.£ Thesis layout

Thesis falls into four chapters; the other three chapters are organized as

follow:

Chapter two gives us brief information about KDD process and the
significant roles of each of the soft computing methodologies: fuzzy set,
neural network and genetic algorithm can be employed in data mining
process. It provides us with the existing method of hybridization between
these methodologies and the possible role of each one in the data mining
fields.

Chapter three (a practical chapter) shows how we can use soft
computing methodologies to build an easy model uses that data mining. It
explains the structure of the proposed method by making the hybridizing of

genetic-neural-fuzzy in high cooperative way.

Chapter four introduces case study of the proposed system in addition

to conclusion and future work.
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Y.} Knowledge Discovery in Database (KDD) & Data Mining

KDD refers to the overall process of turning low-level data into high-
level knowledge. An important step in the KDD process is data mining. Data
mining is an interdisciplinary field with a general goal of predicting outcomes
and uncovering relationships in data. It uses automated tools employing
sophisticated algorithms to discover hidden patterns, associations, anomalies
and/or structure from large amounts of data stored in data warehouses or
other information repositories. Data mining tasks can be descriptive, i.e.,
discovering interesting patterns describing the data, and predictive, i.e.,

predicting the behavior of the model based on available data [£A].

The process of knowledge extraction from databases combines methods
of statistical tools, machine learning and databases to find a mathematical
and/or logical description, which can be eventually complex, of patterns and

regularities in data [ £ +].

The knowledge extraction from a large amount of data should be seen
as an interactive and iterative process, and not as a system of automatic
analysis. In this way, we cannot simply expect an extraction of useful

knowledge by submitting a group of data to a “black box”.

The interactivity of the KDD process refers to the greater
understanding, on the part of the users of the process, of the application
domain. This understanding involves the selection of a representative data
subset, appropriate pattern classes and good approaches to evaluate the
knowledge. For a better understanding the functions of the users that use the
KDD process, users are divided into three classes: (a) Domain Expert, who
should possess a large understanding of the application domain; (b) Analyst,

who executes the KDD process and, therefore, he should have a lot of
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knowledge of the stages that compose this process and (c) Final User, who
does not need to have much knowledge of the domain. Frequently, the Final
User uses knowledge extracted from the KDD process to aid him in a

decision-making process [£A].

The success of the KDD process depends partly on the interaction
among users. It is not probable that the Analyst will find useful knowledge in
the data without the guarantee of the Expert as to what would be useful for a
specific domain. Besides, the interactivity of the process requires that the
Final User and the Expert have an effective participation in the choices and

decisions during the process [ £ +].

Knowledge discovery from data can be understood as a process that
contains, at least, the steps of application domain understanding, selection and
preprocessing of data, Data Mining, knowledge evaluation and consolidation

and use of the knowledge.

A representative outline containing all these steps is illustrated in
Figure (Y-)). The KDD process begins with the understanding of the
application domain, considering aspects such as the objectives of the
application and the data sources. Next, a representative sample (e.g. using
statistical techniques) is removed from database, preprocessed and submitted
to the methods and tools of the Data Mining stage with the objective of
finding patterns/models (knowledge) in the data. This knowledge is then
evaluated as to its quality and/or usefulness, so that it can be used to support a
decision-making process. It should be emphasized that, in spite of the
visualization tools being used mostly in the knowledge evaluation step, they
have great relevance in understanding and evaluating the results of each stage,
especially for the Final User[¢°].
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It is important to notice that, because it is an iterative process, the KDD
steps are not tight, that is, the correlation among the techniques and methods
used in the several stages is considerable, to the point of the occurrence of a
small change in one of them affecting substantially the success of the whole
process. In this way, the results of a certain stage can change any of the

previous stages or even make it necessary restart the whole process [£+].

In addition, decision makers are not interested in techniques that rely
too much on the underlying assumptions in statistical models. The challenge is
not to have any assumptions about the model and try to come up with
something new, something that is not obvious or predictable (at least from the
decision makers’ point of view). Some unobvious thing may have significant
values to the decision maker. lIdentifying a hidden trend in the data or a buried
fault in the system is by all accounts a treasure for the investor who knows
that avoiding loss results in profit and that knowledge in a complex market is
a key criterion for success and continuity. Not with standing, models that are
free from assumptions—or at least have minimum assumptions—are expensive
to use. The dramatic search space cannot be navigated using traditional search

techniques [£1].
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Y.).Y The steps in the KDD process
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Figure (Y-Y) KDD Process main steps [£A]

Even though the KDD processes have emerged from different fields, KDD
has almost the same steps in all of the different approaches.

These steps are [¢+, £°]:

V. Developing an understanding of the application domain, the relevant prior
knowledge, and the goal(s) of the end-user.

Y. Creating a target data set; selecting a data set, or focusing on a subset of
variables or data samples, on which discovery is to be performed.

Y. Data cleaning and preprocessing: basic operations such as removing noise
or model for noise, deciding on strategies for handling missing data fields,
accounting for time sequence information and known changes.

¢. Data reduction: preparing the data set, removing some attributes to suit the
set to the goal.

. Choosing the data mining task: deciding whether the goal for the KDD

process is classification, regression, clustering, etc.
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1. Choosing the data mining algorithm(s): selection method(s) to be used for
searching for patterns in the data. This also includes deciding which
models and parameters may be appropriate.

V. Data mining: search for patterns of interest in a particular representational
form or set of forms: classification rules or trees, regression or clustering.

A. Interpreting mined patterns, possible return to any of the steps -V for
further iteration.

1. Consolidating discovered knowledge.

There is a distinction between information and knowledge. Information is a
collection of data, whereas knowledge is some higher understanding that can

tell us something more about relations.

A particular data mining algorithm is usually an instantiation of the
model/preference/search components. The more common model functions in

current data mining practice include the following [¢Y]:

V) Classification: classifies a data item into one of several predefined

categorical classes.
Y) Regression: maps a data item to a real valued prediction variable.

¥) Clustering: 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.
¢) Rule generation: extracts classification rules from the data.

) Discovering association rules: describes association relationship among

different attributes.
1) Summarization: provides a compact description for a subset of data.

V) Dependency modeling: describes significant dependencies among variables.
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A) Sequence analysis: models sequential patterns, like time-series analysis. The
goal is to model the states of the process generating the sequence or to extract

and report deviation and trends over time.
The rapid growth of interest in data mining is due to the:

V) Falling cost of large storage devices and increasing ease of collecting data

over networks;

Y) Development of robust and efficient machine learning algorithms to

process this data; and

¥) Falling cost of computational power, enabling use of computationally

intensive methods for data analysis.

The notion of scalability relates to the efficient processing of such large
data sets while generating from them the best possible models. The most
commonly cited reason for scaling up is that increasing the size of the
training set often increases the accuracy of learned classification models. In
many cases, the degradation in accuracy when learning from smaller
samples stems from overfitting, presence of noise, and existence of large
number of features. Additionally, scaling up to very large data sets implies
that fast learning algorithms must be developed. However, rather than
speeding up a slow algorithm, the issue is more of turning an impracticable

algorithm into a feasible one[Y°,£°].

The first generation of data mining algorithms has been demonstrated to
be of significant value across a variety of real world applications. But these
applications work best for problems involving a large set of data collected
into a single database, where the data is described by numeric or symbolic
features. Here the data invariably does not contain text and image features
interleaved with these features, and is carefully and cleanly collected with a

particular decision-making task in mind.

R
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Development of new generation algorithms is expected to encompass
more diverse sources and types of data that will support mixed-initiative data
mining, where human experts collaborate with the computer to form
hypotheses and test them. The main challenges to the data mining procedure

involve the following[ ¢°]:

V) Massive data sets and high dimensionality. Huge data sets create
combinatorially explosive search space for model induction, and increase the
chances that a data mining algorithm will find spurious patterns that are not
generally valid. Possible solutions include robust and efficient algorithms,

sampling approximation methods and parallel processing.

Y) User interaction and prior knowledge. Data mining is inherently an
interactive and iterative process. Users may interact at various stages, and
domain knowledge may be used either in the form of a high-level
specification of the model, or at a more detailed level. Visualization of the

extracted model is also desirable.

¥) Overfitting and assessing the statistical significance. Data sets used for
mining are usually huge and available from distributed sources. As a result,
often the presence of spurious data points leads to overfitting of the models.
Regularization and resampling methodologies need to be emphasized for

model design.

¢) Understandability of patterns. It is necessary to make the discoveries more
understandable to humans. Possible solutions include rule structuring, natural

language representation, and the visualization of data and knowledge.
) Nonstandard and incomplete data. The data can be missing and/or noisy.

1) Mixed media data. Learning from data that is represented by a combination

of various media, like (say) numeric, symbolic, images and text.

VY
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Y) Management of changing data and knowledge. Rapidly changing data, in a
database that is modified/deleted/augmented, may make previously
discovered patterns invalid. Possible solutions include incremental methods

for updating the patterns.

A) Integration. Data mining tools are often only a part of the entire decision
making system. It is desirable that they integrate smoothly, both with the

database and the final decision making procedure.

'Y
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¥.Y Soft Computing For Data Mining

Recently, various soft computing methodologies have been applied to
handle the different challenges posed by data mining. The main constituents
of soft computing include fuzzy logic, neural networks, and genetic
algorithms. Each of them contributes a distinct methodology to addressing
problems in its domain. This is done in a cooperative, rather than a
competitive, manner. The result is a more intelligent and robust system
providing a human-interpretable, low cost, approximate solution, as

compared to traditional techniques| £ ®].

Let us first describe the roles and significance of the individual soft
computing tools and their hybridizations. It may be mentioned that there is no
universally best data mining method; choosing particular soft computing
tool(s) or some combination with traditional methods is entirely dependent on
the particular application and requires human interaction to decide on the

suitability of an approach.
r. 1.1 Fuzzy Sets

The modeling of imprecise and qualitative knowledge, as well as the
transmission and handling of uncertainty at various stages are possible
through the use of fuzzy sets. Fuzzy logic is capable of supporting, to a
reasonable extent, human type reasoning in natural form. It is the earliest and
most widely reported constituent of soft computing. The development of

fuzzy logic has led to the emergence of soft computing [,Y14].

Knowledge discovery in databases is mainly concerned with identifying
interesting patterns and describing them in a concise and meaningful manner.
Fuzzy models can represent a prudent and user-oriented sifting of data,

qualitative observations and calibration of common sense rules in an attempt

)¢
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to establish meaningful and useful relationships between system variables.
Despite a growing versatility of knowledge discovery systems, there is an
important component of human interaction that is inherent to any process of
knowledge representation, manipulation, and processing. Fuzzy sets are
inherently inclined toward coping with linguistic domain knowledge and

producing more interpretable solutions [YY,Ye].

There is a growing indisputable role of fuzzy set technology in the
realm of data mining. Analysis of real-world data in data mining often
necessitates simultaneous dealing with different types of variables, viz.,

categorical/symbolic data and numerical data.
r. ¥. ¥ Neural Networks

Neural networks were earlier thought to be unsuitable for data mining
because of their inherent black-box nature. No information was available
from them in symbolic form suitable for verification or interpretation by
humans. Recently, there has been widespread activity aimed at redressing this
situation by extracting the embedded knowledge in trained networks in the
form of symbolic rules. This serves to identify the attributes that, either
individually or in a combination, are the most significant determinants of the
decision or classification. Unlike fuzzy sets, the main contribution of neural

nets toward data mining stems from rule extraction and clustering [Y4].

e Rule Extraction: [£V] In general, the primary input to a connectionist rule
extraction algorithm is a representation of the trained neural network, in
terms of its nodes, links and sometimes the data set. One or more hidden
and output units are used to automatically derive the rules, which may later

be combined and simplified to arrive at a more comprehensible rule set.

These rules can also provide new insights into the application domain.

The use of neural nets helps in V) incorporating parallelism and Y) tackling

Yo
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optimization problems in the data domain. The models are usually suitable

in data-rich environments.

Typically a network is first trained to achieve the required accuracy
rate. Redundant connections of the network are then removed using a
pruning algorithm. The link weights and activation values of the hidden

units in the network are analyzed, and classification rules are generated[¥1].
r. r.” Genetic Algorithms

GA:s are adaptive, robust, efficient, and global search methods, suitable
in situations where the search space is large. They optimize a fitness
function, corresponding to the preference criterion of data mining, to arrive at
an optimal solution using certain genetic operators. Knowledge discovery
systems have been developed using genetic programming concepts. The
problem addressed is to find common characteristics of a set of objects in an
object-oriented database. Genetic programming is used to automatically
generate, evaluate, and select object-oriented queries. GAs are also used for
several other purposes like fusion of multiple data types in multimedia
databases, and automated program generation for mining multimedia
data[)-°].

V1
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¥.¥ Soft Computing —The Hybridization

Soft computing (SC)['] is an association of computing methodologies
centering on fuzzy logic (FL), neural computing (NC), genetic computing
(GC) and probabilistic computing (PC). Collectively, these methodologies
provide a foundation for the conception, design and deployment of intelligent
systems. The basic idea underlying soft computing is that its constituent
methodologies are, for the most part, complementary rather than competitive.
The complementarity of the constituents of soft computing implies that their
effectiveness may be enhanced by using them in combination rather than
isolation. At this juncture, the most visible systems of this combined type are
neuro-fuzzy systems. Less visible, but potentially of equal importance are
fuzzy-genetic systems. Each of the constituents of soft computing has a set of
capabilities to offer. In the case of fuzzy logic, it is the machinery for dealing
with imprecision, information granulation and computing with words. For
this purpose, the principal tools are provided by fuzzy logic center on the use
of linguistic variables and the calculus of fuzzy if-then rules. In the case of
genetic computing the principal tool is systematized random search. Below

the most known methods of hybridization of these tools:
r. .1 Neural-Fuzzy Computing:

Neuro-fuzzy computation [Y+, Y¢] comprises a judicious integration of
the merits of neural and fuzzy approaches, enabling one to build more
intelligent decision-making systems. This incorporates the generic advantages
of artificial neural networks like massive parallelism, robustness, and learning
in data-rich environments into the system. The modeling of imprecise and
qualitative knowledge in natural/linguistic terms as well as the transmission

of uncertainty is possible through the use of fuzzy logic. Beside these generic
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advantages, the neuro-fuzzy approach also provides the corresponding

application specific merits as highlighted earlier.

The rule generation aspect of neural networks is utilized to extract
more natural rules from fuzzy neural networks. The fuzzy MLP [£¢] and
fuzzy Kohonen network [Y'] have been used for linguistic rule generation
and inferencing. Here the input, besides being in quantitative, linguistic, or
set forms, or a combination of these, can also be incomplete. The components
of the input vector consist of membership values to the overlapping partitions
of linguistic properties low, medium, and high corresponding to each input

feature. Output decision is provided in terms of class membership values.
r. ¥, ¥ Fuzzy-Genetic Computing:

Fuzzy-genetic hybridization [YA,£Y,£0,¢7 ¢9] is the Systems in which
techniques drawn from fuzzy logic and genetic algorithms are used
symbiotically to achieve higher levels of performance. Viewed in a more
general setting, fuzzy-genetic systems fall within the province of soft
computing. There are some aspects of complementarity of FL and GC that
are in need of comment. Generally, FL is highly effective in those situations
in which there exists a human solution which can be articulated in the
language of fuzzy if-then rules. In this sense, FL is for the most part
descriptive rather than prescriptive. Relatedly, it is important to note that a
human solution may exist even when an objective function or a fitness
function cannot be defined precisely. A case in point is the problem of
summarization or the much less complex problem of machine translation. The
effectiveness of GC depends in large measure on the ability to define a fitness
function and simulate system behavior. In many real-world problems this is
hard to do. In such cases, a supporting role of GC would be that of local

tuning rather than global optimization of the performance of a fuzzy system.
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A note worthy point is that any theory and any method can be generalized
through fuzzification and/or fuzzy granulation. Fuzzification involves
replacement of sets by fuzzy sets while fuzzy granulation implies the use of
linguistic variables and fuzzy if-then rules as function approximators. In
many cases, fuzzification and fuzzy granulation result in a substantial

increase in power and better rapport with reality.
Y.Y.¥ Genetic-Neural Computing

The challenge in building a practical neural network is to choose the
right architecture and the right learning parameters. MLP with one hidden
layer, using the sigmoid transfer function, could perform any mapping from a
set of inputs to the desired outputs. Unfortunately, this tells us nothing about
the learning parameters, the necessary number of neurons, or whether
additional layers would be beneficial. It is, however, possible to use a genetic
algorithm to optimize the network design. A suitable cost function might

combine the RMS error with duration of training [£°].

Supervised training of a neural network involves adjusting its weights
until the output patterns obtained for a range of input patterns are as close as
possible to the desired patterns. The different network topologies use different
training algorithms for achieving this weight adjustment, typically through
back-propagation or errors. However, it is also possible to use a genetic
algorithm to train the network. This can be achieved by letting each gene
represent a network weight so that a complete set of network weights is
mapped onto an individual chromosome. Each chromosome can be evaluated
by testing a neural network with the corresponding weights against a series of
test patterns. A fitness value can be assigned according to the error so that the
weights represented by the fittest generated individual correspond to a trained

neural network[Y«, €Y, ££],

14



Chapter Two KDD, Data Mining and Soft Computing.

¥.Y¥.¢ Nero-Genetic-Fuzzy Computing:

Now one can extend the power of hybridization of soft computing
methodologies from two agents to three or more. a proposed method of
hybridizing only three agents and determine its application domain to the data

mining specifically to extracting rules from establishments databases.

To study a database all similar records need to group together and then
classify them according to preferences attributes. After that, these groups can
be described through their preference attributes using IF....THEN rules. Some
of the attributes need to be expressed in linguistic terms to gain high meaning

description rules.

Artificial Neural Network (ANN)-Kohonen Winner-Take—All was used
to cluster (group) the database records. But before doing the clustering, it is
important to determine the initial number of clusters and if possible the good
initialization of the neural network weights. The Genetic Algorithm (GA) will
do this task. When the number of cluster has been determined, the neural
network using Winner-Take-All learning rule then will be trained. After
training, the network (recall mode) was used to classify the database records.
Statistical analysis used to determine the active attributes of each class. Some
attributes in linguistic terms can be expressed through using Fuzzy Logic
(FL). Suitable rules that describe classes can be. This will be shown in

chapter three.
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Y.\ Introduction

Databases have grown exponentially in large stores and companies.
In the past, system analysts faced many difficulties in finding enough data
to feed into their models. Recently, the picture has changed and now the
reverse picture is a daily problem—how to understand the large amount of
data we have accumulated over the years. Simultaneously, investors have
realized that data is a hidden treasure in their companies. With data, one
can analyze the behavior of competitors, understand the system better,
and diagnose the faults in strategies and systems. Research into statistics,
machine learning, and data analysis has been resurrected. Unfortunately,
with the amount of data and the complexity of the underlying models,
traditional approaches in statistics, machine learning, and traditional data
analysis fail to cope with this level of complexity. The need therefore
arises for better approaches that are able to handle complex models in a

reasonable amount of time.

Human analysts with no special tools can no longer make sense of
enormous volumes of data that require processing in order to make
informed business decisions. Data mining automates the process of
finding relationships and patterns in raw data and delivers results that can
be either utilized in an automated decision support system or assessed by

a human analyst.

Modern computer data mining systems themselves learn from the
previous history of the investigated system, formulating and testing
hypotheses about the rules which this system obeys. When concise and

valuable knowledge about the system of interest have been discovered, it
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can and should be incorporated into some decision support system which

helps the manager to make wise and informed business decisions.

The main difference among the various KDD approaches lies thus in
the step(s) called Data Mining, Fig (¥-)); how is it possible to detect
patterns in the data in the best way? This has resulted in a number of
different algorithms and methods. This may be because the application
area is very heterogeneous. There are similarities between a medical
database containing records of patients and a cooperation management
database, but the differences are usually bigger. Thus, an algorithm
proven useful for a medical database may show not to be useful in a
cooperate database. There is a quest to find the right method for a specific
problem. The ultimate goal must thus be to design methods and

algorithms that are universal [£A].

Data Mining (DM)

-----------------------------------------------

Data
Cleaning
Data Machipe Mathe- Knowledgg
. Condensation Learning | matical | Interpretation
Preprocessed Model of T
seful
Raw Dimensionalit P Knowledge Knowled
Data : Y Data Classification Extraction nowledge
Reduction Clusterin Data
| 9 (Patterns] Knowledge
Rule . Evaluation
Generation
Data
Wrapping/
Description
N /

Fig (¥-)) Data Mining & Knowledge Discovery
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¥.Y DBRulesExtractor System.

Soft computing methodologies have been applied to handle the
different challenges posed by data mining. The main constituents of soft
computing, at this juncture, include fuzzy logic, neural networks and
genetic algorithms. Each of them contributes a distinct methodology to
addressing problems in its domain. This is done in a cooperative, rather
than a competitive, manner. The result is a more intelligent and robust
system providing a human-interpretable, low cost, approximate solution,
as compared to traditional techniques. Figure (¥-Y) show main procedures

of the suggested soft computing approach for solving rules extraction

Domain selectic[)n>

= - --

= ==
Ve

Figure (¥-Y) DBRuleExtractor System diagram

problem.

Flat Table
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¥.¥.\ Data Collection

Data collection can be a time-consuming and difficult procedure to
do correctly, but it is necessary for valid results. If the domain and the
analysis to be done are well understood, as in a scientific experiment to
test a specific hypothesis, then it is easier to decide what data to collect
and how to collect them. But in other cases where the domain is less well
understood, where hypotheses may not be clearly specified, then it is
difficult to apply the same rigorous data collection methods that are
apparent in the former situation. The net effect is that substantial amount

of effort has to be devoted to data preparation issues.

Incidental data collection methods refer to the acquisition of data
that has originally been collected for one purpose, but is being analyzed
for another. A lot of data within organizations are characterized as being
of this nature. For example, the responses to surveys may be "reused" for
other analysis. Also, the common practice of purchasing data from third
party sources is an example of incidental data collection. In practice,
many direct marketing campaigns are based on data purchased from third
party sources. Relative to active data collection methods, it is more
difficult to ensure that data collected via incidental methods are clean.
This is because the "history" of such data (i.e., if and how the data have
been transformed or aggregated) may not always be known. This can
affect analysis - for example linear trends may appear but in actuality is

an artifact of a transformation of an underlying process that is non-linear.

Unfortunately, with active data collection methods and especially
with incidental data collection methods, it's easy and convenient to

assume that data are clean. Assuming this in error can be costly, but
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undertaking processes to ensure clean data can also be expensive and

time-consuming.

The databases used for testing the system are got from some
machine learning web sites that offer such type of data for student. Every
database has been attached with enough prior information that helps us in
using it. They belong to more than one application domain such as

medicine, housing, and cars data.

v.¥.Y-Selection

Features (attributes) Selection methods in Data Mining and Data
Analysis problems aim at selecting a subset of the variables, or features,
which describe the data in order to obtain a more essential and compact
representation of the available information. The selected subset has to be
small in size and must retain the information that is most useful for the
specific application. The role of Feature Selection is particularly
important when computationally expensive Data mining tools are used, or
when the data collection process is difficult or costly. Feature Selection
problems are typically solved in the literature using search techniques,
where the evaluation of a specific subset is accomplished by a proper
function (filter methods) or directly by the performance of a Data Mining
tool (wrapper methods). Feature selection has been an active research

area in pattern recognition, statistics, and data mining communities.

For simplicity reason Data has been selected manually using a
suitable interface that allow user to brows storage device to choose which
database and which table or query to use. Also using the same interface
fields can be selected or deselected depending on the effectiveness of

each fields in expected clusters. The choosing of interesting fields is

Yo



Chapter Three Development of DBRulesExtractor System

depending on one or more of many reasons. Like as prior information
about domain, by asking the interesting people of domain, through
display the result of several running of the system on the same data, or by

inspecting the data manually. See appendix A.
¥.Y.Y-Preprocessing

Preprocess data needed since data quality is a key issue with data
mining and to increase the accuracy of the mining has to perform data
preprocessing. The researchers in data mining fields find that A+7 of
mining efforts are often spent on data quality. So, how it is possible to
preprocess data? This is done through: Data Cleaning, Data Integration,

Data Reduction, and Data Normalization.

¥.¥.Y.\ Data Cleaning: Always real-world data are:
> Incomplete: — missing values, missing attributes, or containing only
aggregate data. To handle Missing Values:
V. Use attribute mean for all samples belonging to same class.
Y. Use most probable value based on existing data
ex.: What would probably be the salary of a person with age x
and education y based on the other data we currently have?
» Noisy: — Data may containing errors or outliers within it:
To detect noisy data use:
a. Histogram - data distribution analysis
b. Cluster Analysis- by detecting data that are outside any cluster.

Find clusters and look for elements outside of any cluster.
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Figure (¥- ¥) Outliers points
c. Regression- by using regression function.
a. Find “best fitting” curve to existing data points.
b. Points not matching curve are outliers.
Example: y=x is best fitting curve for current data. The
outliers are the three points outside of the curve.

rd
3

* X
Figure (¥-¢) Outliers Points
To Smooth Noisy Data:
a. Binning- by arranging the data into buckets will reduces
distinct values and gets rid of outliers:
Step ): Partition sorted values into equal size bins.
Step Y: Smooth by bin means/medians/boundaries.
Example:
o £AY0X) Y)Y YE YO YAYE
Bin Y: ¢, A Yo
Bin Y: Y)Y, Y), Y¢

Bin ™: Yo, YA Y¢
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o By bin mean:

BinY: 4,4, % bin Y: YY, YY YY:pbin¥: Y4 ¥4 ¥4
o Smoothing by bin boundary

BinY: ¢ ¢ Yoe:pbinY: Y)Y, Y)Y Y& pbinY: Yo, Yo Y¢

b. Concept Hierarchy.

Example: presenting numeric values such as age as young,

middle age, and old.

c. Ignoring outliers detected by Histogram, Clustering,
Regression(Outliers are data that are outside the range of
or inconsistent with the remaining data)

» Inconsistent: — containing discrepancies in codes or names.
To Handle Inconsistent Data:
a. Use known Functional dependencies example: item# — item
b.Revisit data integration, as some inconsistencies might exist

because of different names of the same attribute.
¥.Y.¥Y.Y Data Integration

Consolidate different source into one repository, usually data
warehouse (schema re-consolidation)

Y. Using metadata

Y. Correlation analysis (measure how strongly one attribute implies
the other attribute).
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v.Y.Y.Y Data Reduction

To increase the efficiency we can reduce the huge data set to
smaller representative methods:
V. Data aggregation (data cubes) example: number of items sold in
year vs. in month.
Y. Dimension/attribute reduction
v. Data Compression
¢. Discretization:
a. Discretization is to transform the numeric (Continuous) data to
Categorical values.
b. Some data Mining Algorithms only accept categorical values.
Example: Continues data: Y,Y,Y,¢,2,...,Y»
Discretized values: Y-°; 1= «: Y)-Yo: Y7-Y.
Continuous data for feature Age: V,...,%%
Categorical values: Y-)°: assign this range to concept “child”

Y1- €.: assign this range to concept ““Young” and so on
¥.Y.¥.¢ Data Normalization

V. Scale the data value to a range using methods such as:
a. Min-Max :

A. Linear transformation of the original input range into a
newly specified data range (typically «-Y).
y= ((y-min)/ (max-min))*(max’ —min’) +tmin’ ........... ("

Where: min is old minimum value, min’ is new minimum, max

is old maximum, max’ is new maximum.

Consider old data that ranged from +-Y + +, we now obtain an

equation to migrate it to ©-) + range.
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example:
RV ADES
y='y=°
y=1ny=¢.°
y=i,y =1%.°

b. Z-Score

A. Useful when min and max are unknown or outliers
dominate the value min-max.

B. The goal is that most of the data will lie within the origin to
a standard deviation.

C. If the majority of data falls within ¢+ and Y - +, but you have
a few data points outside that range, z score will compress
most of the data into a small range.

YV S(V-MEAN)/SUA «.uvouueeinniiiniiiniiinieisiosneissasosasonnsns ("™
"
Where mean is a mean of that variable and std is a standard

deviation of it

c. Decimal Scaling
A. Divide the value by Y " where n is the number of digits of
the maximum absolute value.
A ) YRR (r
)
Example: X=%++ is maximum value
n="v

A++scalesto «.+ 9.
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¥.¥.¥.® Linguistic Terms to Numeric Format (Coding):

Linguistic variables have to convert to continuous values to make a
suitable format when treated with machine learning algorithms. Then we
use appropriate method to transform these variables to a continuous

form.

To code attributes of linguistic variable one can use following
procedure:

(V) Create the repetition table by determining the repetition times for
each linguistic term.

(Y) Rearrange the table by making the large value repetition in the
middle and the lesser on right and left of it until minimum repetition
becomes at most left and most right.

(¥) Assign code for each linguistic term depending on its new order in

the repetition table. Figure (¥-°)

O Frequency

1000+
800
6001
400+

2001

terml term4 term2 term5 term3

Figure (Y-°) Terms Repetition Graph
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¥.¥.t-Data Mining — Patterns Discovery

Data mining consists of the (semi-)automatic extraction of
knowledge from data. This statement raises the question of what kind of
knowledge we should try to discover. Although this is a subjective issue,
we can mention three general properties that the discovered knowledge
should satisfy; namely, it should be accurate, comprehensible, and

interesting.

In data mining we are often interested in discovering knowledge
which has a certain predictive power. The basic idea is to predict the
value that some attribute(s) will take on in “the future”, based on
previously observed data. In this context, we want the discovered

knowledge to have a high predictive accuracy rate.

The discovered knowledge wanted to be comprehensible for the
user. This is necessary whenever the discovered knowledge is to be used
for supporting a decision to be made by a human being. If the discovered
“knowledge” 1s just a black box, which makes predictions without
explaining them, the user may not trust it [¢A]. Knowledge
comprehensibility can be achieved by using high-level knowledge
representations. A popular one, in the context of data mining, is a set of

IF-THEN (prediction) rules, where each rule is of the form:

IF <some_conditions_are_satisfied>

THEN <its_belong_to cetain_class >

The third property, knowledge being interesting, is the most
difficult one to define and quantify, since it is, to a large extent,

subjective.
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v.¥.¢.Y Clusters Seeds Detection

Clustering [Y,%] is a popular unsupervised pattern classification technique
which partitions the input space into K regions based on some
similarity/dissimilarity metric. The number of partitions/clusters may or
may not be known a priori. Let the input space S be rerepresented by n
points {x !, xT....., xn}, and the K clusters be represented by C,, C+, .....,
Ck . Then

Ciz: fori=),.....K

CinC=gfori=),.....K, j=),....,K, iz, and

A kohonen winner-take-all network used to cluster a database
records. This network classifies input vectors into one of the specified
number of K categories according to the clusters detected (genetic
algorithm has been wused to determine K) in the training set
{x) xY,....xN}. The training is performed in an unsupervised mode, and
the network undergoes the self-organization process[Y¢]. During the
training, dissimilar vectors are rejected, and only one, the most similar, is
accepted for weight building. As mentioned before it is impossible in this
training method to assign network nodes to specific input classes in
advance. It is equally impossible to predict which neurons will be
activated by members of particular cluster at the beginning of the
training. This node to cluster assignment is easily done by calibrating the

network after training.

In most real life situations the number of clusters in a data set is not
known a priori. The real challenge in this situation is to be able to

automatically evolve a proper value of K as well as providing the
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appropriate clustering. So, before we train this network we need to
determine the number of clusters K and the optimal weight can be
initialzed to the network. Genetic algorithms (GA) based clustering
technique can automatically evolve the appropriate clusters number of a
data set. The chromosome encodes the centres(weight) of clusters(nodes),
whose value may vary. Modified versions of crossover and mutation

operators are used.

Genetic Algorithms (GAs) belong to a class of search techniques
that mimic the principles of natural selection to develop solutions of large
optimization problems. GAs operate by maintaining and manipulating a
population of potential solutions called chromosomes. Each chromosome
has an associated fitness value which is a qualitative measure of the
goodness of the solution encoded in it. This fitness value is used to guide
the stochastic selection of chromosomes which are then used to generate
new candidate solutions through crossover and mutation. Crossover
generates new chromosomes by combining sections of two or more
selected parents. Mutation acts by randomly selecting genes which are
then altered; thereby preventing suboptimal solutions from persisting and
increases diversity in the population. The process of selection, crossover
and mutation continue for a fixed number of generations or until a
termination Condition is satisfied. GAs have applications in fields as
diverse as VLSI design, pattern recognition, image processing, neural

networks, machine learning, etc.

GA algorithm used to find optimal clusters' seeds & their number

according to syntax chart of the algorithm is shown in the figure (¥-1).
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Start

A\ 4

Set Kmin, , Kmax to min & max clusters
number expected respectively
Set MaxGen to max iteration allowed

Gen =)

v

For each chromosome in the population

e Generate a number K, in the range Knin to

Kmax
e Choose K; points(rows) randomly from the

Population initialization

&
<«

y

For each chromosome in the population

e Extract the K; centers stored in it

e Perform clustering by assigning each point to the cluster
corresponding to the closest center

e Comnute DB index (Dhi) hv Fa(Y-Y)

v

Elitism

Fitness calculation

v

No

A 4

Gen<Maxgen?

Selection
Single point crossover with prob. pc
Mutation performed with prob. um:
Randomly choose one position of chromosome.
If this position is null randomly, choose a point
from data and make it as a center
Else make this position null

'

Gen=Gen+)

Genetic Operations

Y

Y

Store the detected centers
to Winner-Take-All

v

Stop

Figure (¥-1) Flowchart of GA-Based Clusters detection
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A.Representation ( encoding of solution)

The chromosomes are made up of a list pointers. If the pointer at
any gene is not null, that means there is a supposed center. This center is
drawn randomly from the data set. On the other hand gene (pointer) with
null mean has had no center encoded in it. The value of K is assumed to
lie in the range [Knin; Knaxl, Where K,in is chosen to be Y unless specified
otherwise. The length of a string is taken to be K,.x where each individual

gene position represents either apointer to actual center or a null.
B.Population initialization

For each string i in the population (i=",......, P, where P is the size
of the population), a random number K; in the range [Knin - Kmax] 1S
generated. This string is assumed to encode the centres(each center
represent a weights of node of Kohonen winner-take-all network) of K;
clusters. For initializing these centres, K; points are chosen randomly
from the dataset. These points are distributed randomly in the

chromosome. Let us consider the following example.

Example: Let Kyin =Y and Kyax =) +. Let the random number K; be
equal to ¢ for chromosome i. Then this chromosome will encode the
centres of ¢ clusters. Let the ¢ cluster centres (¢ randomly chosen points
from the data set) be (Y «:+, @:¢) (Y€, YV:Y) (VoA Y:2) (YY:V, YV:V). On

random distribution of these centres in the chromosome, it may look like :

[Null, T(Y <€) nullnull, TO ©:A;Y:3) null, T <) T(YY:Y VY,

null,null].
C.Fitness computation

For each cromosome in the population build a Kohonen Winner-
Take-all network from the data encoded in that cromosome. Run all data

set on this network. The fitness of a chromosome is computed using the
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Davies—Bouldin index (DBi). DBI is determined as follows [) +] : Given a
partition of the N points into K clusters, one first defines the following
measure of within-to-between cluster spread for two clusters, C; and Cy

for Y <j,k>Kandj # k.

where ¢; and ey are the average dispersion of C;and Cy, and Dy is
the Euclidean distance between C; and Cy. If m; and my are the centers

of C; and Cy, consisting of N;, and Ny points respectively:

And the term Ry for each Cy id defined as
Rk = max

Then that the DBI is defined as:

1
K (\‘-\/)

DB(K) =

The DBIi can be incorporated into any clustering algorithm to
evaluate a particular segmentation of data. The DBi takes into account
cluster dispersion and the distance between cluster means. Well-separated
compact clusters are preferred. The DBI favors small numbers of clusters.
Optimizing the DBI frequently eliminates clusters by forcing them to be

empty.

The objective is to minimize the DB index for achieving proper

clustering. The fitness function for chromosome j is defined as ‘/DBj ,
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where DBj is the Davies—Bouldin index computed for this chromosome.
The maximization of the fitness function will ensure minimization of the
DB index.

D.Genetic Operations

The following genetic operations are performed on the population of

strings for a number of generations.

a.Selection: Conventional proportional selection is applied on the
population of strings. Here, a string receives a number of copies that is

proportional to its fitness in the population.

b.Crossover: During crossover each cluster centre is considered to be an
indivisible gene. Single point crossover, applied stochastically with

probability 7c, is explained below with an example.
Example: Suppose crossover occurs between the following two strings:
null, T ,null,null, T [null, T, T null, null
null, T ,null,™ null]™ T null, T null
Let the crossover position be © as shown above. Then the offspring are:
null, T ,null,null, ™ T T onull, T null
null, T ,null,™ null,null,T,T null, null

c.Mutation: Each position in a chromosome is mutated with probability
nm in the following way. If the value at that position is not null , then it
becomes null else new cluster center is created by selecting random

points from dataset and making the pointer point to it.

E.Termination criterion: we compute the MSE for each
cromosome(Kohonen Winner-Take-All network) and the processes of

fitness computation, selection, crossover, and mutation are executed until
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this measure becomes below some predefined threshold. Also the
generations count is used to avoid non stoping process. The best string
having the largest fitness (i.e., smallest DB index value) seen up to the
last generation provides the solution to the clusters count problem and the

seeds refrences.

elitism implemented at each generation by preserving the best
string seen up to that generation in a location outside the population.
Thus on termination, this location contains the centres of the final

clusters of course with their count.

F.Elitism : When creating new population by genetic algorithm
processes, we might lose the best chromosome since the selection of
chromosomes (or candidate solutions) is more or less done at random.
Elitism is the name of method, which first copies the best chromosome
(or a few best chromosomes) to new population for further evolution.
Elitism can very rapidly increase performance of GA because it prevents

losing the best found solution. See Figure (A-Y)

After we get the number of cluster excpected in the dataset and the
good inialization weight from seeds refrences, one can train kohonen

winner-take-all network.

¥.Y.£.Y Training Unsupervised Kohonen Network.

Fig (¥-VY)Kohonen Winner-Take-All learning rule
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The processing of input data x from the training set { Xy,Xv,......Xn}

which represnts K clusters[Y 1] follows the customray expression

Y= TIWX] oo, (Y-A)

with diagonal elemets of the operator T being continuous activation
functions operating componentwise on entries of vector Wx. The
processing by the layer of neorons is instaneous and feedforward. To
analyze network performence, we need to rearrange the matrix W to the

following form:

Wl
t
W= (Y-9)
Wy
Where
Wil
wo=| 2 fori= K (¥-a)
wn

is the column vector equal to the i’th row of the weight matrix W.
Component weights of wy, are highlighted in figure (¥-V) showing a
winner take all learning network. The learning algorithm treats the set of
K weight vectors as variable vectors that need to be learned. Prior to the
learning, the normalizaton of all weight vectores is required:

AW

i yfori=), 1. K
Jwi |

The weight adjustment criterion for this mode of training is the selection

of vAvisuch that

= min {
i=1,2,.,K

A

X—W

m
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The index m denotes the wining neuron number corresponding to the
vector wy,,which is the closest approximation of the current input x, let us
see how this learning should proceed in terms of weight adjusment. The

left side of the (¥-) +) equation can Dbe rearranged to the form

N

X—V\?m = (XX = 2W, X =D)L (Y-V)

It is obvious from eq(Y-) ) that searching for the minmum of K distance
as on the right side of equation above corresponds to finding the

maximum among the K scalar products

AN

A
t t
Wm= Mmax (W. X
" i=1,2,... K( : )

The left side of equation (¥-)Y) is the activation value of the “wining”
neron which has the largest value net;, i=),Y,....,.K. When using the scalar
product metric of simiarity as in the equation the synaptic weight vectors
should be modified accordingly so that they become more similar to the
current input vector. With the similarity criterion being cosy , the weight
vector lengths should be identical for this training approach. However,
their directions should be modified. Intutivly, it is clear that a very long
weight vector could lead to a large output of its neuron even if there were
a large angle between the weight vector and the pattren. This explains the

need for weight normalization.

After the wining neuron has been identified and decleared a winner, its
weights must be adjusted so that the distance is reduced in the current

training step. Thus, |x—w, | must be reduced, preferably along the gradient

direction in the weight space Wy, ,Wn, .....,Wmn

&)
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Scince vectors x have a certain probability distribution within a cluster
and we are dealing with a single adjusment step due to the single
realization of the input, only a fraction of the increment in equation
should be involved in producing the sensible weight adjustments. It
seems reasonable to reward the weights of the winning neuron with an
increment of weight in the nagative direction, thus in the direction x-wp,

we have:

A A

AW = (X = W) e et ene et et entete et e e e e eateeteeeenneaneanean (Y-YYb)

where o is a small learning constant selected heuristically, usualy

between +.) and :.V. the remaining weight vectors wi,izm, are left

unaffected.

Using a superscript to index the weight updates and restating the update
criterion (Y), the learning rule (°b) in the t’th step can be rewritten in a

more formal way as follows

A t

W, 2 W G (X Wim )+t (Y-YY¥c)

m

fOr (M. o (Y-Yd)

where o' is a suitable learning constant and m is the number of winning
neuron selected based on scalar product comparison as in Eq(¥-) +).While
learning continues and clusters are developed, the network weights
acquire similarity to input data within clusters. To prevent further
unconstrained growth of weights, o is usually reduced monotonically and

the learning slows down.

Learning according to Eq(Y-)Y) and (Y-'Y) is “winner-take-all” learning,

and it is a common competitive and unsupervised learning technique. The

&y
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winning node with the largest net; is rewards with a weight adjusment,

while the weights of others remain unaffected.

This mode of learning is easy to implement as computer
simulation; one merely searchs for the maximum response and rewards
the winning weights only, in a real network it is possible to implement a
winner-take-all layer by using units with lateral inhibition to the other
neurons in the form of inhibitory connections. At the same time, the

neuron should possess excitatory connections to itself

Let us look at the impact of the learning rule Eq(¥-'Yc ) and
Eq(Y-)Yd) on the performance of the network. The rule should increase
the chance of winning by the m’th neuron as in Eq(Y-1Y) for reptition of

the same input pattren using the updated weights. If the requirement

t

holds, then inequality (Y-) ¢a) should be valid for new weights W,

A A A

W, X W AW )X ettt e e e e (Y-V¢q)

Using (¥-) Yb) we obtain

AW i SX > 0t ettt et et e e e (Y- ¢b)
Or
X X — W > 0 et (Y-Vic)

Which is equivalent to

[x![|x|coso - W, IX[COS0 > 0 oo (™-) ¢d)
Assuming normalized vectores x =x reduces (.) ¢d) to
YOS > e (Y-) te)

¢y
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where wzé(x?v,?). Since (¥-)¢e) is always true, the winner-take-all
learning rule produces an udate of the weight vector in the proper
direction.

It is instructive to observe the geometrical interpretation of the rule.

Assume that in this step the normalized input vector is denoted as x and

A . . /\t N .
the vector w, Yyield the maximum scalar product wi x, i=),Y,....,K. Next, a
difference vector x—w, is created as shown. To implement the rule of

eq(¥-Y¥c) and (Y-V¥d) for X=x, an increment of the weight vector is
computed as a fraction of X-Wn. The result of weight adjusment in this

training step is mainly the rotation of the weight vector wn toward the
input vector without a significant length change. The adjusted weight

vector results as w/ and is of a length below unity. To begin with the new
training step, w, must be normalized. Let us notice that another input

beloning to the m’th cluster would make the vector w, even more

representaive of the cluster m.

In the long term, this learning mode leads to the weight vectors that
approximate the ensemble of past winning input vectors. However, scince
the weights are adjusted in proportion to the number of events that end up
with weight adjusments, this nework reacts to the probability of
occurrence of inputs. In this context, the network may be used as a

clustering network for the paricular probability of training vectors coming

from each cluster. After the learning is completed, each Wi represnts the
centroid of an 1’th decision region, i=),Y,....,K, created in the n
dimensional space of pattren data. On the other side, the network

possesses an interesting feature sensitivity.

£¢
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To sum up, vectors w after training will become organized much
like the set of example vectors x used for training.
Initialization of Weights.

Preferably random initial weight vectors would be used for this training.
This indicates that initial weights should be uniformly distributed on the
unity hypersphere in n-dimensional pattren space. Self organization of the
network using the described training suffers from some limitations,
however . One obvious deificiency related to a single-layer architecture is
that lineaely nonseparable pattrens cannot be efficiently handled by this
network. The second limitation is that network training may not always
be successful even for linearly separable pattrens. Weights may get stuck
in isolated regions without forming adequte clusters. In such cases the
training must be reinitialized with new initial weights, or noise
superimposed on weight vectors during training. After the weights have
been trained to provide coarse clustering, the learning constant o should
be reduced to produce finer adjusments. This often results in finer weight

tuning within each cluster.

One of the weight selection methods devloped for training the network is

called convex combination. In this method all weight vectors are

initialized at value w® =i 1 - 1fori=),Y,..K .oceooerrri., (v.)0)

Jn

The training starts at the weights as above and proceeds as in expression
(Y-Y¥c) and (Y-Y¥d) with very low o value. This forces the weight
vectors at the beginning of learning to be close to the input vectors and to
have equal lengths. As learning progresses, o is slowly increased. This

allows for the gradual separation of weights according to the input

¢0
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clusters used for training. This procedure improves the chances for

successful training, but does slow down the process.

Another approach used for weight initialization by using the
centers values that result from the process of finding the number of
cluster by GA. It’s known that the winner-take-all network tries to store
the mean value of each attribute beloning to some cluster in the weights

of this node. The centers values are copied from GA into weight vectors.

¥.¥.£.¥ Classify Dataset into Detected Classes.

The network trained in the winner-take-all mode responds
instantaneously during feedforward recall at all K neuron outputs. The
response is computed according to (¥-4). Note that the layer now
performs as a filter of the input vectors such that the largest output neuron

is found as follows

Ym=max(y ,yr...,Yk)

and the input is identified as beloning to cluster m. In general, the neurons
activation functions should be continuous in this network. For some
applications, however, y,=" and y;=", i#m, must be set in the recall mode
of the clustering layer. In this way, for example, the weights of the
following layer can be fanned out from the activated node of this previous

layer while other nodes remain suppressed.

Before a one-to-one vector-to-cluster mapping can be made after
the network is trained in the unsupervised mode, it needs to be calibrated
in a supervised enviorment. The calibration involves the teacher applying
a sequence of K best matching class/cluster inputs and labeling the output
nodes V,Y,.....K ,respectively, according to their observed responses.

Obviously, the calibrating labels assigned to the physical neruons of the

€1
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layer would vary from training to training depending on the sequence of
data within the training set, the training parameters, and the initial
weights. Once the clustering network is labled, it can perform as a cluster

classifier in a local representation.
¥.Y.¢.¢ Classes’ Statistical Attributes

After classification has been made through Kohonen winner-take-
all network, one can inspect each class of the pattrens acquired. There are
several methods of inspections. The easiest one is statistical anlysis of
each class. Using central tendency and dispertion statistical measures one

can form several rules that govern each class attributes.

a. Measures of Central Tendency: Measures of central tendency are
measures which are representative of a sample or population. They
enable one to be more objective when drawing conclusions or
making inferences. These measures identify the center or middle of a
set of values and best characterize the distribution. The typical

measures of central tendency are:

A. Mode: Value which occurs most often. It is the most typical

category

B. Median: Value corresponding to the middle case or middle

observation
C. Mean: Arithmetic average
Mean=sum_of all values/number_of all values

b. Measures of Dispersion: Another important characteristic of a data set
IS how it is distributed, or how far each element is from some
measure of central tendency (average). There are several ways to

measure the variability of the data. Although the most common and
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most important if which is the standard deviation, which provides an
average distance for each element from the mean, several others are

also important, and are hence discussed here.

Y. Range: is the difference between the highest and lowest data
element. Symbolically, range is computed as Xmax-Xmin, although
this is very similar to the formula for midrange. This is not a
reliable measure of dispersion, since it uses only two values from
the data set. Thus, extreme values can distort the range to be very
large while most of the elements may actually be very close to each
other. For example, the range for the data set Y, Y, ¥, ¢ V

introduced earlier would be Y-Y=1

Y. Standard Deviation: The Standard deviation is another way to
calculate dispersion. This is the most common and useful measure
because it is the average distance of each score from the mean. The

formula for standard deviation is as follows.

o = \/E(”;’Tﬂ) .............. (*-19)

Y. Variance: Variance is the third method of measuring dispersion. In

fact variance is just the square of the standard deviation
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¥.v.¢.0 Attributes Fuzzification

After the attribute of each class has been determined, these
attribute always take a numeric format. Actually, to make the rules more
understandable it should wrote in linguistic terms instead of numeric

values. This done through fuzzification.

The purpose of the fuzzification process is to allow a fuzzy
condition in a rule to be interpreted. For example the condition 'person =
tall' in a rule can be true for all values of 'height'. A person who is YA
cm in height is 'tall' with a confidence factor of +.© (membership value
of the club 'tall'). It is the gradual change of the membership value of the

condition 'tall' with height that gives fuzzy logic its strength.

Normally fuzzy concepts have a number of values to describe the
various ranges of values of the objective term which they describe. For
example, the fuzzy concept 'tallness’ may have the values 'Tall
‘Medium height' and 'Short'. Typically, the membership functions of

these values are as shown in the graph below:

ghott medinm tall

membership \ ¢
[ | |
150 180 210

Height ity cm
Figure (¥-A) Fuzzy membership function for “tallness”

Typically, fuzzy concepts have an odd number of values; ¥, © or V.

One can extend the above values by adding very short and very tall.

The real power of fuzzy logic systems, compared to crisp logic

systems, lies in the ability to represent a concept using a small number
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of fuzzy values. This therefore reduces the number of rules required to

capture the knowledge relating to that concept.

¥.¥.2 Rules Induction

A data mine system has to infer a model from the database, that is, it
may define classes such that the database contains one or more attributes
that denote the class of a tuple, i.e., the predicted attributes, while the
remaining attributes are the predicting attributes. Class can then be
defined by condition on the attributes. When the classes are defined, the
system should be able to infer the rules that govern classification. In other

words the system would find the description of each class.

Production rules have been widely used to represent knowledge in
expert systems and they have the advantage of being easily interpreted by
human experts because of their modularity, i.e., a single rule can be
understood in isolation and does not need reference to other rules. The
prepositional like structure of such rules has been described earlier but

can summed up as if-then rules.

After calculating these statistical measures for each class and
fuzzified some of these attributes, one can form one production rule
depending on one or more measure. For example we have made the
following rule depending on mean and variance of class Mo, such that if
variance of attribute) and attribute Y is less than some value, say

+.++)(small variance more effective attribute), we can make this rule:
IF attrib, is M, and attribis My then class M, Or
IF attrib, is M, and attrib ris My then attrib, is M

Where: M), M, are the mean of attribute ) and attribute Y respectively.
Mo is the attribute of largest mode. See Appendix.
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¢\ Case Study

Because of the lack of the real database in the country establishments’
information centers, we have visited the internet sites. These sites offer many
types of databases attached with most needed prior information. We have
taken five databases from different domains. The application areas they have
covered are medical, cars evaluation, housing, and lonosphere databases.
Also, they vary in tables' dimensions. Some of them, like cars table, have a

large number of records but a small number of attributes and vice versa.

Before running the system on each database, we have to collect some
important prior information to it. This information can be used when some
parameters need to enter to the system such as estimated max number of
clusters and the categorical terms for some attributes like age ( child, boy,

young, old, ..,etc).

Four cases study used to test the DBRuleExtractor system. The prior

information and results of each case are shown.
¢ 1.\ Cancer Database
V. Title: Wisconsin Breast Cancer Database (January A, Y34)Y)
Y. Sources:
-- Dr. Wllliam H. Wolberg (physician)
University of Wisconsin Hospitals
Madison, Wisconsin, USA

-- Donor: Olvi Mangasarian (mangasarian@cs.wisc.edu)

o)
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Case Study, Conclusions and Future work

Received by David W. Aha (aha@cs.jhu.edu)

-- Date: Yo July Y343Y

Y. Attributes:

Attributes Y through Y. have been used to represent instances. Each

instance has one of Y possible classes: benign or malignant.

¢. Relevant Information:

Samples arrive periodically as Dr. Wolberg's reports of his clinical cases.

The database therefore reflects this chronological grouping of the data.

°. Number of Instances: 11 (as of Ve July Y44Y)

1. Number of Attributes: )+ plus the class attribute

V. Attribute Information: (class attribute has been moved to last column)

#Attribute

)

Y

v

. Sample code number

. Clump Thickness

. Uniformity of Cell Size

. Uniformity of Cell Shape
. Marginal Adhesion

. Single Epithelial Cell Size
. Bare Nuclei

. Bland Chromatin

. Normal Nucleoli

. Mitoses

. Class:

Domain

id number

oy

Y- )

)

)

(Y for benign, ¢ for malignant)
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A. Missing attribute values: Y1

There are Y7 instances in Groups V) to 1 that contain a single missing (i.e.,

unavailable) attribute value, now denoted by "?".
4. Class distribution:
Benign: £oA (1e.07)

Malignant: Y£) (Y¢.07)

Sample code number: continuous
Clump Thickness: continuous
Uniformity of Cell Size: continuous
Uniformity of Cell Shape: continuous
Marginal Adhesion: continuous
Single Epithelial Cell Size: continuous
Bare Nuclei: continuous
Bland Chromatin: continuous
Normal Nucleoli: continuous
Mitoses: continuous

This Text has been generated Using DBRuleExtractor System:

-Results of Step (1) Data Selection:

oy
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-Databse Name: Cancer.mdb
Y-Table Name: BREAST
Y-Number of Selected Fields: Y«

¢-Feilds selected are: Clump Thickness, Uniformity of Cell Size, Uniformity
of Cell Shape, Marginal Adhesion, Single Epithelial Cell Size, Bare Nuclei,

Bland Chromatin, Normal Nucleoli, Mitoses, Class.
Results of Step (Y) Data Preprocessing & Normalization
Fields have to be coded are: Class.
All fields have been scaled to the range [-V:V]
All fields have been normalized to unit one vector
Results of Step (¥) Genetic Algorithm - Cluster Seeds Detection
Parameters:
Population Size is: Y'Y
Chromosome Size is: ‘1

Maximum Number of cluster expected: A

Minimum Number of cluster expected: Y
Limit Of generation count: Y« «

Number of detected clusters is: 1

DBi:. +.Y1¢1AYo00)
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-Results of Step (¢) neural network clustering-training
Parameters:

Number of Nodes :( got from GA):1

Max Training Steps: Yo+

Alpha Value: +.°

Momentum Value: «.A

Weight Initialization Method :( Centers Of clusters From GA/Randomly):

centers of clusters From GA

-Result of Step (°) Rules survey:

Statistical Analysis for each class....Done

Fuzzy mapping for qualitative attributes....Done
Forming IF..... Then Rules.....Done

The Target attribute is Class

Rules been generated for each class are as follow:

IF (Clump Thickness is A) AND (Uniformity of Cell Size is V) AND
(Uniformity of Cell Shape is V) AND (Marginal Adhesion is ©) AND (Single
Epithelial Cell Size is ©) AND (Bare Nuclei is +) AND (Bland Chromatin is
Y) AND (Normal Nucleoli is 1) AND (Mitoses is ‘) THEN Class is
MALIGNANT

00
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IF (Clump Thickness = ) AND (Uniformity of Cell Size = A) AND
(Uniformity of Cell Shape = V) AND (Marginal Adhesion = ¥) AND (Single
Epithelial Cell Size = 1) AND (Bare Nuclei = A) AND (Bland Chromatin =
¥) AND (Normal Nucleoli = V) AND (Mitoses = V) THEN Class is
MALIGNANT

IF (Uniformity of Cell Size IS ).YA+32) AND (Uniformity of Cell Shape IS
V.£14Y3) AND (Marginal Adhesion IS Y.YAYY1) AND (Single Epithelial Cell
Size IS Y.)¥1.2) AND (Bare Nuclei IS Y.£+AY1) AND (Bland Chromatin IS
Y .088) AND (Normal Nucleoli IS Y.¥Y1YY) AND (Mitoses IS Y.+ YAYY)
THEN Class is BENIGN

IF (Clump Thickness is Y) AND (Uniformity of Cell Size is ‘) AND
(Uniformity of Cell Shape is ) AND (Marginal Adhesion is ) AND (Single
Epithelial Cell Size is Y) AND (Bare Nuclei is ) AND (Bland Chromatin is
Y) AND (Normal Nucleoli is ‘) AND (Mitoses is ) THEN Class is
BENIGN

IF (Clump Thickness = VY) AND (Uniformity of Cell Size = V) AND
(Uniformity of Cell Shape = V) AND (Marginal Adhesion = ¥) AND (Single
Epithelial Cell Size = Y) AND (Bare Nuclei = Y) AND (Bland Chromatin =
Y) AND (Normal Nucleoli = Y) AND (Mitoses = Y) THEN Class is
BENIGN

o1
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¢ .1.Y Heart Disease Databases
V. Title: Heart Disease Databases
Y. Source Information:
(a) Creators:
-- ). Hungarian Institute of Cardiology. Budapest: Andras Janosi, M.D.
-- Y. University Hospital, Zurich, Switzerland: William Steinbrunn, M.D.
-- Y. University Hospital, Basel, Switzerland: Matthias Pfisterer, M.D.
-- £. V.A. Medical Center, Long Beach and Cleveland Clinic Foundation:
Robert Detrano, M.D., Ph.D.
(b) Donor: David W. Aha (aha@ics.uci.edu) (Y €) AeT-Avva
(c) Date: July, Y3AA
Y. Relevant Information:

This database contains V1 attributes, but all published experiments refer
to using a subset of Y ¢ of them. In particular, the Cleveland database is the
only one that has been used by ML researchers to this date. The "goal" field
refers to the presence of heart disease in the patient. It is integer valued

from + (no presence) to ¢.

The names and social security numbers of the patients have recently
been removed from the database, replaced with dummy values. One file has
been "processed”, that one contains the Cleveland database. All four

unprocessed files also exist in this directory.

oV
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¢. Number of Attributes: ¥

. Attribute Information:

No | Attribute Description

Y. | Sick Healthy=+ Sick>-

Y. | Male Female=+ Male=)

Y. | Age Years

¢, | ChestPain Asympt=+ Notang=) Abnang=Y Angina=¥
°. | BloodPres Trestbps (resting blood pressure)

1. | Cholesteral

V. | LowBloodSugar | False=+ True=) (fasting blood sugar<‘Y+)
A |ECG Normal=+ Abn=) Hyper=Y

1. | HeartRate Maximum heart rate

Y+, | Angina False=+ True="

VY. | OldPeak

VY. | Slope Flat=+ Down=-) Up=)

VY. | Vessel Count Number of vessels colored

Ve, | Thal Normal=+ Rev=-) Fix=)

1. Missing Attribute Values: Several. Distinguished with value( -4%.+)
V. Results for this data base are as follow:

This Text has been generated Using DBRuleExtractor System
-Results of Step (1) Data Selection

V-Database Name: D:\PROJ-YV-T\databases\HeartY + + -.mdb

Y-Table Name: Heartdata

Y-Number of Selected Fields: ) ¢

¢-Feilds have been selected are: Status, Sex, Age, ChestPain, BloodPres,
Cholesteral, LowBloodSugar, ECG, HeartRate, Angina, OldPeak, Slope,
VesselCount, Thal.

oA
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-Results of Step (¥) Data Preprocessing & Normalization

Fields have to be coded are: Status, Sex, ChestPain, LowBloodSugar, ECG,
Angina, Slope, Thal.

All fields have been scaled to the range [-):V]

All fields have been normalized to unit one vector
-Results of Step () Genetic Algorithm - Cluster Seeds Detection
Parameters:

Population Size is: Y'Y

Chromosome Size is: )1

Maximum Number of cluster expected: ¥

Minimum Number of cluster expected: ¥

Limit Of generation count: Yo«

Number of detected clusters is: Y

DBi: +.47A£44.4¢

-Results of Step (£) neural network clustering-training
Parameters:

Number of Nodes :( got from GA):Y

Max Training Steps: )+

o9
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Alpha Value: +.°
Momentum Value: +.A

Weight Initialization Method :( Centers Of clusters From GA/Randomly):

centers of clusters From GA

Result of Step (°) Rules survey:

Statistical Analysis for each class....Done
Fuzzy mapping for qualitative attributes....Done
Forming IF..... Then Rules.....Done

The Target attribute is Status

Rules been generated for each class are:

IF (Age IS 27) AND (BloodPres IS YYY) AND (Cholesteral IS YY) AND
(HeartRate IS Y1) THEN Status is Sick

IF (Sex is male) AND (Age is ©°A) AND (ChestPain is Abnang) AND
(BloodPres is YY+) AND (Cholesteral is Y¢1) AND (LowBloodSugar is
false) AND (ECG is normal) AND (HeartRate is Y¢Y) AND (Angina is true)
AND (OldPeak is Y.£) AND (Slope is Up) AND (VesselCount is ‘) AND
(Thal is fix) THEN Status is Sick

IF (Age is between ( Yo - YV ) ) AND (BloodPres is between ( 4¢ - Y«+))
AND (Cholesteral is between (YY) - £+3)) AND (HeartRate is between ( V)
- Y40 )) THEN Status is Sick



Chapter Four Case Study, Conclusions and Future work

IF (Age IS °Y) AND (BloodPres IS YY) AND (Cholesteral IS Y¢¢) AND
(HeartRate IS Yo%) AND (OldPeak IS .evdYe) AND (Thal IS Rev) THEN
Status is healthy

IF (Sex is male) AND (Age is ©°Y) AND (ChestPain is Notang) AND
(BloodPres is YY+) AND (Cholesteral is YY) AND (LowBloodSugar is
false) AND (ECG is Hyper) AND (HeartRate is 1Y) AND (Angina is false)
AND (OldPeak is .Y) AND (Slope is Flat) AND (VesselCount is +) AND
(Thal is Rev) THEN Status is healthy

IF (Sex = female) AND (ChestPain = Notang) AND (BloodPres = Y'+)
AND (LowBloodSugar = true) AND (ECG = Hyper) AND (Angina = false)
AND (OldPeak = ¢.11eve) AND (Slope = Flat) AND (VesselCount = Y)
AND (Thal = Rev) THEN Status is healthy

1)
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¢ 1Y Car Marketing Database
V. Title: Car Evaluation Database
Y. Sources:
(a) Creator: Marko Bohanec
(b) Donors: Marko Bohanec (marko.bohanec@ijs.si)
Blaz Zupan  (blaz.zupan@ijs.si)
(c) Date: June, Y34V
Y. Relevant Information Paragraph:

Car Evaluation Database has been derived from a simple hierarchical
decision model originally developed for the demonstration of DEX
(M.Bohanec, V. Rajkovic: Expert system for decision making. Sistemica

Y(V),pp. £0-YeV, Y44+)), The model evaluates cars according to the following

concept structure:
CAR car acceptability
. PRICE overall price
.. buying buying price
.. maint price of the maintenance
. TECH technical characteristics

.. COMFORT comfort

Ty
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... doors number of doors

... persons capacity in terms of persons to carry
... lug_boot the size of luggage boot

. . safety estimated safety of the car

Input attributes are printed in lower case. Besides the target concept (CAR),

the model includes three intermediate concepts:

PRICE, TECH, COMFORT. Every concept is in the original model related
to its lower level descendants by a set of examples (for these examples sets

see http://www-ai.ijs.si/BlazZupan/car.html).

The Car Evaluation Database contains examples with the structural
information removed, i.e., directly relates CAR to the six input attributes:

buying, maint, doors, persons, lug_boot, safety.

Because of known underlying concept structure, this database may be
particularly useful for testing constructive induction and structure discovery
methods.

¢. Number of Instances: YV YA

(Instances completely cover the attribute space)
©. Number of Attributes: 1
1, Attribute Values:

buying  v-high, high, med, low

maint v-high, high, med, low

ay
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doors Y, ¥, & °-more
persons Y, £ more
lug_boot small, med, big
safety  low, med, high
Y. Missing Attribute Values: none
A. Class Distribution (number of instances per class)
class N N[%]
unacc YV« (V.0 YY O)
acc YAE  (YY.XYY %)
good 1 (Y997 %)
v-good 1o ((Y.V1Y %)
This text has been generated Using DBRuleExtractor System
-Results of Step (1) Data Selection
V-Databse Name: D:\PROJ-YV-T\databases\Cars.mdb
Y-Table Name: cars

Y-Number of Selected Feilds: v

¢
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¢-Feilds have been selected are: buying, maint, doors, persons, lug_boot,

safety, class,
-Results of Step (Y) Data Preprocessing & Normalization

Fields have to be coded are: buying, maint, doors, persons, lug_boot, safety,

class,

All fields have been scaled to the range [-):V]

All fields have been normalized to unit one vector
-Result of Step (¥) Genetic Algorithm - Cluster Seeds Detection
Parameters

Population Size is: Y'Y

Chromosome Size is: ‘1

Maximum Number of cluster expected: Y1

Minimum Number of cluster expected: ¥

Limit Of generation count: V-

Number of detected clusters is: Y

DBi :.YoATVEYaA0

-Results of Step (£) neural network clustering-training
Parameters:

Number Of Nodes :( got from GA) :¥

10



Chapter Four Case Study, Conclusions and Future work

Max Training Steps: )+
Alpha Value :¥.« YYYVE-+ Y
Momentum Value :+.A

Weight Initialization Method :( Centers Of clusters From GA/Randomly):

centers of clusters From GA

-Result of Step (°) Rules survey:

Statistical Analysis for each class....Done
Fuzzy mapping for qualitative attributes....Done
Forming IF..... THEN Rules.....Done

The Target attribute is class

Rules generated for each class are:

IF (buying is med) AND (maint is med) AND (doors is ¥) AND (persons is
£) AND (lug_boot is med) AND (safety is med) THEN class is acc

IF (buying = med) AND (maint = med) AND (doors = ¢) AND (persons = £)
AND (lug_boot = med) AND (safety = low) THEN class is acc

IF (buying is low) AND (maint is low) AND (doors is ¢) AND (persons is ¢)
AND (lug_boot is med) AND (safety is high) THEN class is good

IF (buying = low) AND (maint = low) AND (doors = ¢) AND (persons = ¢£)
AND (lug_boot = med) AND (safety = low) THEN class is good

R
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£.1.¢ Housing Database
V. Title: Boston Housing Data

Y. Sources:

(@) Origin: This dataset was taken from the StatLib library which is
maintained at Carnegie Mellon University.

(b) Creator: Harrison, D. and Rubinfeld, D.L. 'Hedonic prices and the

demand for clean air’, J. Environ. Economics & Management,
vol.o, AY-Y Y YAVA,

(c) Date: July v, Y44Y,
Y. Past Usage:

- Used in Belsley, Kuh & Welsch, 'Regression diagnostics ...", Wiley,

Y4A+«.  N.B. Various transformations are used in the table on pages Y¢¢-
YAy,

- Quinlan,R. (Y44Y). Combining Instance-Based and Model-Based
Learning. In Proceedings on the Tenth International Conference of

Machine Learning, YY1-Y&Y, University of Massachusetts, Amherst.
Morgan Kaufmann.

¢. Relevant Information:

Concerns housing values in suburbs of Boston.

©, Number of Instances; ©+1

1y



Chapter Four Case Study, Conclusions and Future work

1. Number of Attributes: 'Y continuous attributes (including "class" attribute
"MEDV"), ) binary-valued attribute.

V. Attribute Information:

Y. CRIM  per capita crime rate by town.

—

.ZN  proportion of residential land zoned for lots over Yo, «++ sq. ft.

-

. INDUS proportion of non-retail business acres per town

¢. CHAS Charles River dummy variable (= Y if tract bounds
river; + otherwise)

., NOX nitric oxides concentration (parts per Y+ million)

1. RM average number of rooms per dwelling.

Y. AGE  proportion of owner-occupied units built prior to Y4 ¢+,

A.DIS  weighted distances to five Boston employment centers.

1. RAD index of accessibility to radial highways.

V«. TAX  full-value property-tax rate per $)+,++ .

VY. PTRATIO pupil-teacher ratio by town

VY.B Y+ (Bk- «.AY)MY where Bk is the proportion of blacks by
town

VY. LSTAT % lower status of the population

‘¢, MEDV Median value of owner-occupied homes in $)+++'s
A. Missing Attribute Values: None.
This Text has been generated Using RulesExtractor System

Results of Step (V) Data Selection
V-Databse Name: F:\databases\Houses.mdb
Y-Table Name: HousePrices

Y-Number of Selected Fields: ) ¢

TA
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¢-Feilds have been selected are: HousePrice, TaxRate, HouseSize, HouseAge,
LotSize, RiverSide, CrimeRate, Industrial, AirQuality, Distance, Highways,
Pupils/Teacher, Blacks, Poverty,

Results of Step (Y) Data Preprocessing & Normalization

Fields have to be coded are: RiverSide,

All fields have been scaled to the range [-V:V]

All fields have been normalized to unit one vector

Result of Step (¥) Genetic Algorithm - Cluster Seeds Detection parameters

Population Size is: Y'Y

Chromosome Size is: ‘1

Maximum Number of cluster expected: A

Minimum Number of cluster expected: ¥

Limit Of generation count: ©+

Number of detected clusters is: Y

DBj :+.oY44r .1 £

Results of Step (£) neural network clustering-training

Parameters:

Number of Nodes :( got from GA):Y

Max Training Steps: ) -

Alpha Value: Y.+ YYYVE-+ Y

Momentum Value: «.A

Weight Initialization Method :( Centers Of clusters From GA/Randomly):

centers of clusters From GA

Result of Step (°) Rules survey:

Statistical Analysis for each class....Done

Fuzzy mapping for qualitative attributes....Done

Forming (IF..... THEN )Rules.....Done

The Target attribute is Poverty

!
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Rules have been generated for each class are:

IF (TaxRate IS 1YA) AND (HouseSize IS ©.22Y))) AND (HouseAge IS
4..14.4Y) AND (LotSize IS +) AND (CrimeRate IS Y).\YY1Y) AND
(Industrial IS YA 1eY£e) AND (AirQuality IS .7AY+1) AND (Distance IS
Y.+++V2) AND (Pupils/Teacher IS Y4.YYeAY) THEN Poverty is 3. YAYY
IF (HousePrice is Y£.1) AND (TaxRate is 117) AND (HouseSize is 1.)+Y)
AND (HouseAge is 1°) AND (LotSize is +) AND (RiverSide is +) AND
(CrimeRate is v.23Y¢A) AND (Industrial is YA.Y) AND (AirQuality is .14Y)
AND (Distance is Y.ATAY) AND (Highways is Y¢) AND (Pupils/Teacher is
Y+.Y) AND (Blacksis YVY.4Y) THEN Poverty is Y.+ YAYY

IF (TaxRate = 117) AND (RiverSide = +) AND (Industrial = £.£7AA) AND
(AirQuality = .¥)¥) AND (Highways = ©) AND (Pupils/Teacher = Y-.Y)
THEN Poverty is Y3.:YMY

IF (TaxRate is between ( €+Y - VYY) ) AND (HouseSize is between ( ¥.o7)
- AYA) ) AND (HouseAge is between ( €+.Y - Y++)) AND (CrimeRate is
between (.)+oVE - AAAVIY ) ) AND (Industrial is between ( YA) - YV.VE))
AND (AirQuality is between ( .eYY - .AYY ) ) AND (Distance is between (
YAYAT - €.2AY ) ) AND (Pupils/Teacher is between ( Y¢.V - Y).Y)) THEN

Poverty is 4.« YAYY

IF (TaxRate IS Y:V) AND (HouseSize IS 1.£¢¥Y¢A) AND (CrimeRate IS
¥+14v) AND (AirQuality IS .£41Y¢) AND (Highways IS ¢) AND
(Pupils/Teacher IS YV.A4¢03) AND (Blacks IS YA£ AIYYA) THEN Poverty
is 9. ATVAT,
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IF (HousePrice is YY.)) AND (TaxRate is Y+¢) AND (HouseSize is 1.7Y)
AND (HouseAge is ¢9.7) AND (LotSize is +) AND (RiverSide is *) AND
(CrimeRate is .YY12) AND (Industrial is 7.Y) AND (AirQuality is .£A%)
AND (Distance is £.YYY) AND (Highways is ¢) AND (Pupils/Teacher is
YA.Y) AND (Blacks is Y4Y.%) THEN Poverty is 3.AYYA1

IF (LotSize = Y).¢) AND (RiverSide = ') AND (Highways = ¢) THEN

Poverty is 4.AYVYA

IF (TaxRate is between ( YAY - £33 )) AND (HouseSize is between ( £.4VY
- AYYe ) ) AND (CrimeRate is between ( .++1YY - YA4Y¢ ) ) AND
(AirQuality is between (.YAe - AVY ) ) AND (Highways is between (Y - A)
) AND (Pupils/Teacher is between ( YY.7 - YY) ) AND (Blacks is between (
Ve A- Y41.9)) THEN Poverty is 1.AYVAT

Y
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¢.Y Conclusions

The soft computing technique for data mining problem proposed in this thesis

succeeds in:

)-

There is no worst time since GA based clustering gives Winner-take-all
network a suitable initialization parameters, this obvious from the fast
convergence of this network meanly Y« to © -« steps.

Extracting the important components easy through running same
dataset patterns frequently on the system.

Extracting the important values of important components can be used
to describe the clusters formed by production rules.

Individual component boundaries could consider as fuzzy set are then
used to extrapolate values that form the basis of rules.

Fuzzy sets make these simple rules can be easily exploited by an expert
or decision support system and are easily interpretable by an expert.
The model has the ability to deal with any database in any application
domain, this mean it is universal.

The system takes a reasonable time when to mine rules.

¢.Y Future Works

Y-

Y-

Developing the DBRulesExtractor system to deal with data of different
format such as multimedia.
Use navigation agents to collect data from different sources such as

web.

Yy



Appendix A

DBRuleExtractor System screen shots

\-Data Selection Screen Shot

Step 1 :DataBase Selector

DataBase Name | \mahdi?3-6\PROJ-27-65databases\Cars, mdk Brows Description

Table Name v | 1728 Records 7 Feilds

Select Interested Feilds

V| buying buying [ maint | doars |persons  [lug_boot | safety [class &

I maint vhigh whigh 2| 2 small low ‘unacc

! doors vhigh whigh 2| 2 small med ‘unacc

v persons vhigh vhigh 2 2 small high unacc

i lug_boot vhigh vhigh 2 2 med low unace

el vhigh  vhigh 2 2 med med unace

d ! ‘ vhigh | vhigh 2 2 med high | unacc
vhigh | vhigh 2 2 big low | unacc
vhigh | vhigh 2 2 big med | unacc
! vhigh | vhigh 2 2 big high | unacc
vhigh | vhigh 2 4 small low | unacc
vhigh | vhigh 2 4 small med | unacc
vhigh | vhigh 2 4 small high | unacc
vhigh | vhigh 2 4 med low | unacc
vhigh | vhigh 2 4 med med | unacc
vhigh | vhigh 2 4 med high | unacc
vhigh | vhigh 2 4 big low | unacc
vhigh | vhigh | 2 4 big med | unacc
vhigh | vhigh | 2 4 big high | unacc
vhigh vhigh 2 more small low unacc
whinh [ whinh [ 7V mnre [ emall | med [ HnARE .\'_
£ >
NewtStep | End |

Figure (A-V) Attributes Selector Interface




Y- Preprocessing Screen Shot.

Preprocessed data

Please Select ; ;

- buying [ maint | doors |persons  |lug boot | safety | class [ A
Feilds to be BGBEBE7  GOEGRE7 0 0 5 1. 6666667, =2
coded GBEEEE7  BEBEEET 0 0 5 5 BGEEEE7

[BE6GB67  .GBBEEE7 0 0 5 0 BEEEBE7

/| buying BE6GB67  .GGBEEE7 0 0 1. BGBEEE7

| maint EBE6GB67  .GGBEEE7 0 0 5 BGBEEE7

! doors BE6GBE7  .GRBEEE7 0 0 G 0 BEEEBE7

/| persons EBB6GEE7  GRBEEE7 0 0 0 1. BBBEEE7

: t‘aﬂ;tb;"‘ [BBEEEE7  .BBEEEET7 0 0 0 5 BGBEEE7

T EBEGBE7  .GRBEEE7 0 0 0 0 BEEEBE7

EB6GEE7  .GRBEEE7 0 i 5 1. BBBEEE7

EB6GBE7  .GGBEEE7 0 1. 5 5 BGBEEE7
EBEGBE7  .GRBEEG7 0 1. 5 0 BEEEBE7
EBGGBE7  .GRBEEE7 0 1. 1 1. BGBEEE7
EBEGBE7  GRBEEE7 0 1. 1 5 GGBEEG7
BBEGEE7  GRBEEG7 0 1. 1. 0 BEEEBE7
EBEGEE7  GRBEEG7 0 1. 0 1. GBEEEE7
B6GEE67  BRBEEET 0 1. 0 5 GGEEEE7
BEGEE67  BRBEGET 0 1. 0 0 BEEEBE7
BEGEE67  BRBEEET 0 5 5 1. BBEEEET
BEGEE67  BRBEGET 0 5 5 5 BBEGEET
RRRRRR7 RRRRRR7 n R R n RRRRRR7 !
3t ?
Replace valuse between | and | with | Do |
Next Step >> End |

Figure (A-Y) Preprocessing Interface



Y- Clusters Seeds Detection Screen Shot

Step 3 : Genetic algorithmF:\mahdi23-6\PROJ-27-6\databases\Cars.mdb

GA Data
Population Size : [=: Status: . TR
-~ e — e -~
¢ - -
Cromosome Size ]24 =2 B8 g TP B 8
~ % s = ¢ o S * - S
Gene Size | 7 /,"' e \.\ *\ ¥
o S 3 —_
g o sk o s N T
Max No of Clusters |13 Below CromSize 7 / A imiting BEAL L R, KRR
G v '..,_, -.-'-\_.?'_ ~ ’ b
% e o O SR .
Min No of Clusters ]2 more than 1 ,'( s -"-_',':{' R o \'\ T
}, ’.I :“,‘:'.?; rl . _: \. ::-‘;. \ “l'. 'l
Max No of Generations [100 £ g 3 I . f' ? o By "I. \:| . :| =
‘ = ' . S8 S0 -
N S e S S hel Y B e
Choose cromosme | L] 1. \ ,::ﬁ\\. N ol : j.... : ! ; {
‘Results: for best cromosome(network) \, oy \.‘\ \,-q__' s .',. > ¢ g
% -\: .o - --, - .;/ -
Number of Clusters(Nodes) ‘\ X W i e R B 4
N My b .—_ : :_,-- AR o ’ s
1 | Mean Squre Eror G NG AR _w , .
) Ry " e e 5 <
Davies-Bouldin index(DEI) bt Vi Do o B A I
i N T~ T 1 (L i e Y -~
MaX Fitness MR, Ce o ol
Start GA Save Graph to disk Next Step End

Figure (A-Y) Genetic Algorithm interface



¢ - Result of GA Seeds detection

Step 3: Genetic algorithmF:\mahdi23-6\PR0OJ-27-6\databases\Cars.mdb

GA Data—
Population Size : | 12 Status:
Genetic
Cromosome Size |24 Finshed
Gene Size |
Max No of Clusters 18 Below CromSize
Min No of Clusters |2 more than 1
' MaxNo of Generations |1 oo
Choose cromosme I _._'
rResults: for best cromosome(hetwork]
MNumber of Clusters(Nodes) 3
tean Squre Ermor 29747010771
Davies-Bouldin index(DBI) 6747130063
M&X Fithess 1.4821116395
Start GA Save Graph to disk

Figure (A-¢) Building ANN interface



o- Clustering using Winner-Take-All screen shot

Step 4 : Neural Netwok

| Max Training Steps |1 oo
Alpha Value: ,05—'
momentom

IU.B

-Results: for best cromosome[network]

MNumber of Clusters(Nodes) 2

Mean Squre Eror 11454414416

Cluster [ NoDiPaints | | |
clusterd 133
clusterl 1536

f_, AHHA[ >

Initial weights :
’ ¢ Seeds From GA " Random

Start Training | Back To GA | MNext Step

Save to disk |

End

Figure (A-°) Winner-Take-All learning




1- Classification, Labeling Classes, and Rule Generation Screen Shot

Rules generation : completed

buying | maint | doors |persons [ lug boot | safety | class | class

vhigh vhigh 2 2 small low unacc 1
vhigh vhigh 2 2 small med unacc 8
vhigh vhigh 2 2 small high unacc 3
vhigh vhigh 2 2 med low unacc 4
vhigh vhigh 2 2 med med unacc 4
vhigh vhigh 2 2 med high unacc 3
vhigh vhigh 2 2 big low unacc 1
vhigh vhigh 2 2 big med unacc 8
vhigh vhigh 2 2 big high unacc 8
vhigh vhigh 2 4 small low unacc 5
vhigh vhigh 2 4 small med unacc 5
vhigh vhigh 2 4 small high unacc 2

ons is more) AND (lug_boot is small) AND (safety is high) THEN class is good ~
1s =4) AND (lug_boot = med) AND (safety = low) THEN class is good

sons is 2) AND (lug_boot is med) AND (safety is high) THEN class is acc
»ns =4) AND (lug_boot = med) AND (safety = low) THEN class is acc

yns is 2) AND (lug_boot is small) AND (safety is med) THEN class is acc
»ns = 4) AND (lug_boot = med) AND (safety = low) THEN class is acc

< ‘ %

<< Back to NN | Target Attribute: Iclass

Figure (A-1) Classification, Labeling Classes, and Rule Generation

Vi



V-Data Selection Screen Shot

Step 1 :DataBase Selector.

DataBase Name |'5 vmahdi23-6\PROJ-27-6\databasesiCancer.mdb Brows Description
Table Name IBFIEAST _:J 457 Records 11 Feilds
Select Interested Feilds
C] Sample | Clump Thick| Uniformity of| Uniformity of| Marginal Adl| Single Epith| Bare N A
| Clump Thickness 1 5 3 2 4 2 =
! Uniformity of Cell Size 2 7 5 10 10 10 ==
! Unifarmity of Cell Sha 3 10 g a 2 3
v Marginal Adhesion
! Single Epithelial Cell £ ; g g g : g
v Bare Nuclei 6 1 1 1 1 10
v Bland Chromatin
v Normal Nucleoli 7 = 1 1 1 2
v| Mitoses 8 5 3 2 1 3
| Class 9 2 3 1 1 2
10 5 5 5 2 5
11 10 10 10 3 10
12 5 1 2 1 2
13 4 1 1 1 2
14 5 1 1 1 2
15 3 1 1 1 2
16 4 2 1 1 2
17 5 6 B 2 4
18 4 1 1 1 2
19 4 1 1 3 1
2n 1 2 ) 1 2 bt
<@ >
Next Step | End |

Figure (A-V) Attributes Selector Interface

VIl



A- Preprocessing Screen Shot.

Preprocessed data

Please Select Sample | Clump Thick| Unifarmity of | Unifarmity of | Marginal Adl| Single E pith| Bare Nuclei | B ~

1 5556556 GBGEGG7  GOGGE67 7777778 5555556 5555556
coded 2 1.| .9888989 4444444 4444444 3890889 4444444

3 IR 2222222 1. BGEEEE7 4444444 9838389
| Sample 4 1111111 6B6BEE7 3333333 1111111 4444444 4444444
| Clump Thickness 5 5E5E556 111111 2222222 2222222 111111 4444444
! Uniformity of Cell Siz B .4444444 5555556 5555556 5555556 .9888883 5555556
! Uniformity of Cell Sk 7 2222222 GESSESE 5555556 5555556 5555556 5595556
bAMangnaldhesian 8  G555556  GGGEG67 3333333  GO55556  44444dd 2200022
[} Single Epthickal Cel 9 2222222  GGBEEE7 5555556 5555556 5555556 5555556

v Bare Nuclei

; 10 5555556  .888888S 1111111  .BEEEEET 2222222 4444444
! Bland Chromatin

I Nomal Nudleol 11 7777778 4444444 4444444 3333333 8898809 3333333
¥l Mitoses 12 5555556 5555556  GEGGGE7 5555556 5555556 5555556
\, 13 3333333 6555556 5555556 5555556 5555556 5555556
i 14 5555556  .5555556 5555556 5555556 5555556 5555556
15 BEGEE67 5555556 5555556 5555556 5555556 5555556
16 3333333 3333333 5555556 5555556 5555556 7777778
17 5555556 1111111 8888889 .6GGEE67 .GGEEE67 4444444
18 3333333 5555556 5555556 5555556 5555556 5555556
19 3333333 5555556 5555556 3333333 7777778 GE6EGE7

20 4444444 3333333 3333333 6555556 5555556 5555556
210 A I RRRRRR7 FRARARR RRARARRR. RRARARRR. 7

<)) 2
Replace valuse between | and | with | Do |

End |

Figure (A-A) Preprocessing Interface
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4- Clusters Seeds Detection Screen Shot

Step 3 : Genetic algorithmF:\mahdi23-6\PR0OJ-27-6\databases\Cancer.mdb

rGA Data

Population Size :

EZ Status:
|1 6

|1 [ Below CromSize
|2 more than 1
Max No of Generations |1 oo

Cromosome Size

Gene Size

Max No of Clusters

Min No of Clusters

Choose cromosme |

rResults: for best cromosome(hetwork])
MNumber of Clusters(Nodes]

Mean Squre Eror

Davies-Bouldin index(DEBI)

Ma&X Fithess

Start GA Save Graph to disk

- — e

g ——

Next Step

End

Figure (A-%) Genetic Algorithm interface




\ - Result of GA Seeds detection

Step 3 : Genetic algorithmF:\mahdi23-6\PROJ-27-6\databases\Cancer.mdb

Max No of Generations |1 ooy

G4 Data
Population Size : | 17 Status:
Genetic
Cromosome Size |1 = Finshed
Gene Size | 0
Max No of Clusters |1 = Below CromSize
Min No of Clusters |2 more than 1

Choose cromosme I

‘Results: for best cromosome(network)—
MNumber of Clusters[Nodes] 3
tMean Squre Ermor 1186000199
D avies-Bouldin index(DBI) 9191357617
MaX Fithess 1.0879785574
Start GA& Save Graph to disk

Next Step

End

Figure (A-) +) Building ANN interface




\\- Clustering using Winner-Take-All screen shot

Step 4 : Neural Netwok

Max Training Steps |10

Alpha Value: IUS—
momentom
'U. 8

-Results: for best cromosome(hetwork)

Number of Clusters(Nodes) 3

Mean Squre Ermor 03364086939

Cluster I NoOfPoints | I I

clusterd | 302
cluster | 134
cluster2 22

<)) ¥
rInitial weights :
(¢ Seeds From GA " Random
Start Training Back To GA Next Step Save to disk End

Figure (A-YY) Winner-Take-All learning

Xl



\ Y- Classification, Labeling Classes, Rule Generation Screen Shot

Rules generation : completed

Sample Clump Thick| Uniformity of | Uniformity of | Marginal &dl| Single Epithi| Bare Nuclei | Bland Chior| Norma A
........................... 1; 5 3 2 4 2 1 1 E
2 7 5 10 10 10 10 4 B
3 10 8 8 2 3 4 8
4 6 3 3 5 3 10 3
5 5 6 7 8 8 10 3
6 1 1 1 1 10 1 1
7 2 1 1 1 2 1 3
8 5 3 3 1 3 3 3
9 2 3 1 1 2 1 2
10 5 5 5 2 5 10 4
1 10 10 10 3 10 8 8 v
i ()| b

IF (Clump Thickness IS 2) AND (Uniformity of Cell Size IS 4) AND (Unifor ~
IF (Clump Thickness = 2) AND (Uniformity of Cell Size = 4) AND (Uniform

IF (Clump Thickness IS 4) AND (Uniformity of Cell Size IS 4) AND (Unifor
IF (Clump Thickness = 3) AND (Uniformity of Cell Size =8) AND (Uniform

IF (Clump Thickness IS 8) AND (Uniformity of Cell Size IS 6) AND (Unifor —
IF (Clump Thickness =7) AND (Uniformity of Cell Size =6) AND (Uniform
v

S | A

<< Back to NN | End |

Figure (A-)Y) Classification, Labeling Classes, and Rule Generation

Xl
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