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ABSTRACT
The goal of this study is to identify and evaluate data mining algorithms which are
commonly implemented in supervised classification task.
Five data mining classification algorithms (Classifiers) have been identified and discussed:
Decision tree, Neural networks, Support Vector Machine (SVM), Naïve Bayes, and kNearest Neighbor. Classification performance of these models using various validation
methods, along with the main methods and criteria of evaluation of these models are also
have been discussed.
In this study a comparative case study was held as an empirical implementation and
evaluation of these five data mining classifiers, assigned to three different datasets to
classify and predict the class membership of binary (2-class) and multi-class categorical
dependent variables present in these datasets, these datasets were different among each
other regarding their size (relatively large and small), and type of predictors (ordinal,
numeric, and categorical), as well as number of classes associated with the categorical
dependent variable presents in each datasets. These set of classifiers were validated by
using the famous validation methods: Hold- out validation, 10-Fold cross-validation, and
Bootstrapping, and evaluated regarding to their overall classification accuracy, the time
taken for building the model, and interpretability.
We concluded that, Decision tree was the best classification model that gave the highest
overall averaged accuracy for classifying binary categorical dependent variable presents in
relatively large dataset, and the best method of validation in such a case was a Hold-out.
Since, neural networks was the best classification model that gave the highest overall
averaged accuracy for classifying (3-class) categorical dependent variable presents in
relatively small dataset, and the best methods of validation in such a case were Hold-out,
and bootstrapping. While, SVM was the best classification model that gave the highest
overall averaged accuracy for classifying (7-class) categorical dependent variable presents
in relatively small dataset, 10-fold cross-validation was the best method of validation in
this case.
Regarding the time taken for building the model, Neural networks classification model was
the slowest time taking for classifying (2, 3, and 7-class) categorical variable presented in
the respective datasets, while k-Nearest Neighbor was the fastest one for such a case.
Regarding the interpretability of the model, Decision tree was the most interpretable
classifier, perfectly explained and understood by the users.
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ﻣﻠﺧص ﺑﺎﻟﻠﻐﺔ اﻟﻌرﺑﯾﺔ
ﺗﻬــدف ﻫــذﻩ اﻟد ارﺳــﺔ إﻟــﻰ اﻟﺗﻌــرف ﻋﻠــﻰ أﺷــﻬر ﺗﻘﻧﯾــﺎت اﻟﺗﻧﻘﯾــب ﻋــن اﻟﺑﯾﺎﻧــﺎت وﺗﻘﯾﯾﻣﻬــﺎ ،ﻋــﺎدةً ﻣــﺎ

ﺗﺳﻣﻰ ﻫذﻩ اﻟﺗﻘﻧﯾﺎت ﺑﺎﻟﻣﺻﱢﻧﻔﺎت ،وذﻟك ﻻﺳﺗﺧداﻣﻬﺎ ﻓﻲ ﺗﺻﻧﯾف اﻟﻣﺗﻐﯾرات اﻟﺗﺎﺑﻌﺔ اﻟوﺻﻔﯾﺔ أو اﻟﻔﺋوﯾﺔ.

ﻓﻲ ﻫذﻩ اﻟدراﺳﺔ ﺗﻣت ﻣﻧﺎﻗﺷﺔ اﻟﻔﻛرة اﻟرﺋﯾﺳﯾﺔ وآﻟﯾﺔ ﻋﻣل ﺧﻣس ﻣن ﻫـذﻩ اﻟﻣﺻـﱢﻧﻔﺎت وﻫـﻲ :ﺷـﺟرة اﻟﻘـرار،
واﻟﺷﺑﻛﺎت اﻟﻌﺻﺑﯾﺔ ،وآﻟﺔ دﻋم اﻟﻣﺗﺟﻪ ،و ﻣﺻﻧف ﺑﯾز ،واﻟﺟﺎر اﻷﻗرب .ﺑﺎﻹﺿﺎﻓﺔ إﻟﻰ اﻟﺗﻌرف ﻋﻠﻰ أﻫـم

طــرق ﻗﯾــﺎس ﻓﻌﺎﻟﯾــﺔ ﻫــذﻩ اﻟﻣﺻـﱢﻧﻔﺎت واﻟﺣﺻــول ﻣﻧﻬــﺎ ﻋﻠــﻰ ﻧﻣــﺎذج ﺗﻧﺑؤﯾــﺔ ﻟﻠﺗﺻــﻧﯾف ،وﻛــذﻟك ﻣﻧﺎﻗﺷــﺔ أﻫــم

اﻟطرق واﻟﻣﻌﺎﯾﯾر اﻟﻣﺳﺗﺧدﻣﺔ ﻓﻲ ﺗﻘﯾﯾم ﺗﻠك اﻟﻧﻣﺎذج.

ﺗـم ﻓــﻲ ﻫــذﻩ اﻟد ارﺳــﺔ ﻋﻘــد د ارﺳـﺔ ﺗطﺑﯾﻘﯾــﺔ ﻟﻣﻘﺎرﻧــﺔ وﺗﻘﯾــﯾم ﻓﻌﺎﻟﯾــﺔ ﺗﻠـك اﻟﻣﺻـﱢﻧﻔﺎت ﻣــن أﺟــل اﻟﺣﺻــول ﻣﻧﻬــﺎ

ﻋﻠــﻰ ﻧﻣــﺎذج ﺗﻧﺑؤﯾــﺔ ﻋﻧــد ﺗطﺑﯾﻘﻬــﺎ ﻓــﻲ ﺗﺻــﻧﯾف اﻟﻣﺗﻐﯾ ـرات اﻟﻔﺋوﯾــﺔ ،وذﻟــك ﺑﺗطﺑﯾــق ﻫــذﻩ اﻟﻣﺻ ـﱢﻧﻔﺎت ﻋﻠــﻰ
ﺛــﻼث ﻣﺟﻣوﻋــﺎت ﻣﺧﺗﻠﻔــﺔ ﻣــن اﻟﺑﯾﺎﻧــﺎت ﻣــن ﺣﯾــث اﻟﺣﺟــم ،ﻓﻣﻧﻬــﺎ اﻟﻛﺑﯾ ـرة ﻧﺳــﺑﯾﺎً وﻣﻧﻬــﺎ ﻣﺗوﺳــطﺔ اﻟﺣﺟــم،
وﻛﺎﻧـت ﻫــذﻩ اﻟﺑﯾﺎﻧــﺎت ﻣﺧﺗﻠﻔــﺔ أﯾﺿـﺎً ﻣــن ﺣﯾـث ﻧــوع اﻟﻣﺗﻐﯾـرات اﻟﻣﺳــﺗﻘﻠﺔ )ﻛﻣﯾــﺔ ،أو ﺗرﺗﯾﺑﯾــﺔ ،أو وﺻــﻔﯾﺔ(،

وأﯾﺿﺎً ﻣن ﺣﯾث ﻋدد ﻓﺋﺎت اﻟﻣﺗﻐﯾر اﻟﺗﺎﺑﻊ ) ،ﺛﻧﺎﺋﯾﺔ اﻟﻔﺋﺔ ،ﻣﺗﻌددة اﻟﻔﺋﺎت(.
ﻟﺗﻘــدﯾر ِدﻗــﺔ اﻟﺗﺻــﻧﯾف ﻟﻬــذﻩ اﻟﻧﻣــﺎذج ﻗــد ﺗــم ﺗطﺑﯾــق ﻫــذﻩ اﻟﻣﺻــﻧﻔﺎت ﻋﻠــﻰ ﺛــﻼث طــرق ﻣــن طــرق ﻗﯾــﺎس
اﻟﻔﻌﺎﻟﯾﺔ وﻫﻲ Hold out validation :و  10-Fold Cross validationو .Bootstrapping

وﻛﺎﻧــت اﻟﻣﻌــﺎﯾﯾر اﻟﻣﺳــﺗﺧدﻣﺔ ﻓــﻲ ﺗﻘﯾــﯾم ﻫــذﻩ اﻟﻣﺻ ـﱢﻧﻔﺎت واﻟﻧﻣــﺎذج اﻟﺗﻧﺑؤﯾــﺔ ﻫــﻲ :اﻟﺗﻘﯾــﯾم ﻣــن ﺣﯾــث ِ
اﻟدﻗــﺔ

اﻟﻛﻠﯾﺔ ﻓﻲ اﻟﺗﺻﻧﯾف ،و اﻟوﻗت اﻟﻣﺳﺗﻬﻠك ﻟﺑﻧﺎء اﻟﻧﻣوذج ،و ﺳﻬوﻟﺔ ﺗﻔﺳﯾر اﻟﻧﻣوذج.

ﺗﺑ ــﯾن ﻣـ ـن اﻟد ارﺳ ــﺔ أﻧ ــﻪ ﻋﻧ ــد اﺳ ــﺗﺧداﻣﻧﺎ ﻟﻬــذﻩ اﻟﻣﺻـ ـﱢﻧﻔﺎت ﻓ ــﻲ ﺗﺻ ــﻧﯾف اﻟﻣﺗﻐﯾ ــر اﻟﺗ ــﺎﺑﻊ ﺛﻧ ــﺎﺋﻲ اﻟﻔﺋ ــﺔ ﻓ ــﻲ
ﻣﺟﻣوﻋﺔ اﻟﺑﯾﺎﻧﺎت اﻟﻛﺑﯾرة ﻧﺳﺑﯾﺎً ،أظﻬر ﻧﻣوذج ﺷﺟرة اﻟﻘرار أﻋﻠﻰ ِدﻗﺔ ﻓﻲ اﻟﺗﺻﻧﯾف ﻣن ﺑﯾن ﻫذﻩ اﻟﻧﻣﺎذج

و اﻟﻣﺻﱢﻧﻔﺎت اﻟﻣﺗﻧﺎﻓﺳﺔ ،وﻛﺎﻧت أﻓﺿل اﻟطرق ﻓﻲ ﻗﯾﺎس اﻟﻔﻌﺎﻟﯾﺔ ﻟﻬذا اﻟﻧﻣوذج ﻫﻲ .Hold-out

وﻋﻧــد ﺗﺻــﻧﯾف اﻟﻣﺗﻐﯾــر اﻟﺗــﺎﺑﻊ ذو اﻟــﺛﻼث ﻓﺋــﺎت ﻓــﻲ ﻣﺟﻣوﻋــﺔ اﻟﺑﯾﺎﻧــﺎت اﻟﻣﺗوﺳــطﺔ اﻟﺣﺟــم ،أظﻬــر ﻧﻣــوذج
اﻟﺷﺑﻛﺎت اﻟﻌﺻﺑﯾﺔ أﻋﻠﻰ ِدﻗﺔ ﻓﻲ اﻟﺗﺻﻧﯾف ﻣـن ﺑـﯾن ﻫـذﻩ اﻟﻧﻣـﺎذج واﻟﻣﺻـﻧﻔﺎت اﻟﻣﺗﻧﺎﻓﺳـﺔ ،وﻛﺎﻧـت أﻓﺿـل

اﻟطرق ﻓﻲ ﻗﯾﺎس اﻟﻔﻌﺎﻟﯾﺔ ﻟﻬذا اﻟﻧﻣوذج ﻛل ﻣن  Hold-outو .Bootstrapping

أﻣﺎ ﻋﻧد ﺗﺻﻧﯾﻔﻧﺎ ﻟﻠﻣﺗﻐﯾر اﻟﺗﺎﺑﻊ ذو اﻟﺳﺑﻊ ﻓﺋﺎت ،ﻛﺎن ﻧﻣوذج آﻟﺔ دﻋم اﻟﻣﺗﺟﻪ ﻫـو اﻷﻓﺿـل ﻣـن ﺑـﯾن ﻫـذﻩ
اﻟﻧﻣﺎذج واﻟﻣﺻﻧﻔﺎت اﻟﻣﺗﻧﺎﻓﺳﺔ ،ﺣﯾث أظﻬر أﻋﻠﻰ ِدﻗـﺔ ﻓـﻲ اﻟﺗﺻـﻧﯾف  ،وﻛﺎﻧـت أﻓﺿـل اﻟطـرق ﻓـﻲ ﻗﯾـﺎس
اﻟﻔﻌﺎﻟﯾﺔ ﻟﻬذا اﻟﻧﻣوذج ﻫﻲ .10-Fold cross-validation

أﻣﺎ ﺑﺎﻟﻧﺳﺑﺔ ﻟﺗﻘﯾﯾم ﻫذﻩ اﻟﻧﻣﺎذج ﺑﻣﻌﯾﺎر اﻟوﻗت اﻟﻣﺳﺗﻬﻠك ﻟﺑﻧﺎء اﻟﻧﻣوذج اﻟﺗﻧﺑؤي ،ﻓﻛـﺎن اﻷﺳـرع ﻫـو ﻧﻣـوذج

اﻟﺟﺎر اﻷﻗرب ،أﻣﺎ ﻧﻣوذج اﻟﺷﺑﻛﺎت اﻟﻌﺻﺑﯾﺔ ﻓﻛﺎن اﻷﺑطﺄ ﻓﻲ ﺟﻣﯾﻊ اﻟﺣﺎﻻت.

أﻣﺎ ﻋن ﺳﻬوﻟﺔ ﺗﻔﺳـﯾر اﻟﻧﻣـوذج ،ﻓـﺄن ﻧﻣـوذج ﺷـﺟرة اﻟﻘـرار ﻛـﺎن اﻷﻓﺿـل ،ﺣﯾـث ﯾﻣﻛـن ﺗﻔﺳـﯾر وﺷـرح ﻫـذا
اﻟﻧﻣوذج ﺑﺷﻛل ﯾﻣﻛن ﻓﻬﻣﻪ ﻣن ِﻗﺑل اﻟﻣﺳﺗ ِ
ﺧدﻣﯾن ﺑﺷﻛل ﺳﻠس وﺳﻬل ﺟداً.
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Chapter 1: Introduction
1.1 General Introduction
The increase of data collection due to the increasing power of computer technology
in data repository and storage devices, is motivated standard or traditional statistical
methods to be extended and prepared to handle complex different type and size of datasets.
As data sets have grown in size and complexity, and may contain valuable hidden
information needs to be discovered that can be used to solve some decision making
problems. On the other hand the advancement of technology also allows to develop new
methods like those in data mining that dealing and handling large and complex dataset.
Data mining is an extension of traditional statistical methods, allows development of new
techniques to deal with more complicated data type to satisfy and match the needs for
advanced data analyzing.
Data mining methods and algorithms serves statistics in several tasks, such as tasks
of classification, prediction, clustering, and etc. Several data mining techniques are
proposed for various tasks.
However, in classification task where such a predictive model is needed to predict and
classify the class membership of categorical dependent variable based on available data,
there are powerful traditional statistics techniques are used as predictive models assigned
for such a task, such as Linear Discriminate Analysis (LDA), and Logistic regression, these
methods are assumption driven, and violating these assumptions due to the diversity and
complexity of the type, size and the shape of data, as the case in most of real world data,
which may affect the results gained by those methods and gives misleading classification
and prediction.
Unlike those methods, data mining is data driven, it can handle and deal with any type and
shape of data, where noise, higher –dimensionality, mixture type of variables, and missing
values are present as well.
There are several data mining techniques and predictive models are available for
classification task, these techniques are called classification models or classifiers.
This study will be concerned with identifying and evaluating the most famous five data
mining methods and techniques commonly used for classification: Decision tree, Neural
networks, Support Vector Machines (SVM), Naïve Bayes, and k-Nearest neighbor,
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together with the famous methods of validation: Hold-out validation, 10-fold crossvalidation, and Bootstrapping. These classifiers will be validated against three different
datasets and evaluated according to their empirical performance through a comparative
case study to be held in this study as well.
1.2 Motivation
One of the main issues motivating us to perform this study is the diversity of data mining
algorithms and techniques used for classification, which less or no parametric assumptions
needed to perform a predictive model, makes data mining techniques very practical and
easier than classification using traditional statistical methods of classification, such as
Linear Discriminate Analysis, or Logistic Regression which lots of assumptions are
sensitive to be violated, It's seems so practical for messier real world data due to the
diversity and complexity of the type, size and the shape of data where specific assumptions
are mostly violated, despite of both Linear Discriminate Analysis and Logistic Regression
have the same approach of data mining methods for classification, they still considered or
called as traditional or standard statistical methods of classification and not considered as
data mining classification methods in all literatures.
Also the diversity of various types of businesses needs satisfy their objectives regard the
classification models to be used such as: Highest accuracy, the time taken to build the
model, or the interpretability of the model, this is also motivating us to give some guides
to help decision makers to identify and realize the characteristics of the various data
mining classification models satisfy their needs and objectives, where a single data mining
technique may not sufficient for addressing every type problem.

1.3 Research Questions
In this research we are going to evaluate a set of data mining classification models, the
evaluation of these classifiers will be regarding to their empirical performance. Therefore,
we hope to answer the following listed questions of the research:
1. Which classification model assigned for classifying binary and multi-class categorical
variable associated with small and large datasets, that gives the highest classification
accuracy?
2. Which classifier is the fastest, and slowest its time taken to build its classification model
for classifying 2,3, and 7- class categorical variable?
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3. Which validation method implemented in this set of classifiers gives the most and
frequent accurate results in classification?
4. Which classification model is most interpretable, perfectly explained and understood by
the users?

1.4 Objectives
The main goals and objectives of this study could be stated as follows:
1. Identify the most famous data mining algorithms and techniques which are commonly
implemented in supervised classification task: Decision tree, Neural networks, Support
Vector Machines (SVM), Naïve Bayes, and k-Nearest Neighbor, by discussing and
exploring the main idea and mechanisms of each technique from theoretical perspective.
2. Determine and identify the usability of selected three validation methods: Hold-out
validation, 10-fold cross-validation, and Bootstrapping.
3. Evaluate these five selected competing data mining classification models, according to their

overall classification accuracies, the time consuming for building the model, and
interpretability of the model.

1.5 Methodology
The methodology of this research is based on covering the main theoretical aspects of data
mining classifiers, for this reason we are going to discuss and identify the main idea and
mechanism of five selected data mining predictive models commonly implemented in
supervised classification task, along with their famous methods of validation and
evaluation.
The type of this research can be classified as a applied one. This is because the analyses
and the evaluation of these classifiers are focused on their empirical performance.
Therefore, in this research we are going to perform a comparative case study with an
empirical implementation and evaluation of these five data mining classifiers, assigned to
three different (in both type of attributes and the size of the dataset) datasets containing
binary and multi-class categorical dependent variable, and mixed (ordinal, numeric, and
categorical) predictors.
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The Software Used
1. R Statistical package is mainly used for data exploration, description, and
classification modeling and analysis.

2. WEKA 3.7, is partially used for estimating the time taken to build the model at a
personal computer with processor: Pentium(R) Dual-Core 2.50GHz, and memory:
2048MB RAM. More details about the codes and libraries used in R and WEKA
can be found in the appendices section.

1.6 Research Organization and Content
This thesis is organized into six chapters, the illustration of the organization and content of
this study as follows:
Chapter one: is devoted to introduce an overview of our study and the main motivations,
problems, objectives, methodology, and literature review of this research. Chapter two:
Here we will discuss the data mining as a process and illustrating the main concepts and
tasks of the data mining. While in chapter three, classification, which is one of the main
tasks in data mining will be discussed along with more emphasizing on the various data
mining classification models (Classifiers) used for classification, such as, Decision tree,
Neural networks Naïve Bayes, k-Nearest Neighbor (k-NN) and Support Vector Machines
(SVM), the algorithms and mechanisms of these classifiers will be discussed. In chapter
four, various method of classifier validation will be discussed, the various ways of data
partitioning for training and validating the performance of such a classifier. Also, various
classification model evaluation metrics methods used for evaluation of classifiers,
according to their predictive classification accuracy measures, and other specific
evaluation criteria, such as specificity and sensitivity measures will be discussed as well.
Chapter five will be devoted for a comparative case study with an empirical
implementation and evaluation of five data mining classifiers assigned to three different
dataset containing binary and multi-class categorical dependent

variable and mixed

(ordinal, numeric, and categorical) predictors. And in chapter six, we will sum up the thesis
with the conclusion and recommendation
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1.7 Literature Review
As a literature review, several studies have been conducted for the similar approach,
however, the majority of them were evaluating and comparing classification models
associated with both data mining and traditional statistical classification models.
One of the main studies with similar approach that have been done by (Kamila Aftarczuk
2007) in her master thesis entitled " Evaluation of selected data mining algorithms
implemented in Medical Decision Support Systems ", The analyses have shown that it is
very difficult to name a single data mining algorithm to be the most suitable for the
medical data. The results gained for the algorithms were very similar. However, the final
evaluation of the outcomes allowed singling out the Naïve Bayes to be the best classifier
for the given domain. It was followed by the Multilayer Perceptron and the C4.5. A study
with respect to comparative assessment of classification methods has been done by Kiang
(2003). In this study Kiang has considered data mining classification techniques neural
networks and decision tree models and three statistical methods – linear discriminant
analysis (LDA), logistic regression analysis and k-nearest-neighbor (kNN) models, and
used synthetic data to perform a controlled experiment in which the data characteristics are
systematically altered to introduce imperfections such as nonlinearity, multicollinearity,
unequal covariance, etc. The study was performed to investigate how these different
classification methods performed when certain assumptions about the data characteristics
were violated and Kiang showed that data characteristics considerably impacted the
classification performance of the methods. (Noha Lim, 2007) evaluated the performance of
classification methods Random Forest (RF), Support Vector Machines (SVM), Boosting
Methods,

kNN: k-Nearest Neighbor classifiers Shrunken Centroids (SC), and Linear

Dicriminant Analysis (LDA), using five microarray datasets and simulation datasets. This
study shows that the performance of the proposed methods is consistently good in terms of
overall accuracy.
Efron (1983) conducted five sampling experiments and compared leave-one-out crossvalidation, several variants of bootstrap, and several other methods. The results indicated
that leave-one-out cross-validation gives nearly unbiased estimates of the accuracy, but
often with unacceptably high variability, particularly for small samples; and that the .632
bootstrap performed best.
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Breiman et al. (1984) conducted experiments using cross-validation for decision tree
pruning. They chose ten-fold cross-validation for the CART program and claimed it was
satisfactory for choosing the correct tree.
Jain, Dubes & Chen (1987) compared the performance of the bootstrap and leave-one-out
cross-validation on nearest neighbor classifiers using artificial data and claimed that the
confidence interval of the bootstrap estimator is smaller than that of leave-one-out. Weiss
(1991) followed similar lines and compared stratified cross-validation and two bootstrap
methods with nearest neighbor classifiers. His results were that stratified two-fold cross
validation is relatively low variance and superior to leave-one-out.
(Kohavi 1995) compared several approaches to estimate accuracy: cross-validation
(including regular cross- validation, leave-one-out cross-validation, stratified crossvalidation) and bootstrap (sample with replacement), He reported on a large- scale
experiment over half a million runs of C4.5 and a Naive-Bayes algorithm on real-world
datasets. For cross validation, he vary the number of folds and whether the folds are
stratified or not; for bootstrap, he vary the number of bootstrap samples. The results
indicate that for real-word datasets, the best method to use for model selection is ten-fold
stratified cross validation, as it tends to provide less biased estimation of the accuracy.
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Chapter 2: Data Mining Overview
2.1 Introduction
Data mining is one phase of a process called Knowledge Discovery in Database
(KDD), it's the analysis step in KDD process. Which is the process of extracting
meaningful information from large datasets.
The phrase knowledge discovery in databases was appeared at the first KDD workshop in
1989 (Piatetsky-Shapiro 1991).
In (Fayyad U., et. al.1996) view, KDD refers to the overall process of discovering useful
knowledge from data, and data mining refers to a particular step in this process. Data
mining is the application of specific algorithms for extracting patterns from data.
Historically, the notion of finding useful patterns in data has been given a variety of
names, including data mining, knowledge extraction, information discovery, information
harvesting, data archaeology, and data pattern processing. The term data mining has mostly
been used by statisticians, data analysts, and the management information systems (MIS)
communities. It has also gained popularity in the database field.
The term "Data Mining" appeared around 1990, and became the accepted customary term,
and very rapidly a trend that even overshadowed more general terms such as knowledge
discovery in databases (KDD) that describe a more complete process.
Both terms data mining and knowledge discovery are used interchangeably, and also these
terms are used as synonyms.
There have been some efforts to define standards for the data mining process, for example
the 1999 European Cross Industry Standard Process for Data Mining (CRISP-DM 1.0).
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2.2 Knowledge Discovery in Databases (KDD) Process
Knowledge discovery in databases (KDD), is the process of turning the low-level
data into high-level knowledge. Frequently defined as "Knowledge discovery is the
process of nontrivial extraction of implicit, previously unknown and potentially useful
information from data in databases" (Frawley et. al, 1992). While data mining and KDD
are often treated as equivalent words, but in real, data mining is an important step in the
KDD process. The following figure 2.1 shows data mining as a step in the knowledge
discovery process.

Figutre2.1: Knowledge Discovery in Databases (KDD) Process, (Vladan Devedzic, 2003)
The KDD is an iterative process, once the discovered knowledge is presented to the user,
the evaluation measures can be enhanced, the mining can be further refined, new data can
be selected or further transformed, or new data sources can be integrated, in order to get
different, more appropriate results.
The knowledge discovery in databases process comprises of a few steps leading
from raw data collections to some form of new knowledge. The iterative process consists
of the following phases of:
Data Selection Phase
At this step, the data relevant to the analysis is decided on and retrieved from appropriate
data collection and stored in one or more databases, in order to make the target dataset .
Data Preprocessing Phase
This phase sometimes called data cleaning step, in which noise data, missing data, and
irrelevant data are removed or treated properly from the target data set.
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Data Transformation Phase
Also known as data consolidation, it is a phase in which the preprocessed data is
transformed into forms appropriate for the mining procedure.
Data Mining Phase
It is the vital step in which clever techniques are applied to extract model potentially
useful, in this phase selection and implementation of the appropriate data-mining technique
according to the data mining task desired is the main task in this phase. This process is not
straightforward or simple; usually, in practice, the implementation is based on several
models, and selecting the best one is an additional task.
Evaluation Phase
In this phase, the results of data mining phase representing knowledge are identified
validated based on given measures.
Knowledge representation Phase
It's the final phase in which the discovered knowledge is visually represented to the user.
This essential step uses visualization techniques to help users understand and interpret the
data mining results.
2.3 Data Mining Process
Data mining derives its name from the similarities between searching for valuable
information in a large database and mining rocks for a vein of valuable ore. Both imply
either sifting through a large amount of material or ingeniously probing the material to
exactly determine where the values reside. There have been some efforts to define
standards for the data mining process, for example the 1999 European Cross Industry
Standard Process for Data Mining (Pete Chapman, et al. 1999), data mining have become
owning its a standard process mostly similar to that in the Knowledge Discovery in
Databases (KDD). Lots of definitions of Data mining are appeared frequently in variety
publications and reports, such as: “Data mining is the process of discovering meaningful
new correlations, patterns and trends by sifting through large amounts of data stored in
repositories, using pattern recognition technologies as well as statistical and mathematical
techniques” (Daniel T. Larose, 2005). And “Data mining is the analysis of (often large)
observational data sets to find unsuspected relationships and to summarize the data in
novel ways that are both understandable and useful to the data owner” (Hand et al., 2001).
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Without trying to cover all possible approaches and all different views about data mining
as a discipline, one possible, sufficiently broad definition of data mining: "Data Mining is a
process of discovering various models, summaries, and derived values from a given
collection of data" (Mehmed Kantardzic 2011). The following figure 2.2 shows the process
of data mining provides an overview of the life cycle of a data mining process.

Figure 2.2: Data Mining Process
As shown in Figure 2.2, the life cycle of a data mining process consists of six phases. The
sequence of the phases is not rigid. moving back and forth between different phases is
always required. It depends on the outcome of each phase, these phases can described as
follows:
Problem definition
Sometimes known as business understanding (Pete Chapman, et al. 1999), the first step is
to identify goals. Based on the defined goal, the correct series of tools can be applied to the
data to build the corresponding behavioral model.
Data exploration: also known as Data Understanding
Since such a priori knowledge can be very useful for modeling and, later, for the final
interpretation of results. Also, it is important to make sure that the data used for estimating
a model and the data used later for testing and applying a model comes from the same,
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known or unknown, sampling distribution. If the quality of data is not suitable for an
accurate model then recommendations on future data collection and storage strategies can
be made at this phase (Mehmed Kantardzic 2011).
Data preparation
The purpose of this step is to clean and transform the data so that noise, missing and
invalid values are treated and all known valid values are made consistent for more robust
analysis. Sometimes, such non-representative samples can seriously affect the model
produced later.
Data preprocessing includes several steps such as variable scaling, encoding, and selecting
features.
Modeling
Based on the data and the desired outcomes, a data mining algorithm or combination of
algorithms is selected for analysis. These algorithms are selected according to the data
mining tasks applied. Generally, there are two types of data mining tasks:
Predictive modeling: is the process by which a model is created to predict an outcome
based on available data. If the outcome is categorical it is called classification and if the
outcome is numerical it is called regression.
Descriptive modeling: is the assignment of observations in order to describe the general
properties of the existing data like clustering, so that observations in the same cluster are
similar.
Typically, there are several techniques for the same data mining problem type. Some
techniques have specific requirements on the form of data. Therefore, stepping back to the
data preparation phase is often necessary.
Evaluation
This phase estimates how well a model meets the criteria of the data mining task desired.
Evaluation of predictive accuracy (validity) is based on cross validation. Evaluation of
descriptive quality involves predictive accuracy, novelty, utility, and understandability of
the fitted model. Both logical and statistical criteria can be used for model evaluation.
At this stage in the process you have built a model (or models) that appears to have high
quality from a data analysis perspective. Before proceeding to final deployment of the
model, it is important to more thoroughly evaluate the model and review the steps executed
to construct the model to be certain it properly achieves the business objectives. A key
11

objective is to determine if there is some important business issue that has not been
sufficiently considered. At the end of this phase, a decision on the use of the data mining
results should be reached ( Pete Chapman, et al. 1999).
Deployment
Based on the results of the data mining algorithms, an analysis is conducted to determine
key conclusions from the analysis and create a series of recommendations for
consideration.
Also creation of the model is generally not the end of the project. Even if the purpose of
the model is to increase knowledge of the data, the knowledge gained will need to be
organized and presented in a way that the customer can use it. It often involves applying
“live” models within an organization’s decision making processes. However, depending on
the requirements, the deployment phase can be as simple as generating a report or as
complex as implementing a repeatable data mining process across the enterprise. In many
cases it is the customer, not the data analyst, who carries out the deployment steps.
However, even if the analyst will not carry out the deployment effort it is important for the
customer to understand up front what actions need to be carried out in order to actually
make use of the created models.

2.4 Data Mining Tasks
There are, the two primary goals of data mining tend to be prediction and description.
Prediction involves using some variables or fields in the data set to predict unknown or
future values of other variables of interest. Description, on the other hand, focuses on
finding patterns describing the data that can be interpreted by humans.
Therefore, it is possible to put data-mining activities into one of two categories:
Predictive data mining, known as supervised learning, where the output of prediction
uses given or known class label (in classification) or a real numeric value (in case of
regression), which produces the model that predicting the values or the class of dependent
variable by the given data set.
On the predictive data mining tasks, the goal of data mining is to produce a model,
expressed as an executable code, or mathematical function, which can be used to perform
classification, regression, estimation, or other similar tasks.
Descriptive data mining, known as unsupervised learning, where the class label is
unknown, which produces new, nontrivial information based on the available data set.
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On descriptive data mining tasks, the goal is to gain an understanding of the analyzed data
by uncovering patterns and relationships in large data sets.
The relative importance of prediction and description for particular data-mining
applications can vary considerably. The goals of prediction and description are achieved
for following primary data-mining tasks:
Classification: discovery of a predictive learning function that classifies a data item into
one or several classes. Also known as supervised classification, where classification uses
given class labels. A classification model is said to be ‘trained’ on historical data, for
which the outcome is known for each record. It is then applied to a new, unclassified data
set in order to predict the outcome for each record.
Classification approaches normally use a training set where all objects are already
associated with known class labels. The classification algorithm learns from the training
set and builds a model. The model is used to classify new objects. The classification
analysis would generate a model often possible to produce a set of rules or a mathematical
function that classifies every record accurately.
Regression: discovery of a predictive learning function, similar to the procedure used in
classification, what distinguishes classification from regression is the type of output that is
predicted. Classification, as the name implies, predicts class membership. With
classification the predicted output (the class) is categorical. Since regression predicted
output is (Numeric) real-value.
Clustering: a common descriptive task in which one seeks to identify a finite set of
categories or clusters to describe the data. Similar to classification, clustering is the
organization of data in classes. However, unlike classification, in clustering, class labels
are unknown and it is up to the clustering algorithm to discover acceptable classes.
Clustering is also called unsupervised classification, because the classification is not
dictated by given class labels. There are many clustering approaches all based on the
principle of maximizing the similarity between objects in a same class (intra-class
similarity) and minimizing the similarity between objects of different classes (inter-class
similarity).
Association analysis and sequential analysis
Association analysis is an unsupervised form of data mining that looks for links between
records in a data set. Association analysis is sometimes referred to as ‘market basket
13

analysis’, its most common application. The aim is to discover, for example, which items
are commonly purchased at the same time to help retailers organize customer incentive
schemes and store layouts more efficiently.
Summarization: an additional descriptive task that involves methods for finding a
compact description for a set (or subset) of data.
Outlier analysis or Anomaly detection: Outliers are data elements that cannot be grouped
in a given class or cluster. Also known as exceptions or surprises, they are often very
important to identify. While outliers can be considered noise and discarded in some
applications, they can reveal important knowledge in other domains, and thus can be very
significant and their analysis valuable (Osmar R. Zaïane.1999).
2.5 Data Mining Techniques
The key to understanding the different facts of data mining is illustrated in the table 2.1 to
distinguish between data mining applications, operations, techniques and algorithms.
Table 2.1: Distinguishing between data mining applications, operations, and techniques
Applications

Operations
and tasks
Techniques

Database marketing
customer segmentation
customer retention
fraud detection
credit checking
web site analysis, etc.
Classification and prediction
clustering
association analysis
forecasting
Neural networks
decision trees
K-nearest neighbor algorithms
Support Vector Machines
naive Bayesian
cluster analysis, and etc.

As we see from the previous table 2.1, there are various techniques exist in data mining ,
and some techniques have several algorithms.
The main strategy here is to choose the suitable techniques for suitable task of data mining,
as well as the data available, in other words you have to identify your problem before using
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any of these techniques, for example you have to know whether you are going to use
regression or classification techniques which depends on the desired output of the
dependent variable (Numeric or categorical), even more if you are dealing in classification
you have various techniques exist for classification, and then you are going to determine
whether you are going to use supervised or unsupervised classification depending on if
target variable exists (as the case of supervised classification) or not (as the case of
unsupervised classification, i.e. Clustering and segmentation), therefore, In which data
mining task identified, the suitable techniques are used.

2.6 Summary
In this chapter we have illustrated and identified the main aspects of data mining, showing
the relation between data mining and KDD, where data mining is an important and a
particular step in this KDD process.
We have identified the data mining process and the involved life cycle and phases of that
process.
Also, we have realized the main tasks of data mining, and the data mining techniques, and
understanding the different facts of data mining for distinguishing between data mining
applications, operations, techniques and algorithms.
In the next chapter, we are going to discuss the main idea and the mechanism of the most
famous data mining techniques used for supervised classification such as, Decision Tree,
Neural Networks (NN), Support Vector Machines (SVM), Naïve Bayes (NB), and kNearest Neighbor (k-NN).
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Chapter 3: Data Mining Classification Techniques
3.1 Introduction
Classification is one of the main tasks of data mining predictive modeling and a
common type of problem to which data mining is applied. Classification is a data mining
task of predicting the value of a categorical variable (target or class) by building a model
based on one or more numerical and/or categorical variables (predictors or attributes).
What distinguishes classification from regression since both are belonging to data mining
predictive modeling task, is the type of output that is predicted. Classification, as the name
implies is a predictive model, predicts class membership. With classification the predicted
output (the class) is categorical. A categorical variable has only a few possible values, such
as "Yes" or "No," or "Low," "Middle," or "High." , since regression is a predictive model
to predict the value of numeric target variable.
The simplest type of classification problem is binary classification. In binary classification,
the target attribute has only two possible values ( example, Yes / No 2-class categorical
variable). Targets have more than two values (example: low, medium, high), are called
Multiclass target.
As we have mentioned in the first chapter there are powerful traditional statistics
techniques are used as predictive models assigned for such a task which they are beyond of
our study, such as Linear Discriminate Analysis, and Logistic regression. The logistic
regression may be better suitable for cases when the dependent variable is dichotomous
such as Yes/No, Pass/Fail, Healthy/Ill, life/death, etc., while the independent variables can
be nominal, ordinal, ratio or interval. The discriminant analysis might be better suited
when the dependent variable has more than two groups/categories. However, the real
difference in determining which one to use depends on the assumptions regarding the
distribution and relationship among the independent variables and the distribution of the
dependent variable. The logistic regression is much more relaxed and flexible in its
assumptions than the discriminant analysis. Unlike the discriminant analysis, the logistic
regression does not have the requirements of the independent variables to be normally
distributed, linearly related, nor equal variance within each group (Tabachnick et. al,
1996). Being free from the assumption of the discriminant analysis, posits the logistic
regression as a tool to be used in many situations. However, “when the assumptions
regarding the distribution of predictors are met, discriminant function analysis may be
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more powerful and efficient analytic strategy” (Tabachnick et. al, 1996). Even though the
logistic regression does not have many assumptions, thus usable in more instances, it does
require larger sample size, at least 50 cases per independent variable might be required for
an accurate hypothesis testing, especially when the dependent variable has many groups
(Grimm et. al, 1995). However, given the same sample size, if the assumptions of
multivariate normality of the independent variables within each group of the dependent
variable are met, and each category has the same variance and covariance for the
predictors, the discriminant analysis might provide more accurate classification and
hypothesis testing (Grimm et. al, 1995).
Since, these methods are assumption driven, and violating these assumptions due to the
diversity and complexity of the type, size and the shape of data, as the case in most of real
world data, which may affect the results gained by those methods and may gives
misleading classification and prediction.
Unlike those methods, data mining is data driven, it can handle and deal with any type and
shape of data, where noise, higher –dimensionality, mixture type of variables, and missing
values are present as well.
Data mining classification models are widely used to solve business problems. It employs a
set of pre-classified examples (a training set) to develop a model that can be used as a
classifier over the population of records.
Classification algorithm finds relationships between the values of the predictors and the
values of the target variable.
The use of classification algorithms begins with a training set of pre-classified (example
Yes / No 2-class categorical variable). For a class detection application, this would include
complete records of attributes, classified as either Yes or NO on a case-by-case basis. The
classifier training algorithm uses these pre-classified examples to determine the set of
parameters required for proper discrimination, encoding these parameters into a model
called a classifier, which can then be applied to a different data set (test set/ validation
set(discussed in some details in the next chapter)) in which the class assignments are
unknown to determine the predictive quality of the model.
Once an effective classifier is validated, it is used as a predictive model to classify new
future records into these same predefined classes.
Various data mining techniques are available for classification problems, and some
techniques have several algorithms. While these techniques will produce very different
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models, each technique generates a predictive model based on historical data. The model
then predicts outcomes of new cases.
In this chapter, we are going to discuss the main idea, and the mechanism of the most
famous data mining techniques used for classification such as Decision Tree, Neural
Networks (NN), Support Vector Machines (SVM), Naïve Bayes (NB), and k-Nearest
Neighbor (k-NN).

3.2 Decision Tree
3.2.1 Brief Introduction
Decision Trees (DT) are one of the most common data mining technique invented by
(Quinlan 1986), he developed a decision tree algorithm known as 1D3 (Iterative
Dichotomiser).
As its name implies, a decision tree is a data mining predictive model that can be viewed as
a flow chart like a tree structure. Specifically, each branch of the tree is a classification
question, and the leaves of the tree are the predicted classification holding a class label.

3.2.2 Decision Tree Structure
Decision trees classify instances by sorting them down the tree from the root node to a leaf
node , which provides the classification of these instances. Each node in the tree specifies a
test of some attribute of the instance, and each branch descending from that node
corresponds to one of the possible values for this attribute.
An instance is classified by starting at the root node of the decision tree, testing the
attribute specified by this node, then moving down the tree branch corresponding to the
value of the attribute. This process is then repeated at the node on this branch and so on
until a leaf node is reached, which holds the class prediction for that instance. Decision
trees can easily be converted to classification rules.
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Root Node

Branches
Leaf Node

Internal Node

Leaf Node

Leaf Node

.

Figure3.1 Simple diagram of Decision tree structure

3.2.3 Algorithm for Tree Construction
The basic tree construction algorithm is a greedy search. The search starts by creating a
root node and continues by processing the training set according to the following steps
given below.
1.If all of the instances belong to the same class Ci stop and return the leaf node with
class Ci. (not really a tree - more of a stump).
2.Find the split that best classifies the instances (as will be explained later on next
section).
3.Each split divides the data into subsets.
4.For each subset of the data, repeat steps 1, 2, 3 and 4 to construct the decision tree.
Finding the best split takes most of the time (Olcay Taner Yıldız, 2000).
Attribute A
Attribute C
Class -

Attribute B

Attribute D

Class -

Attribute C

Class +

Class -

Class +

Attribute D
Class -

Class +

Figure 3.2: Diagram of decision tree splitting
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As we have seen in figure 3.2, at each iteration we need to choose the independent variable
that most effectively splits the data. This means that the subsets produced by splitting the
data according to the value of the independent variable should be as “homogeneous” as
possible, with respect to the dependent variable.

3.2.4 Splitting Criteria
A fundamental part of any algorithm that constructs a decision tree from a dataset is
the method in which it selects attributes at each node of the tree.
Some attributes split the data up more purely than others. That means that their values
correspond more consistently with instances that have particular values of the target
attribute (the one we want to predict) than those of another attribute. Therefore, we might
say that such attributes have some underlying relationship with the target attribute . This
can be quantified in some way, Essentially, we would like some sort of measure that
enables us to compare attributes with each other and then be able to decide to put ones that
split the data more purely higher up the tree. Several measures are presented in the issue of
splitting the tree like Information Gain based in Entropy measure and Gini Index (Web1).
Entropy
Entropy commonly used in information theory, is a measure of homogeneity of the set of
examples, in other word it's a measure that characterizes the (im)purity of an arbitrary
collection of examples
Given a set S, containing only positive and negative examples of some target (a 2 class
problem), the entropy of set S relative to this simple, binary classification is defined as:
Entropy(S) = - pplog2 pp – pnlog2 pn
where pp is the proportion of positive examples in S and pn is the proportion of negative
examples in S.
Thus far we have entropy in case where the target attribute takes on c different values, then
the entropy of S relative to this c-wise classification is defined as:
c

Entropy(S) =

 p
i 1

i

log 2 p i

where pi is the proportion of S belonging to class i.
Information gain
Information gain measures the expected reduction in entropy (the decrease in Entropy)
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Given entropy as a measure of the impurity in a collection of training examples, we can
now define a measure of the effectiveness of an attribute in classifying the training data.
The measure information gain, is simply the expected reduction in entropy caused by
partitioning the examples according to this attribute.
More precisely, the information gain, Gain (S, A) of an attribute A, relative to a collection
of examples S, is defined as:

Sv



Gain( S , A)  Entropy ( S ) 

vValues ( A )

S

Entropy ( S v )

where values(A) is the set of all possible values for attribute A, and Sv is the subset of S for
which attribute A has value v (i.e., Sv = {s  S | A(s) = v}). Note the first term in the
equation for Gain is just the entropy of the original collection S and the second term is the
expected value of the entropy after S is partitioned using attribute A. The expected entropy
described by this second term is simply the sum of the entropies of each subset Sv,
weighted by the fraction of examples |Sv|/|S| that belong to Sv. Gain (S,A) is therefore the
expected reduction in entropy caused by knowing the value of attribute A. Put another way,
Gain(S,A) is the information provided about the target attribute value, given the value of
some other attribute A.
The process of selecting a new attribute and partitioning the training examples is now
repeated for each descendant node, this time using only the training examples associated
with that node. Attributes that have been incorporated higher in the tree are excluded, so
that any given attribute can appear at most once along any path through the tree. This
process continues for each new leaf node until either of two conditions is met:
1. Every attribute has already been included along this path through the tree, or
2. The training examples associated with this leaf node all have the same target
attribute value (i.e., their entropy is zero).
Gini Index
The Gini Criterion (or Index) was first proposed in (Breiman et. al., 1984). The Gini Index
is originally defined as the probability of misclassification of a set of instances, rather than
the impurity of the split. Gini index of a node t is
c

Gini (t) = 1   p i
i 1

Where pi is relative frequency of class i.
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3.2.5 The Growth of The Tree
In decision tree algorithm described above can grow each branch of the tree just deeply
enough to perfectly classify the training examples. While this is sometimes a reasonable
strategy, in fact it can lead to difficulties when there is noise in the data noise since we
learn all examples we will also learn noise, or when the number of training examples is too
small to produce a representative sample of the true target function. In either of these
cases, this simple algorithm can produce trees that over-fit the training examples, then we
will get misleading prediction of classification. Over-fitting is a significant practical
difficulty for decision tree learning and many other learning methods.
Avoiding Over-fitting
One possibility is to prune unnecessary nodes or subtrees after the construction of the tree
to avoid overfitting. There are several approaches to avoid over-fitting in decision tree by
pruning, these can be grouped into two approaches Pre-pruning and Post-Pruning.
Pre-pruning approach that stops growing the tree earlier, before it reaches the point where
it perfectly classifies the training data.
Post-pruning approach, that allows the tree to over-fit the data, and then post prune the
tree. In the post-pruning algorithm, at each internal node, we check the classification
accuracy change on the pruning set by pruning the subtree having that node as its root. If
the classification accuracy does not decrease, we decide to prune that subtree into a leaf
node. Although the first of these approaches might seem more direct, the second approach
of post-pruning over-fit trees has been found to be more successful in practice. This is due
to the difficulty in the first approach of estimating precisely when to stop growing the tree
(Web1).

Figure 3.3:An unpruned decision tree, and a pruned version of it.
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At the end of this section, I may mention that there are several decision tree leaning
algorithm, all of them are similar in the structure, the main differences are located in the
way of how they split the tree or the way of pruning the tree.
Just for knowledge, the main and famous decision trees are:
ID3 (Iterative Dichotomiser), and C4.5 (a successor of

ID3) both are invented and

developed by (J. Ross Quinlan) and having the entropy and information gain measure for
splitting the tree.
CART (Classification And Regression Tree) developed by a group of statisticians (L.
Breiman, J. Friedman, R. Olshen, and C. Stone in 1984), CART is a non-parametric
technique, uses the Gini index to split the tree, uses post-pruning approach to avoid over
fitting, also CART algorithm used in R function Rpart (Tan, et.al. 2004).

3.3 Neural Networks
3.3.1 Introduction
Neural networks, also called artificial neural network (ANNs), are one of the most
famous predictive models used for classification.
As we see in figures 3.4 and 3.5 an artificial neural network is a system based on the
operation of biological neural networks, in other words, is an emulation of biological
neural system. Artificial neural networks born after McCulloc and Pitts introduced a set of
simplified neurons in 1943. These neurons were represented as models of biological
networks into conceptual components for circuits that could perform computational tasks.
Artificial neural network is developed with a systematic step-by-step procedure which
optimizes a criterion commonly known as the learning rule. The input/output training data
is fundamental for these networks as it carries the information which is necessary to
discover the optimal operating point.
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Figure3.4: Structure of Biological Neuron

Figure 3.5: Structure of Artificial Neuron

3.3.2 Multilayer Feed - forward Neural Networks.
There are various neural networks architectures, the most successful applications in
classification and prediction have been multilayer feed forward networks.
The layer where input patterns are applied is the input layer, the layer from which an
output response is desired is the output layer. Layers between the input and output layers
are known as hidden or transfer layers, because their outputs are not readily observable.
Figure 3.6 shows a simple multilayer feed forward network comprising of nodes and
arrows. The nodes in the network represent neurons while the arrows indicate
communication path associated with weight value. The arrows connect neurons from one
layer to next layer and do not leapfrog layers. The outputs of node in a layer are inputs to
the nodes in next layer.

Figure 3.6 :Diagram of Multilayer Feed Forward Neural Network
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2.3.3 The Mechanism of Neural Networks
The values on the connecting arrows are called weights, and the weights on the arrow from
node i to node j are denoted by wij , The bias terms (threshold), denoted by  j , serve as an
intercept for the output from node j . The predictor values are supplied as inputs to the
input nodes. Their output is the same as the input. If there are p predictors, we have p
nodes in the input layers. The outputs of the input nodes forms input to each of the nodes
in the hidden layer. There may be more than one hidden layer depending upon the user’s
objectives. In such case, the output of one hidden layer becomes input to the next hidden
layer (Dinesh R. Pai,2009). However, White (1989) has shown that almost any function
can be approximated by a neural network with single hidden layer if the number of hidden
nodes is sufficient. Thus, There are no clear rules as to the “best” number of hidden layer
units. Network design is a trial-and-error process and may affect the accuracy of the
resulting trained network.(Jiawei Han, et al., 2006)
To compute the output of the hidden layer, we calculate a weighted sum of the inputs, and
then apply certain transfer function to it (Kartalopoulos 1996).
Consider Figure.3.2.3 or 3.2.2 again. Suppose there are p inputs ( p +1 including the bias
term) X1, X2,….. Xp . We compute the output of node j by taking the weighted summation
as in the next equation:
p

Sum =

 j   wij xi
i 1

Where  j ,w1j,….,wp,j weights that are set randomly and then adjusted as the network
“learns” (Dinesh, 2009).

3.3.4 Activation Function
After we have make the summation of the inputs and their weights we apply them to an
activation function, This sigmoid/logistic transfer function shown in figure 3.7 commonly
used, it takes the value from the summation function, above, and turns it into a value
between zero and one.

25

Figure 3.7: Sigmoid Transfer Function
The activation sigmoid function can be expressed like this:
f ( x) 

1
1  ex

The activation function is commonly used as transfer function because it is a differentiable
monotonic function which asymptotically approaches some limit in either direction and
thus supplies a good approximation to the threshold function (Hertz et al. 1991).

As in

logistic regression, the output value is between zero and one.
Using a sigmoid function we can now write the output of node j in the hidden layer as:
p

1

output j  f ( j   wij xi ) 
i 1

p

1 e

 ( j   wij xi )
i 1

The learning occurs through the adjustment of path weights and the intercept or bias terms,
the values of which are typically initialized to small numbers in the range 0.00 to 0.05.
A neural network model is first trained on a set of input-output using training set data.
Training the model means estimating the weights that leads to the best predictive results.
The most common method used for the adjustment is called the backpropagation. In this
method, the weights are adjusted to minimize the squared difference between the model
output and the desired output. The adjustments are based on gradient descent algorithm.
Backpropagation learns by iteratively processing a data set of training instances,
comparing the network’s prediction for each instance with the actual known target value.
The target value may be the known class label of the training instance (for classification
problems) or a continuous value (for regression). For each training instance, the weights
are modified so as to minimize the mean squared error between the network’s prediction
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and the actual target value. These modifications are made in the “backwards” direction,
that is, from the output layer, through each hidden layer down to the first hidden layer
(hence the name backpropagation) (Jiawei Han, et al., 2006).
Neural networks involve long training times and are therefore more suitable for
applications where this is feasible. They require a number of parameters that are typically
best determined empirically, such as the network topology or structure. Neural networks
have been criticized for their poor interpretability. For example, it is difficult for humans to
interpret the symbolic meaning behind the learned weights and of “hidden units” in the
network.

3.4 Support Vector Machines
3.4.1 introduction
Support Vector Machines (SVM) is one of the most recent Data mining techniques used
for classification, developed by Cortes and Vapnik in 1995 for binary classification,
(Cortes and Vapnik, 1995).
SVM have been developed in the framework of statistical learning theory (Vapnik, 1998),
and have been successfully applied to a number of applications, ranging from time series
prediction, to face recognition, to biological data processing for medical diagnosis
(Theodoros Evgeniou et al. , 1999), their theoretical foundations and their experimental
success encourage further research on their characteristics, as well as their further use.
In this section we will present the main idea behind the SVM.
Figure 3.8, illustrates the main idea behind the SVM is Class separation: basically, we are
looking for the optimal linear separating hyperplane between two classes by maximizing
the margin between the classes’, the points lying on the boundaries are called support
vectors, and the middle of the margin is our optimal separating hyperplane (David Meyer,
2011).

27

Separating
Hyperplane

Figure3.8 : Support vectors and the hyperplane
Sometimes it's easy to find separable data and defining your optimal linear hyperplane
and sometimes it's not, what if you faced with overlapping classes: data points on the
wrong side of the discriminant margin, even more when we cannot find a linear separator.
SVM algorithm is exist for such these cases with the solution for every case, briefly, the
algorithm of SVM is stated as follow:
1. Define an optimal hyperplane: maximize margin
2. Extend the above definition for non-linearly separable problems: have a penalty term
for misclassifications.
3.

Map data to high dimensional space where it is easier to classify with linear
decision surfaces: reformulate problem so that data is mapped implicitly to this space.

Now let's see how SVM works for these three different situations.

3.4.2 Linearly Separable Cases algorithm
The simplest case of SVM algorithm, where the cases are linearly separable.
For binary classification, suppose we have a data set with 2-class categorical variable, for
example (yes, no) equivalent to (+1,-1) respectively.
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Figure (3.9) Showing the separating hyperplane (linear separable case)
As we see in the figure 3.9 we have some hyperplane which separates the positive from the
negative examples (a “separating hyperplane”), satisfies the equation (3.1):
H0: w x + b = 0,

(3.1)

Where b is the bias or threshold, w is the weight vector and x is the data vector. w is
normal to the hyperplane, |b|/||W|| is the perpendicular distance from the hyperplane to the
origin, and ||W|| is the Euclidean norm of w.
now, let d+ and d- be the shortest distance from the separating hyperplane to the closest
positive (negative) example. Define the “margin” of a separating hyperplane to be d+ and
d-. For the linearly separable case, the support vector algorithm simply looks for the
separating hyperplane with largest margin. This can be formulated as follows: suppose that
all the training data satisfy the following constraints:
H1: Xi . W + b ≥ +1 for yi = +1
H2: Xi . W + b ≤ +1 for yi = -1

(3.2)
(3.3)

Now consider the points for which the equality in Eq. (3.2). These points lie on the margin
H1 : Xi W + b= 1 with normal w and perpendicular distance from the origin 1 - b/||W||.
Similarly, the points for which the equality in Eq. (3.3) holds lie on the hyperplane H2 : Xi
W + b =-1, with normal again w, and perpendicular distance from the origin | – 1- b|/||W||.
Hence d+= d-= 1/||W|| and the margin is simply 2/||W||. Note that H1 and H2 are parallel
(they have the same normal) and that no training points fall between them. Thus we can
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find the pair of hyperplanes which gives the maximum margin by minimizing ||W||2 . This
minimization problem can be solved using the Lagrange multiplier method (Christopher
J.C. Burges 1998).
Once we have trained a Support Vector Machine, how can we use it? We simply determine
on which side of the decision boundary (that hyperplane lying half way between H1 and
H2 and parallel to them) a given test pattern x lies and assign the corresponding class label,
i.e. the decision function for classifying new data can be obtained by Eq.(3.4) as follows:
D= sign(w . x + b)

Eq.(3.4)

2.4.3 Linear Non-Separable Cases Algorithm
Sometimes data suffers of noise point making overlapping classes as we can see in figure
(3.10), data points on the "wrong" side of the discriminant margin these points called slack
variables.

Figure 3.10: Noise points (slack variables) making overlapping classes
So, SVM algorithm extend the idea to handle the issue of slack variables by modifying the
constraints (Eq.3.2) and (Eq.3.3), (Cortes and Vapnik, 1995), which then become:
H1: Xi . W + b ≥ +1 - ξ i

for yi = +1

(3.5)

H2:Xi . W + b ≤ -1 + ξ i

for yi = -1

(3.6)

SVMs can handle linearly non-separable points, where the classes overlap to some extent
so that a perfect separation is not possible. So the goal of the classification becomes that of
finding the hyperplane with the maximum margin that also minimizes the sum of slack
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variables, a methodology similar to that described in the algorithm linearly separable cases
above.

3.4.4 Non-Linear SVM
Sometimes we cannot find a linear separator, data points are projected into an (usually)
higher-dimensional space where the data points effectively become linearly separable (this
projection is realized via kernel techniques ), as we can see at figure (3.11), an illustration
of using kernel function to perform linear separation between vectors in higher dimensions
for Non-linear separation between vectors in low dimensions.

Figure 3.11: Projection is realized by using kernel This figure belongs to Florian
Markowetz, 2003.
SVM handles this by using a kernel function (nonlinear) to map the data into a different
space where a hyperplane (linear) cannot be used to do the separation. It means a nonlinear function is learned by a linear learning machine in a high-dimensional feature space .
This is called kernel trick which means the kernel function transform the data into a higher
dimensional feature space to make it possible to perform the linear separation.

3.4.5 Kernel Trick
SVM using kernel function to solve problems with non-linear decision boundaries. The
main idea is to map the original d-dimensional space into a d’-dimensional space (d’ > d),
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where the points can possibly be linearly separated. Given the original dataset D = {xi, yi}
with i = 1,...,n and the transformation function Φ, a new dataset is obtained in the
transformation space DΦ = {Φ(xi), yi} with i = 1,...,n. After the linear decision surface is
found in the d’-dimensional space, it is mapped back to the non-linear surface in the
original d-dimensional space (Zaki., et al, 2010). To obtain w and b, Φ(x) needn't be
computed in isolation. The only operation required in the transformed space is the dot
product Φ(xi)TΦ(xj), which is defined with the kernel function (K) between xi
and xj (Web2).
Kernels commonly used with SVMs include:


The polynomial kernel:

K ( xi , x j )  ( xiT x j  1) q , where q is the degree of the polynomial


The Gaussian kernel:

K ( xi , x j )  e


2 2

, where σ is the spread or standard deviation.

  ||xi  x j ||2

,  0

The Laplace Radial Basis Function (RBF) kernel:

K ( xi , x j )  e


|| x i  x j || 2

The Gaussian radial basis function (RBF):

K ( xi , x j )  e




  ||xi  x j ||

,  0

The hyperbolic tangent kernel:

K( xi , x j )  tanh( xiT xi  offset )


The sigmoid kernel:

K( xi , x j )  tanh( axiT xi  offset )


The Bessel function of the first kind kernel:

 Bessel vn1 ( || xi  x j ||) 

K ( xi , x j )  
 (|| x  x ||n ( v 1) ) 
i
j
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The ANOVA radial basis kernel:

 n  ( xik  x kj ) 2 
K ( xi , x j )    e

k

1




d

The linear splines kernel in one dimension:

K( xi , x j )  1  xi x j min( xi x j ) 

xi  x j
2

min( xi , x j ) 2 

min( xi , x j ) 3
3

According to (Karatzoglou et. al 2006), the Gaussian and Laplace RBF and Bessel kernels
are general-purpose kernels used when there is no prior knowledge about the data. The
linear kernel is useful when dealing with large sparse data vectors as is usually the case in
text categorization. The polynomial kernel is popular in image processing, and the sigmoid
kernel is mainly used as a proxy for neural networks. The splines and ANOVA RBF
kernels typically perform well in regression problems (Web2).

3.5 Naive Bayes
The Naive Bayesian classifier is based on Bayes’ Theorem with independence
assumptions between predictors. A Naive Bayesian model is easy to build, with no
complicated iterative parameter estimation which makes it particularly useful for very
large datasets. Despite its simplicity, the Naive Bayesian classifier often does surprisingly
well and is widely used because it often outperforms more sophisticated classification
methods.

2.5.1 Algorithm
Bayes Theorem provides a way of calculating the posterior probability, P(c|x), from P(c),
P(x), and P(x|c). Naive Bayes classifier assume that the effect of the value of a predictor
(x) on a given class (c) is independent of the values of other predictors. This assumption is
called class conditional independence (Web3).
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Where, P(c|x) is the posterior probability of class (target) given predictor (attribute), P(c)
is the prior probability of class, P(x|c) is the likelihood which is the probability of
predictor given class, and P(x) is the prior probability of predictor.
In other word for classification of new instance, using naive Bayes classifier , let us have a
dataset with Ai attributes and a categorical dependent variable with Cj labeled Class Apply
Bayesian theorem :

Choosing the value of C that maximizes P(C | A1, A2, …, An) is equivalent to choosing
value of C that maximizes P(A1, A2, …, An|C) P(C), to estimate P(A1, A2, …, An | C )
Assumes independence among attributes Ai when class C is given:
P(A1, A2, …, An|C) = P(A1| Cj) P(A2| Cj)… P(An| Cj),estimate P(Ai| Cj) for all Ai and Cj.
New point is classified as Cj if the numerator in the Bayes equation (P(Cj) P(Ai| Cj) ) is
maximal (Maximum A Posteriori(MAP))

predicted class : c  max p ( c j | d )  max
cj

cj

p( d | c j ) p( c j )
p( d )

Apply Bayes theorem to find most likely class as:

p(c j ) n
c  max
 p ( ai | c j )
cj
p ( d ) i 1
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3.6 Nearest Neighbor
3.6.1 Introduction
Nearest Neighbor (more precisely k-nearest neighbor, also k-NN) was first described
in the early 1950s, is one of data mining non parametric algorithms that are very simple to
understand, also known as lazy learning classifier, Unlike eager learning classifier, KNearest Neighbor does not use the training data points to do any generalization. In other
words, there is no explicit training phase or it is very minimal. This means the training
phase is pretty fast . Lack of generalization means that KNN keeps all the training data.
More exactly, all the training data is needed during the testing phase. in addition k-NN do
not construct a classification model from data, it performs classification by matching the
test instance with K training examples and decides its class based on the K closest nearest
neighbors, defined in terms of a distance metric.
KNN assumes that the data is in a feature space. Since the points are in feature space, they
have a notion of distance – This need not necessarily be Euclidean distance although it is
the one commonly used (Web3.1) or (Saravanan T. 2010)
Euclidean distance is the most common used of distance metric, examines the root of
square differences between the coordinates of a pair of objects. i.e. The Euclidean distance
between two points or tuples, say, X1= (x11, x12,. . ., x1n) and X2= (x21, x22, . . ., x2n), is
n

 (x

dist ( X 1 , X 2 ) 

i 1

1i

 x 2i ) 2

3.6.2 k-NN Algorithm
The algorithm on how to compute the K-nearest neighbors is as follows:
1. Determine the parameter K = number of nearest neighbors beforehand. This value
is all up to you.
2. Calculate the distance between the query-instance and all the training samples. You
can use any distance algorithm.
3. Sort the distances for all the training samples and determine the nearest neighbor
based on the K-th minimum distance.
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4. Since this is supervised learning, get all the Categories of your training data for the
sorted value which fall under K.
5. Use the majority of nearest neighbors as the prediction value.

3.6.3 Choosing K:
Choosing a proper K value is important to the performance of K-Nearest Neighbor
classifier. Each use of the k-NN algorithm requires that we specify a positive integer value
for k. This determines how many existing cases are looked at when predicting a new case.
As we can see in figure 3.12, k-NN refers to a family of algorithms that we could denote as
1-NN, 2-NN, 3-NN, and so forth. For example, 4-NN indicates that the algorithm will use
the four nearest cases to predict the outcome of a new case.

X

(a) 1-nearest neighbor

X

X

(b) 2-nearest neighbor

(c) 3-nearest neighbor

Figure 3.12: Nearest neighbor with different numbers of k
Some notation and suggestions regarding the number of k:


Despite The 1-nearest-neighbor (1-NN) classifier has good theoretical properties
(Cover & Hart, 1967), and has been successfully applied to a broad range of problems,
the 1-nearest-neighbor algorithm has been criticized for being overly sensitive to
labeling errors in the dataset. That may have been effected by an outlier cases.



For the section focuses on the instance of binary K-nearest-neighbor classification
where each of the K neighbors votes equally for its label, and x is assigned the label
with the greatest number of votes. Using an odd K to prevent ties
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If k value is too large, as shown in the following figure 3.13, the nearest neighbor
classifier may misclassify the test instance because its list of nearest neighbors may
include data points that are located far away from its neighborhood.

Figure 3.13: Choosing Large K

3.7 Summary
In this chapter we have discussed and covered the main ideas behind the data mining
Classification techniques which is a form of data analysis that can be used to extract
models describing important data classes and predicts categorical labels (classes).
We have discussed the most common data mining methods used for classification such as,
the induction of decision trees, Naïve Bayesian classification (which assumes class
conditional independence), a neural network algorithm for classification that employs a
method of backpropagation gradient descent. It searches for a set of weights that can model
the data so as to minimize the mean squared distance between the network’s class
prediction and the actual class label, Support Vector Machine (SVM) which is an
algorithm for the classification of both linear and nonlinear data. It transforms the original
data in a higher dimension, from where it can find a hyperplane for separation of the data
using essential training instances called support vectors, and k-Nearest Neighbor (k-NN)
that predicts the class of an instance and decides its class based on the K closest nearest
neighbors, defined in terms of a distance metric.
In the next chapter we will present the most common methodologies used for validating
these models.
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Chapter 4: Validation and Evaluation of Classification Models
4.1 Introduction
Validation and Evaluation of a data mining classification model is the most
important phase in data mining process. Validation is the process of assessing how well
your data mining models perform against real data. The purpose of validation is to estimate
the level of performance we may expect from models generated by our modeling process,
when such models are run on future cases. It is important that you validate your mining
models by understanding their quality and characteristics before you deploy them into a
production environment.
There are several approaches for assessing the quality and characteristics of a data mining
model. The first approach includes the use of various measures of statistical validity to
determine whether there are problems in the data or in the model. Second, you might
separate the data into training and testing sets to test the accuracy of predictions. Finally,
you might ask business experts to review the results of the data mining model to determine
whether the discovered patterns have meaning in the targeted business scenario. All of
these methods are useful in data mining methodology and are used iteratively as you
create, test, and refine models to answer a specific problem.
Most methods for validating a data mining model do not answer business questions
directly, but provide the metrics that can be used to guide a business or development
decision. There is no comprehensive rule that can tell you when a model is good enough,
or when you have enough data.
We can use these metrics and measures of validated of data mining classification models
for evaluating these models, the evaluation of these models are generally fall into the
categories of accuracy, reliability, and usefulness.
This chapter introduces some basic concepts and strategies for model validation and
evaluation metrics provided and obtained by validated model.
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4.2 Model Validation
The main concept of model validation, is to estimate the model predictive performance.
Partitioning data into two datasets, training and testing (validation) sets is basic strategy for
estimating the model predictive performance, that create a training set and a validation set
by randomly splitting the actual dataset. The main assumption is that both training and test
set being representative of the actual dataset.

Training set

Actual
Dataset

A B

A B

Test set

Figure 4.1: Partitioning Actual Dataset to training and test set
Assign the classifier to the training set (the data that the classifier uses to learn how to
classify the data), whereas the validation set is used to feed the already trained model in
order to get an error rate (or other measures) that can help us identify the classifier’s
performance and accuracy our outcome given new unknown data. This is the main concept
for all available strategies method used in model validation issues.
There are several methods regarding the model validation issues, typically lots of
consideration from sampling theory perspective.
We introduce in this section and subsections some basic concepts of famous model
validation methods.
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4.2.1 Cross-Validation
The idea for cross-validation originated in (Larson S. 1931), when one sample is used for
regression and a second for prediction. Cross-Validation is a statistical method of
evaluating and or comparing learning algorithms by dividing data into two segments: one
used to learn or train a model and the other used to validate the model. The end result is a
model that has learned how to predict our outcome given new unknown data. In typical
cross-validation, the training and validation sets must cross-over in successive rounds such
that each data point has a chance of being validated against. The basic form of crossvalidation is k-fold cross-validation. As we will see in the next subsections, other forms of
cross-validation are special cases of k-fold cross-validation.

4.2.2 k-fold Cross-Validation
In k-fold cross-validation, the actual data is first partitioned into k equally (or nearly
equally) sized segments or folds. Subsequently k iterations of training and validation are
performed such that within each iteration a different fold of the data is held-out for
validation while the remaining k - 1 folds are used for learning. Fig. 4.2 demonstrates an
example with k = 3. The darker section of the data are used for training while the lighter
sections are used for validation. (Payam Refaeil Zadeh, et. al 2009).

Figure 4.2: Procedure of 3-fold cross-validation. (This figure belongs to Payam Refaeil
Zadeh, Lei Tang and Huan Liu. Cross Validation. In Encyclopedia of Database
Systems,2009)
In data mining 10-fold cross-validation (k = 10) is the most common method, and serves as
a standard procedure for performance estimation and model selection.(Kohavi 1995).
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4.2.3 Hold-Out Validation
The hold-out validation method, sometimes called test sample estimation, hold-out
validation is special cases of k-fold cross-validation where (k = 1).
A natural approach is to split the available data into two non-overlapped parts: one for
training and the other for testing. The test data is held out and not looked at during training.
Partitions the data into two mutually exclusive subsets, it is common to designate 2/3 of the
data as the training set and the remaining 1/3 as the test set. (Kohavi 1995).
Hold-out validation avoids the overlap between training data and test data, yielding a more
accurate estimate for the generalization performance of the algorithm. The downside is that
this procedure does not use all the available data and the results are highly dependent on
the choice for the training/test split. The instances chosen for inclusion in the test set
maybe too easy or too difficult to classify (Payam Refaeil Zadeh and et. al 2009).
However, model can be fit (the training data set). The fitting process optimizes the model
parameters to make the model fit the training data as well as possible. Because the data in
the training set is randomly selected from the same data that is used for training set, then an
over-represented class in one subset will be a under- represented in the other, the metrics of
accuracy and other measures that you derive from testing are less likely to be affected by
data discrepancies, it will generally turn out that the model does not fit the validation data
as well as it fits the training data. This is called overfitting, and is particularly likely to
happen when the size of the training data set is small, so is recommended to be used when
we have large data.
To avoid over-fitting, using k>1 fold Cross-validation is a way to predict the fit of a model
to validation set when an explicit validation set is not available.

4.2.4 Leave-One-Out Cross-Validation
Leave-one-out cross-validation (LOOCV) is a special case of k-fold cross-validation where
k equals the number of instances in the data. In other words in each iteration nearly all the
data except for a single observation are used for training and the model is tested on that
single observation [k = n-1]. An accuracy estimate obtained using LOOCV is known to be
almost unbiased but it has high variance, leading to unreliable estimates (Efron B., 1983).
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It is still widely used when the available data are very rare, especially in bioinformatics
where only dozens of data samples are available.( Payam Refaeil Zadeh, et. al 2009).

4.2.5 Bootstrap
The bootstrap family was introduced by (Efron,1983) and is fully described in Efron &
Tibshirani (1993). Given a dataset of size n, a bootstrap sample is created by sampling n
instances from the data (with replacement). Since the dataset is sampled with replacement,
the probability of any given instance not being chosen after n samples is (1-1/n)n ≈ e-1≈
0.368; the expected number of distinct instances from the original dataset appearing in the
test set is thus 0.632n. The c0 accuracy estimate is derived by using the bootstrap sample
for training and the rest of the instances for testing. Given a number b, the number of
bootstrap samples, let c0i be the accuracy estimate for bootstrap sample i. The .632
bootstrap estimate is defined as

acc boot 

1 b
 (0.632  c0i  0.368  acc s )
b i 1

where accs is the reconstitution accuracy estimate on the full dataset (i. e., the accuracy on
the training set). The variance of the estimate can be determined by computing the variance
of the estimates for the samples.
The assumptions made by bootstrap are basically the same as that of cross-validation, i.e.,
stability of the algorithm on the dataset: the “bootstrap world” should closely approximate
the real world. The .632 bootstrap fails to give the expected result when the classifier is a
perfect memorizer (e.g., an unpruned decision tree or a one nearest neighbor classifier) and
the dataset is completely random, say with two classes. The re-substitution accuracy is
100%, and the c0 accuracy is about 50%. Plugging these into the bootstrap formula, once
gets an estimated accuracy of about 68.4%, far from the real accuracy of 50% (Kohavi
1995).
As we have seen several approaches has been taken for model validation, the main issue is
how to choose or create a representative training and test set from the actual data set in
order to get the optimum performance of the model used, this predictive performance of
the model is the evaluated according set of criteria to satisfy various business problems.
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4.3 Evaluation of a Classification Model
Classifiers and predictive models evaluation is one of the key points in any data mining
process.
The main and frequently evaluation criteria desired in classification perspective is the
criteria of overall accuracy obtained by model validation method.
One of the famous method of visualizing the metric predictive performance can be
obtained by constructing a confusion matrix.

4.3.1 Confusion Matrix
Specific matrix layout that allows visualization of the performance of an algorithm,
showing the predicted and actual classifications. A confusion matrix is of size L x L, where
L is the number of classes.
The confusion matrix is the usual basis for the evaluation of a classification model, it’s a
way to examine how accurately the data mining models in a structure create predictions.
The matrix is built as a comparison of actual values that exist in the testing dataset against
the values that the data mining model predicts. The matrix is a valuable tool because it
does not only show how frequently the model correctly predict a value, but also shows
whi ch other val ues the m odel most frequentl y predi ct ed incorrectl y.

4.3.1.1 General form of Confusion Matrix
Let Ni j be the number of elements in the population, of size N, which are really of type j
but are classified as being of type i. The matrix { Ni j } is usually represented as shown
below:
True class, j

Assigned class, i

N11

N12

...

N1j

N21
.
.
.
Ni1

N22
.
.
.
N11

...

N1j

...

Nij

The diagonal elements of this matrix are the counts of the correct classifications of each
type and elements at the upper and lower panel of the matrix represent the counts of the
incorrect classifications of each type. Several metric performance evaluations of a
classification model can be obtained by confusion matrix, the main and importance one is
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the measure of the accuracy of the classification model which is the proportion of correctly
classified instance. In contrast the error of classification resulted by the classifier or usually
known as misclassification error, can be obtained by confusion matrix, and could be as
another criteria of metric performance evaluations of a classification model.
Accuracy
The matrix shows the accuracy of the classifier as the percentage of correctly classified
patterns in a given class divided by the total number of patterns in that class.
The overall (average) accuracy of the classifier is also evaluated by using the confusion
matrix is presented by applying the following formula:
Overall Accuracy Rate

=

N
N

ii

i

(4.1)
ij

i, j

Misclassification Error
Error made by the classifier, if a case is of class j but is not classified as such. On the other
hand the assignment of a case to class i when it is not of this class. Hence the proportion
of cases of type j which are misclassified is:
Rate of Misclassification = 1-

N
N

ii

i

(4.2)
ij

i, j

Or simply, misclassification error = 1- overall accuracy rate.

4.3.1.2 Binary Confusion Matrix
In the general form shown above of the confusion matrix, can be used for an number of
classes assigned for prediction, another simple and standard structure for such a matrix
reviewed mostly in such a literature, used for binary classification issues.
As we can see in figure 4.3, True Positives (TP), True Negatives (TN), False Positives
(FP), and False Negatives (FN), are the four different possible outcomes of classification
prediction for a two-class case with classes “1” (“yes”) and “0” (“no”). A False Positive is
when the outcome is incorrectly classified as “yes” (or “positive”), when it is in fact “no”
(or “negative”). A false negative is when the outcome is incorrectly classified as negative
when it is in fact positive. True Positives and True Negatives are obviously correct
classifications.
Easily interpretable understandable for users, you can get the interested evaluation criteria
such as overall accuracy, misclassification error obtained by classification model.
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(Yes)
Positive
(No)
Negative

Predicted Values

Actual Value
(Yes)
Positive

(No)
Negative

TP

FP

True
Positive

False
Positive

FN

TN

False
Negative

True
Negative

Figure 4.3: Confusion matrix for a binary classification model
Accuracy, which is the proportion of true results (both true positives and true negatives) in
the population, can be obtained by the following formula:

Accuracy



TP  TN
TP  TN  FP  FN

Misclassification, which is the proportion of false results (both false positives and false
negatives) in the population, can be obtained by the following formula

Misclassification



FP  FN
TP  TN  FP  FN

For the binary classification problems, other measures for specific purposes like Sensitivity
and, Specificity can be obtained by this confusion matrix. They are commonly used for the
evaluation of any binary classifier, and frequently used in medical applications.
Sensitivity: (also called recall rate in some fields), measures the proportion of correctly
identified as positive(TP) of all actual positives (TP+FN), or simply true positive rate
(TPR).
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Specificity, measures the proportion of correctly identified as negative (TN) of all actual
negatives (TN+FP), or simply true negative rate (TNR)
For understanding these two terms you can imagine that you have implemented a data
mining classification algorithm to classify 2 groups of people that for example, (Sick =
Positive) and (Healthy= Negative), a theoretical optimal prediction aims to achieve 100%
sensitivity (i.e. predict all people from the sick group as sick) and 100% specificity (i.e. not
predict anyone from the healthy group as sick).
These two measures can be obtained by the following formulas:

Sensitivity



TP
TP  FN

Specificity



TN
TN  FP

and,

4.3.4 ROC Curve
Receiver

Operating Characteristics (ROC) curve is a graphical representation of the

performance of classification model (Classifiers), ROC curves were originally designed as
tools in communication theory to visually determine optimal operating points for signal
discriminators. Recently it is widely used by the medical decision making community, it’s
a technique used for visualizing the performance of a classifier, it has been extended to
visualize, and rank, the performance of a competing set of classifiers for selecting the best
of them; by plotting them together in the same graph (Tom Fawcett, 2004). It provides a
powerful alternative to traditional model performance assessment using confusion
matrices. We have seen that in traditional scalar performance metrics such as accuracy,
sensitivity, and specificity derived from the confusion matrix, in contrast ROC analysis
provides a highly visual account of a model’s performance over a range of possible
scenarios.

4.3.4.1 ROC Structure
ROC curves are two-dimensional graphs that constructed by plotting the true positive rate
against the false positive rate as we see in figure 4.4, we can identify a number of regions
of interest in a ROC graph.
46

Figure 4.4: A view of ROC curve
The diagonal line from the bottom left corner to the top right corner denotes random
classifier performance, that is, a classification model mapped onto this line produces as
many false positive responses as it produces true positive responses.
To the left bottom of the random performance line we have the conservative performance
region. Classifiers in this region commit few false positive errors. In the extreme case,
denoted by point in the bottom left corner, a conservative classification model will classify
all instances as negative. In this way it will not commit any false positives but it will also
not produce any true positives. The region of classifiers with liberal performance occupies
the top of the graph. These classifiers have a good true positive rate but also commit
substantial numbers of false positive errors. Again, in the extreme case denoted by the
point in the top right corner, we have classification models that classify every instance as
positive. In that way, the classifier will not miss any true positives but it will also commit a
very large number of false positives.
Classifiers that fall in the region to the right of the random performance line have a
performance worse than random performance, that is, they consistently produce more false
positive responses than true positive responses.
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However, because ROC graphs are symmetric along the random performance line,
inverting the responses of a classifier in the “worse than random performance” region will
turn it into a well performing classifier in one of the regions above the random
performance line. Finally, the point in the top left corner denotes perfect classification:
100% true positive rate and 0% false positive rate. (Lutz Hamel, 2009).
Informally, the model performance closer or at the diagonal or random performance line
the worse the test is, this is a test that is no better than flipping a coin. In contrast The
closer the model is to upper left corner, the better the model is.
Classifiers mapped onto a ROC graph can be ranked according to their distance to the
‘perfect performance’ point

4.4 Summary
In this chapter we discussed the main aspects of classification models validation and
metrics

evaluation

of

models

performance

criteria,

like

predictive

accuracy,

misclassification error rate, sensitivity, and specificity. And the graphical method of
evaluating and comparing the classification model obtained by constructing an ROC curve.
In previous chapters, we have discussed and covered the major aspects from the theoretical
perspective of the aim of this study was willing to.
We have discussed the most famous of data mining techniques used for classification,
along with the method of validation, and the common evaluation methods of theses
classifiers.
Next chapter will be devoted for comparative case study with an empirical implementation
and evaluation of the five data mining classifiers discussed previously, assigned to three
different dataset containing binary and multi-class categorical dependent variable and
mixed(ordinal, numeric, and categorical) predictors.
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Chapter 5: Empirical Case Study

5.1 Introduction
In some applications, the accuracy of a classification or prediction is the only thing
that matters, in such situations we do not necessarily care how or why the model works. In
other situations, the time taken to build a model is the reason for a decision. In other
situations the ability to explain and describe the model is the reason for a decision.
This chapter will be as a comparative case study with an empirical implementation and
evaluation of five data mining classifiers described in the third chapter: Decision tree,
neural networks, support vector machine, naïve Bayes, and k-Nearest Neighbor.
This set of classifiers are assigned to predict the class membership of a binary and multiclass categorical dependent variable presents in three different datasets.
Famous model validation (testing) methods: hold-out validation, 10-fold cross-validation,
and bootstrapping, will be used to measure the performances of these classification models.
The evaluation of this set of competing classifiers will be based on three criteria: the
overall classification accuracy gained by the model, time taken to build the model, and
interpretability of the model.
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5.2 Methods and Model Description
we are going to assign five data mining classifiers to three different datasets to
predict the class membership of a binary and multi-class categorical dependent variable of
these datasets. A brief details of data mining classification models, validation methods, and
the criteria of evaluation used in this case study is illustrated and organized as follows:
Data mining Classification Models
Data mining classification models used are described as follows:
1. Decision Tree, using (CART algorithm)
2. Neural Networks, using various hidden nodes and selecting empirically highest
accuracy presenting size.
3. Support Vector Machines, using various kernels and selecting the one that
empirically gives the highest accuracy.
4. Naïve Bayes
5. k-Nearest Neighbor, using various odd values of k and selecting empirically the
value gives the heights accuracy.
Validation Methods.
This set of classifiers is validated against the datasets using three famous validation
methods:
1. Hold-out cross –validation, using 1/3 of actual dataset as a test set (without
replacement)
2. 10-fold Cross – Validation.
3. Bootstrapping , using 1/3 of actual dataset as test set (with replacement)
Evaluation Criteria
The results of validated classifier evaluated regarding the following criteria.
1. Overall classification accuracy
2. Time taken to build the model
3. Interpretability of the model
The Software Used
3. R Statistical package is mainly used for data exploration, description, and
classification modeling and analysis.
4. WEKA 3.7, is partially used for estimating the time taken to build the model.
More details about the codes and libraries used in R and WEKA can be found in the
appendices section.
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5.3 Data Description
Three different datasets are used, as we can see in table (5.1), these datasets are different
among each other in their size, number and type of predictors, and also different in the
number of the classes of their dependent variable, they have a binary and multi-class
categorical dependent variable.
Table 5.1: A brief description of the properties of the datasets
Dataset

Size

Diabetics
Iris
Fish Species

1566
150
159

No. of
variables
11
5
6

Type of predictors

No. of Classes

Mixed
Numeric
Numeric

2
3
7

The mixed type of predictors mean that the independent variables or predictors are having
different variable types (ordinal, numeric, and categorical).
In the following, some brief descriptions of each datasets.

1.

Diabetics Dataset

This data was taken from the Demographic and Health Survey done in 2004, by Palestinian
Central Bureau of Statistics.
As we can see in the table 5.2, a brief description of diabetics dataset, showing the
important properties of this dataset regarding the size of this dataset and the type and
number of the predictors available.
The dependent variable of this dataset has a binary (2-class) categorical variable, it will be
our target here to classify and predict the class membership of persons that diabetics
(labeled as Yes), and those not diabetics (labeled as No).
Table 5.2: Diabetics Data Description

Description
Dataset Size
Dependent
Variable
Number of
Predictors

1577 records

Number
of 11
Attributes
2-Class
Categorical Yes (1)
758 Cases
Variable
No (2)
808 Cases
10 variables - 6 categorical,1 ordinal, and 3 numeric attributes

We were going to illustrate a full scatter plot with correlation between all variables
associated with diabetics dataset, due to the largeness of the plots and unclear
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appearance, instead of this, we are going to sketch a simple and clear scatter plot of 2
predictors, to have an idea of how the class of dependent variable scattered according
to these two variables, as we can see in the following figure 5.1, we have scatter plot
sketched to have an idea about how those diabetics (labeled as Yes) in red plots and
those not diabetics (labeled as No). in green plots, scattered according to their Weight
and Age.

Figure 5.1 : Scatter plot of age and weight variables in Diabetics dataset

2.

Iris Dataset

A famous multivariate dataset exists in R MASS package, we will use this data set to
classify the Iris plant species according to the measure of its sepal length and width, along
with its petal length and width. As we can see in the table 5.3, a brief description of Iris
dataset, showing the important properties of this dataset regarding the size of this dataset
and the type and number of the predictors available.
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The dependent variable of this dataset considered to be a multi-class (3-class) categorical
variable, it will be our target here to classify and predict the species of the iris plant of
Setosa, Versicolor, and Virginica.
Table 5.3 Iris dataset description:
Description
Number of
Attributes
3-Class Categorical
Setosa
Variable
Versicolor
Virginica
4 variables - Numeric attributes
150 records

Dataset Size
Dependent Variable

Number of Predictors

5
50 Cases
50 Cases
50 Cases

The following figure 5.2, shows the scatter plot of Iris dataset together with the correlation
between the variables in the upper panel of the scatter plot.

Figure 5.2 : Scatter plot of Iris dataset
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3.

Fish Species Dataset

The Fish Catch dataset (Web4) contains measurements on 159 fish caught in the lake
Laengelmavesi, Finland. For the 159 fishes of 7 species the weight, length, height, and
width were measured.
Three different length measurements are recorded: from the nose of the fish to the
beginning of its tail, from the nose to the notch of its tail and from the nose to the end of its
tail. The height and width are calculated as percentages of the third length variable.
This results in 6 observed variables, Weight, Length1, Length2, Length3, Height, Width.
Observation 14 has a missing value in variable Weight, therefore this observation is
usually excluded from the analysis, The 7 species are 1=Bream, 2=Whitewish, 3=Roach,
4=Parkki, 5=Smelt, 6=Pike, 7=Perch.
Here we are going to use this to classify the various seven species of fish according to
their body measures.
A brief description of this data set is illustrate in the following table 5.4.
Table 5.4: Fish dataset description

Dataset Size

Dependent
Variable

Number of
Predictors

Description
Number of
Attributes
Bream
Parkki
Perch
7-Class Categorical
Pike
Variable
Roach
Smelt
Whitewish
6 variables- Numeric attributes
159 records
1 is missing

7
35 Cases
11 Cases
56 Cases
17 Cases
20 Cases
14 Cases
6 Cases

The following figure 5.3, shows the scatter plot of Fish species dataset together with the
correlation between the variables in the upper panel of the scatter plot.

54

Figure 5.3 : Scatter plot of Fish species dataset

For more specific and clear view of scatter plot we may sketch a simple and clear
scatter plot of 2 predictors, as we have done in the diabetics dataset above, to have an
idea of how the class of dependent variable scattered according to these two variables,
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as we can see in the following figure 5.4, we have scatter plot sketched to have an idea
about how those fish species classes are scattered according to their length3(length
from the nose to the end of tail) and height.

Figure 5.4 : Scatter plot of the Length3 and height in fish species dataset
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5.4 Classification and Validation Analysis
In this section we will show the results obtained by classification of all dataset's
categorical dependent

variable classes, using decision tree, neural networks, support

vector machines, naïve Bayes, and k-nearest neighbor, along with their accuracy estimated
by using various validation methods: hold-out validation, 10-fold cross-validation, and
bootstrap, also the time consumed for building a model.

5.4.1 Diabetics Classification
Here we are going to present the confusion matrix that shows the results of classification
models assigned to diabetics dataset to classify and predict persons that diabetics (coded as
Yes), and those not diabetics (coded as No), using hold-out validation, 10-fold crossvalidation, and bootstrap to validate this set of classifiers.


Using Hold-out Validation

We are going now to measure the performances of the classification models: Decision
Tree, Neural Networks, Support Vector Machine, Naïve Bayes, and k-Nearest Neighbor,
obtained by assigning these classifiers to 1/3 of the actual diabetics dataset as a hold-out
validation set, the detailed results were as follows:
Decision Tree Classification
The measures obtained in the confusion matrix, illustrated in table 5.5, as a result of
assigning of decision tree classification model assigned to 1/3 of the actual diabetics
dataset as a hold-out validation set, to classify and predict persons that diabetics (coded as
Yes), and those not diabetics (coded as No).
As we can see here, the model has correctly classified 149 instances as diabetics, and failed
(miss-classify) to classify 114 instances as not diabetics, from original 263 instances of
those actually or true diabetics persons.
On the other hand the model has correctly classified 273 instances as not diabetics, and did
not fail (miss-classify) to classify any instance as diabetics, from original 273 instances of
those actually not diabetics persons.
An overall result, the classifier succeeded to classify 422 instances from original 536
instances correctly, achieving %78.7 overall classification accuracy.
The time taken for building this model is 0.06 seconds.
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Table 5.5: A confusion matrix of decision tree classification model assigned to diabetics
dataset using hold-out validation
TRUE

Predicted

263
Yes
149 (%56.7)
114 (%43.3)

Yes
No

273
No
0 (%0)
273 (%100)

Sum
536

The following figure 5.5, showing the graphical visualization of decision tree classification
model, that can be converted to if - then rules as follows:
If person has Hypertension, then yes (diabetics).
Else the person No (not diabetics).

Figure 5.5: Graphical output of diabetics decision tree classification model
Neural Networks Classification
The measures obtained in the confusion matrix, illustrated in table 5.6, as a result of
assigning of neural network classification model (with 5 hidden nodes) assigned to 1/3 of
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the actual diabetics dataset as a hold-out validation set, to classify and predict persons that
diabetics (coded as Yes), and those not diabetics (coded as No).
As we can see here, the model has correctly classified 164 instances as diabetics, and failed
(miss-classify) to classify 9 instances as not diabetics, from original 173 instances of those
actually or true diabetics persons. In the other hand the model has correctly classified 247
instances as not diabetics, and failed (miss-classify) to classify 116 instance as diabetics,
from original 363 instances of those actually not diabetics persons.
An overall result, the classifier succeeded to classify 411 instances from original 536
instances correctly, achieving %76.7 overall classification accuracy.
The time taken for building this model is 102.54 seconds.
Table 5.6: A confusion matrix of neural networks classification model assigned to
diabetics dataset using hold-out validation
TRUE

Predicted

173
Yes
164 (%94.8)
9 (%5.2)

Yes
No

363
No
116 (%32)
247 (%68)

Sum
536

SVM Classification
The measures obtained in the confusion matrix, illustrated in table 5.7, as a result of
assigning of SVM classification model assigned to 1/3 of the actual diabetics dataset as a
hold-out validation set, to classify and predict persons that diabetics (coded as Yes), and
those not diabetics (coded as No).
As we can see here, the model has correctly classified 149 instances as diabetics, and failed
(miss-classify) to classify 114 instances as not diabetics, from original 263 instances of
those actually or true diabetics persons.
In the other hand the model has correctly classified 273 instances as not diabetics, and did
not fail (miss-classify) to classify any instance as diabetics, from original 273 instances of
those actually not diabetics persons.
An overall result, the classifier succeeded to classify 422 instances from original 536
instances correctly, achieving %78.7 overall classification accuracy.
The time taken for building this model is 0.75 seconds.
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Table 5.7: A confusion matrix of SVM classification model assigned to diabetics dataset
using hold-out validation
TRUE

Predicted

263
Yes
149 (%56.7)
114 (%43.3)

Yes
No

273
No
0 (%0)
273 (%100)

Sum
536

Naive Bayes Classification
The measures obtained in the confusion matrix, illustrated in table 5.8, as a result of
assigning of naïve Bayes classification model assigned to 1/3 of the actual diabetics
dataset as a hold-out validation set, to classify and predict persons that diabetics (coded as
Yes), and those not diabetics (coded as No).
As we can see here, the model has correctly classified 173 instances as diabetics, and failed
(miss-classify) to classify 90 instances as not diabetics, from original 263 instances of
those actually or true diabetics persons.
In the other hand the model has correctly classified 222 instances as not diabetics, and
failed (miss-classify) to classify 51 instance as diabetics, from original 273 instances of
those actually not diabetics persons.
An overall result, the classifier succeeded to classify 395 instances from original 536
instances correctly, achieving %73.7 overall classification accuracy.
The time taken for building this model is 0.06 seconds.
Table 5.8: A confusion matrix of naïve Bayes classification model assigned to diabetics
dataset using hold-out validation
TRUE

Predicted

263
Yes
173 (%65.8)
90 (%34.2)

Yes
No

273
No
51 (%18.7)
222 (%81.3)

Sum
536

k-Nearest Neighbor Classification
The measures obtained in the confusion matrix, illustrated in table 5.9, as a result of
assigning of k-Nearest Neighbor (best K was 5) classification model assigned to 1/3 of the
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actual diabetics dataset as a hold-out validation set, to classify and predict persons that
diabetics (coded as Yes), and those not diabetics (coded as No).
As we can see here, the model has correctly classified 192 instances as diabetics, and failed
(miss-classify) to classify 85 instances as not diabetics, from original 277 instances of
those actually or true diabetics persons.
In the other hand the model has correctly classified 195 instances as not diabetics, and
failed (miss-classify) to classify 64 instance as diabetics, from original 259 instances of
those actually not diabetics persons.
An overall result, the classifier succeeded to classify 387 instances from original 536
instances correctly, achieving %77.2 overall classification accuracy.
The time taken for building this model is 0.02 seconds.
Table 5.9: A confusion matrix of neural networks classification model assigned to
diabetics dataset using hold-out validation
TRUE

Predicted



277
Yes
192 (%69.3)
85 (%30.7)

Yes
No

259
No
64 (%24.7)
195 (%75.3)

Sum
536

Using Bootstrapping

We are going now to measure the performances of the classification models: Decision
Tree, Neural Networks, Support Vector Machine, Naïve Bayes, and k-Nearest Neighbor,
obtained by assigning these classifiers to 1/3 (with replacement) of the actual diabetics
dataset as a bootstrap set, the detailed results were as follows:
Decision Tree Classification
The measures obtained in the confusion matrix, illustrated in table 5.10, as a result of
assigning of decision tree classification model assigned to 1/3 (with replacement) of the
actual diabetics dataset as a bootstrap set, to classify and predict persons that diabetics
(coded as Yes), and those not diabetics (coded as No).
As we can see here, the model has correctly classified 159 instances as diabetics, and failed
(miss-classify) to classify 105 instances as not diabetics, from original 264 instances of
those actually or true diabetics persons.
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In the other hand the model has correctly classified 272 instances as not diabetics, and did
not fail (miss-classify) to classify any instance as diabetics, from original 272 instances of
those actually not diabetics persons.
An overall result, the classifier succeeded to classify 431 instances from original 536
instances correctly, achieving %80.4 overall classification accuracy.
The time taken for building this model is 0.02 seconds.
Table 5.10: A confusion matrix of decision tree classification model assigned to diabetics
dataset using bootstrapping
TRUE

Predicted

264
Yes
159 (%60)
105 (%40)

Yes
No

272
No
0(%0)
272 (%100)

Sum
536

SVM Classification
The measures obtained in the confusion matrix, illustrated in table 5.11, as a result of
assigning of SVM classification model assigned to 1/3 (with replacement) of the actual
diabetics dataset as a bootstrap set, to classify and predict persons that diabetics (coded as
Yes), and those not diabetics (coded as No).
As we can see here, the model has correctly classified 175 instances as diabetics, and failed
(miss-classify) to classify 88 instances as not diabetics, from original 263 instances of
those actually or true diabetics persons.
In the other hand the model has correctly classified 196 instances as not diabetics, and
failed (miss-classify) to classify 77 instance as diabetics, from original 273 instances of
those actually not diabetics persons.
An overall result, the classifier succeeded to classify 371 instances from original 536
instances correctly, achieving %69.2 overall classification accuracy.
The time taken for building this model is 0.55 seconds.
Table 5.11: A confusion matrix of SVM classification model assigned to diabetics dataset
using bootstrapping
TRUE

Predicted

263
Yes
175 (%66.6)
88 (%33.4)

Yes
No
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273
No
77(%28.2)
196 (%71.8)

Sum
536

Naive Bayes Classification
The measures obtained in the confusion matrix, illustrated in table 5.12, as a result of
assigning of naïve Bayes classification model assigned to 1/3 (with replacement) of the
actual diabetics dataset as a bootstrap set, to classify and predict persons that diabetics
(coded as Yes), and those not diabetics (coded as No).
As we can see here, the model has correctly classified 159 instances as diabetics, and failed
(miss-classify) to classify 99 instances as not diabetics, from original 258 instances of
those actually or true diabetics persons.
In the other hand the model has correctly classified 246 instances as not diabetics, and
failed (miss-classify) to classify 32 instance as diabetics, from original 278 instances of
those actually not diabetics persons.
An overall result, the classifier succeeded to classify 405 instances from original 536
instances correctly, achieving %75.6 overall classification accuracy.
The time taken for building this model is 0.02 seconds.
Table 5.12: A confusion matrix of naïve Bayes classification model assigned to diabetics
dataset using bootstrapping
TRUE

Predicted

258
Yes
159 (%61.6)
99 (%38.4)

Yes
No

278
No
32(%11.5)
246 (%88.5)

Sum
536

Neural Network Classification
The measures obtained in the confusion matrix, illustrated in table 5.13, as a result of
assigning of neural network classification model (with 5 hidden nodes) assigned to 1/3
(with replacement) of the actual diabetics dataset as a bootstrap set, to classify and predict
persons that diabetics (coded as Yes), and those not diabetics (coded as No).
As we can see here, the model has correctly classified 157 instances as diabetics, and failed
(miss-classify) to classify 99 instances as not diabetics, from original 256 instances of
those actually or true diabetics persons.
In the other hand the model has correctly classified 275 instances as not diabetics, and
failed (miss-classify) to classify 5 instance as diabetics, from original 280 instances of
those actually not diabetics persons.
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An overall result, the classifier succeeded to classify 432 instances from original 536
instances correctly, achieving %80.6 overall classification accuracy.
The time taken for building this model is 22.45 seconds.
Table 5.13: A confusion matrix of neural network classification model assigned to
diabetics dataset using bootstrapping
TRUE

Predicted

256
Yes
157 (%61.3)
99 (%38.7)

Yes
No

280
No
5(%1.18)
275 (%98.2)

Sum
536

k-Nearest Neighbor Classification
The measures obtained in the confusion matrix, illustrated in table 5.14, as a result of
assigning of k-nearest neighbor (the best k was 13) classification model assigned to 1/3
(with replacement) of the actual diabetics dataset as a bootstrap set, to classify and predict
persons that diabetics (coded as Yes), and those not diabetics (coded as No).
As we can see here, the model has correctly classified 192 instances as diabetics, and failed
(miss-classify) to classify 95 instances as not diabetics, from original 277 instances of
those actually or true diabetics persons.
In the other hand the model has correctly classified 237 instances as not diabetics, and
failed (miss-classify) to classify 22 instance as diabetics, from original 259 instances of
those actually not diabetics persons.
An overall result, the classifier succeeded to classify 419 instances from original 536
instances correctly, achieving %78.2 overall classification accuracy.
The time taken for building this model is 0.02 seconds.
Table 5.14: A confusion matrix of 13-nearest neighbor classification model assigned to
diabetics dataset using bootstrapping
TRUE

Predicted

277
Yes
192 (%65.7)
95 (%34.3)

Yes
No

64

259
No
22(%8.5)
237 (%91.5)

Sum
536



Using 10 fold Cross –Validation

We are going now to measure the performances of the classification models: Decision
Tree, Neural Networks, Support Vector Machine, Naïve Bayes, and k-Nearest Neighbor,
obtained by assigning these classifiers to 10 fold Cross –Validation of the actual diabetics
dataset, the detailed results were as follows:
Decision Tree Classification
The measures obtained in the confusion matrix, illustrated in table 5.15, as a result of
assigning of Naive Bayes classification model assigned 10-fold Cross –Validation of the
actual diabetics dataset, to classify and predict persons that diabetics (coded as Yes), and
those not diabetics (coded as No).
As we can see here, the model has correctly classified 461 instances as diabetics, and failed
(miss-classify) to classify 347 instances as not diabetics, from original 808 instances of
those actually or true diabetics persons.
In the other hand the model has correctly classified 754 instances as not diabetics, and
failed (miss-classify) to classify 4 instance as diabetics, from original 758 instances of
those actually not diabetics persons.
An overall result, the classifier succeeded to classify 1215 instances from original 1566
instances correctly, achieving %77.6 overall classification accuracy.
The time taken for building this model is 0.13 seconds.
Table 5.15: A confusion matrix of decision tree classification model assigned to diabetics
dataset using 10-fold Cross –Validation.
TRUE

Predicted

808
Yes
461 (%57)
347 (%43)

Yes
No

758
No
4(%0.5)
754 (%99.5)

Sum
1566

Naive Bayes Classification
The measures obtained in the confusion matrix, illustrated in table 5.16, as a result of
assigning of Naive Bayes classification model assigned 10 fold Cross –Validation of the
actual diabetics dataset, to classify and predict persons that diabetics (coded as Yes), and
those not diabetics (coded as No).
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As we can see here, the model has correctly classified 502 instances as diabetics, and failed
(miss-classify) to classify 306 instances as not diabetics, from original 808 instances of
those actually or true diabetics persons.
In the other hand the model has correctly classified 679 instances as not diabetics, and
failed (miss-classify) to classify 79 instance as diabetics, from original 758 instances of
those actually not diabetics persons.
An overall result, the classifier succeeded to classify 1181 instances from original 1566
instances correctly, achieving %75.4 overall classification accuracy.
The time taken for building this model is 0.02 seconds.
Table 5.16: A confusion matrix of naïve Bayes classification model assigned to diabetics
dataset using 10-fold Cross –Validation
TRUE

Predicted

808
Yes
502 (%62.1)
306 (%37.9)

Yes
No

758
No
79(%10.4)
679 (%89.6)

Sum
1566

Neural Networks Classification
The measures obtained in the confusion matrix, illustrated in table 5.17, as a result of
assigning of neural networks classification model (with 5 hidden nodes) assigned 10 fold
Cross –Validation of the actual diabetics dataset, to classify and predict persons that
diabetics (coded as Yes), and those not diabetics (coded as No).
As we can see here, the model has correctly classified 493 instances as diabetics, and failed
(miss-classify) to classify 315 instances as not diabetics, from original 808 instances of
those actually or true diabetics persons.
In the other hand the model has correctly classified 698 instances as not diabetics, and
failed (miss-classify) to classify 60 instance as diabetics, from original 758 instances of
those actually not diabetics persons.
An overall result, the classifier succeeded to classify 1191 instances from original 1566
instances correctly, achieving %76.1 overall classification accuracy.
The time taken for building this model is 25.22 seconds.
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Table 5.17: A confusion matrix of neural networks classification model assigned to
diabetics dataset using 10-fold Cross –Validation
TRUE

Predicted

808
Yes
493 (%61)
315 (%39)

Yes
No

758
No
60(%8)
698 (%92)

Sum
1566

SVM Classification
The measures obtained in the confusion matrix, illustrated in table 5.18, as a result of
assigning of SVM classification model assigned 10 fold Cross –Validation of the actual
diabetics dataset, to classify and predict persons that diabetics (coded as Yes), and those
not diabetics (coded as No).
As we can see here, the model has correctly classified 461 instances as diabetics, and failed
(miss-classify) to classify 347 instances as not diabetics, from original 808 instances of
those actually or true diabetics persons.
In the other hand the model has correctly classified 758 instances as not diabetics, and did
not fail (miss-classify) to classify any instance as diabetics, from original 758 instances of
those actually not diabetics persons.
An overall result, the classifier succeeded to classify 1219 instances from original 1566
instances correctly, achieving %77.8 overall classification accuracy.
The time taken for building this model is 1.03 seconds.
Table 5.18: A confusion matrix of SVM classification model assigned to diabetics dataset
using 10-fold Cross –Validation
TRUE

Predicted

808
Yes
461 (%57.1)
347 (%42.9)

Yes
No

758
No
0(%0)
758 (%100)

Sum
1566

k-Nearest Neighbor Classification
The measures obtained in the confusion matrix, illustrated in table 5.19, as a result of
assigning of k-Nearest Neighbor (best K was 7)classification model assigned 10 fold Cross
–Validation of the actual diabetics dataset, to classify and predict persons that diabetics
(coded as Yes), and those not diabetics (coded as No).
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As we can see here, the model has correctly classified 540 instances as diabetics, and failed
(miss-classify) to classify 268 instances as not diabetics, from original 808 instances of
those actually or true diabetics persons.
In the other hand the model has correctly classified 641 instances as not diabetics, and
failed (miss-classify) to classify 117 instance as diabetics, from original 758 instances of
those actually not diabetics persons.
An overall result, the classifier succeeded to classify 1181 instances from original 1566
instances correctly, achieving %75.4 overall classification accuracy.
The time taken for building this model is 0 seconds.
Table 5.19: A confusion matrix of neural networks classification model assigned to
diabetics dataset using 10-fold Cross –Validation
TRUE

Predicted

Yes
No

808
Yes
540 (%66.8)
268 (%33.2)

758
No
117(%15.4)
641 (%84.6)

Sum
1566

5.4.2 Iris Classification
Here we are going to present the confusion matrix that shows the results of classification
models assigned to diabetics dataset to classify and predict the class of iris species Setosa,
versicolor, and virginica, using hold-out validation, 10-fold cross-validation, and bootstrap
to validate these set of classifiers.


Using Hold out Validation

We are going now to measure the performances of the classification models: Decision
Tree, Neural Networks, Support Vector Machine, Naïve Bayes, and k-Nearest Neighbor,
obtained by assigning these classifiers to 1/3 of the actual iris dataset as a hold-out
validation set, the detailed results were as follows:
Decision Tree Classification
The measures obtained in the confusion matrix, illustrated in table 5.20, as a result of
assigning of decision tree classification model assigned to 1/3 of the actual iris dataset as a
hold-out validation set, to classify and predict class of iris species: setosa, versicolor, and
virginica.
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As we can see here, the model has correctly classified all instances correctly, except it
miss- classified 2 instances from virginica as versicolor.
An overall result, the classifier succeeded to classify 48 instances from original 50
instances correctly, achieving %96 overall classification accuracy.
The time taken for building this model is 0.16seconds.
Table 5.20: A confusion matrix of decision tree classification model assigned to iris
dataset using hold-out validation
Set size
50

Predicted

14

TRUE
19

17

Setosa

Versicolor

Virginica

Setosa

14

0

0

Versicolor

0

19

2

Virginica

0

0

15

The following figure 5.6, showing the graphical visualization of decision tree classification
model, that can be converted to if - then rules as follows:
If petal length <2.45 then setosa,
If petal length < 4.75 then versicolor,
If petal length > = 4.75 then virginica

Figure 5.6 : A graphical output of iris species decision tree classification model
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Naive Bayes Classification
The measures obtained in the confusion matrix, illustrated in table 5.21, as a result of
assigning of naïve Bayes classification model assigned to 1/3 of the actual iris dataset as a
hold-out validation set, to classify and predict class of iris species: setosa, versicolor, and
virginica.
As we can see here, the model has correctly classified all instances correctly, except it
miss- classified 2 instances from virginica as versicolor.
An overall result, the classifier succeeded to classify 48 instances from original 50
instances correctly, achieving %96 overall classification accuracy.
The time taken for building this model is 0 seconds.
Table 5.21: A confusion matrix of naïve Bayes classification model assigned to iris dataset
using hold-out validation
Set size
50

Predicted

15

TRUE
18

17

Setosa

Versicolor

Virginica

Setosa

15

0

0

Versicolor

0

18

2

Virginica

0

0

15

Neural Networks Classification
The measures obtained in the confusion matrix, illustrated in table 5.22, as a result of
assigning of neural networks classification model (with 5 hidden nodes) assigned to 1/3 of
the actual iris dataset as a hold-out validation set, to classify and predict class of iris
species: setosa, versicolor, and virginica.
As we can see here, the model has correctly classified all instances correctly, except it
miss- classified 1 instance from virginica as versicolor.
An overall result, the classifier succeeded to classify 49 instances from original 50
instances correctly, achieving %98 overall classification accuracy.
The time taken for building this model is 0.78 seconds.
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Table 5.22: A confusion matrix of naïve Bayes classification model assigned to iris dataset
using hold-out validation
Set size
50

Predicted

15

TRUE
19

16

Setosa

Versicolor

Virginica

Setosa

15

0

0

Versicolor

0

19

1

Virginica

0

0

15

SVM Classification
The measures obtained in the confusion matrix, illustrated in table 5.23, as a result of
assigning of SVM classification model assigned to 1/3 of the actual iris dataset as a holdout validation set, to classify and predict class of iris species: setosa, versicolor, and
virginica.
As we can see here, the model has correctly classified all instances correctly, except it
miss- classified 1 instance from virginica as versicolor.
An overall result, the classifier succeeded to classify 49 instances from original 50
instances correctly, achieving %98 overall classification accuracy.
The time taken for building this model is 0.08 seconds.
Table 5.23: A confusion matrix of naïve Bayes classification model assigned to iris dataset
using hold-out validation
Set size
50

Predicted

15

TRUE
19

16

Setosa

Versicolor

Virginica

Setosa

15

0

0

Versicolor

0

19

1

Virginica

0

0

15

k-Nearest Neighbor
The measures obtained in the confusion matrix, illustrated in table 5.24, as a result of
assigning of k-Nearest Neighbor ( best k was 5) classification model assigned to 1/3 of the
actual iris dataset as a hold-out validation set, to classify and predict class of iris species:
setosa, versicolor, and virginica.
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As we can see here, the model has correctly classified all instances correctly, except it
miss- classified 1 instance from virginica as versicolor.
An overall result, the classifier succeeded to classify 49 instances from original 50
instances correctly, achieving %98 overall classification accuracy.
The time taken for building this model is 0 seconds.
Table 5.24: A confusion matrix of naïve Bayes classification model assigned to iris dataset
using hold-out validation
Set size
50

Predicted



15

TRUE
19

16

Setosa

Versicolor

Virginica

Setosa

15

0

0

Versicolor

0

19

1

Virginica

0

0

15

Using Bootstrapping

We are going now to measure the performances of the classification models: Decision
Tree, Neural Networks, Support Vector Machine, Naïve Bayes, and k-Nearest Neighbor,
obtained by assigning these classifiers to 1/3 (with replacement) of the actual iris dataset
as a bootstrap set, the detailed results were as follows:
Decision Tree Classification
The measures obtained in the confusion matrix, illustrated in table 5.25, as a result of
assigning of decision tree classification model assigned to 1/3 (with replacement) of the
actual iris dataset as a bootstrap set, to classify and predict class of iris species: setosa,
versicolor, and virginica.
As we can see here, the model has correctly classified all instances correctly, except it
miss- classified 2 instances from virginica as versicolor.
An overall result, the classifier succeeded to classify 48 instances from original 50
instances correctly, achieving %96 overall classification accuracy.
The time taken for building this model is 0.12seconds.
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Table 5.25: A confusion matrix of decision tree classification model assigned to iris
dataset using bootstrapping
Set size
50

Predicted

14

TRUE
19

17

Setosa

Versicolor

Virginica

Setosa

14

0

0

Versicolor

0

19

2

Virginica

0

0

15

Naive Bayes Classification
The measures obtained in the confusion matrix, illustrated in table 5.26, as a result of
assigning of naïve Bayes classification model assigned to 1/3 (with replacement) of the
actual iris dataset as a bootstrap set, to classify and predict class of iris species: setosa,
versicolor, and virginica.
As we can see here, the model has correctly classified all instances correctly, except it
miss- classified 2 instances from virginica as versicolor.
An overall result, the classifier succeeded to classify 48 instances from original 50
instances correctly, achieving %96 overall classification accuracy.
The time taken for building this model is 0 seconds.
Table 5.26: A confusion matrix of naïve Bayes classification model assigned to iris dataset
using bootstrapping
Set size
50

Predicted

15

TRUE
18

17

Setosa

Versicolor

Virginica

Setosa

15

0

0

Versicolor

0

18

2

Virginica

0

0

15

Neural Networks Classification
The measures obtained in the confusion matrix, illustrated in table 5.27, as a result of
assigning of neural networks classification model (with 5 hidden nodes) assigned to 1/3
(with replacement) of the actual iris dataset as a bootstrap set, to classify and predict class
of iris species: setosa, versicolor, and virginica.
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As we can see here, the model has correctly classified all instances correctly, except it
miss- classified 1 instance from virginica as versicolor.
An overall result, the classifier succeeded to classify 49 instances from original 50
instances correctly, achieving %98 overall classification accuracy.
The time taken for building this model is 0.76 seconds.
Table 5.27: A confusion matrix of neural networks classification model assigned to iris
dataset using bootstrapping
Set size
50

Predicted

15

TRUE
19

16

Setosa

Versicolor

Virginica

Setosa

15

0

0

Versicolor

0

19

1

Virginica

0

0

15

SVM Classification
The measures obtained in the confusion matrix, illustrated in table 5.28, as a result of
assigning of SVM classification model assigned to 1/3 (with replacement) of the actual iris
dataset as a bootstrap set, to classify and predict class of iris species: setosa, versicolor, and
virginica. As we can see here, the model has correctly classified all instances correctly,
except it miss- classified 1 instance from virginica as versicolor.
An overall result, the classifier succeeded to classify 49 instances from original 50
instances correctly, achieving %98 overall classification accuracy.
The time taken for building this model is 0.16 seconds.
Table 5.28: A confusion matrix of SVM classification model assigned to iris dataset using
bootstrapping
Set size
50

Predicted

15

TRUE
19

16

Setosa

Versicolor

Virginica

Setosa

15

0

0

Versicolor

0

19

1

Virginica

0

0

15
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k-Nearest Neighbor
The measures obtained in the confusion matrix, illustrated in table 5.29, as a result of
assigning of k-Nearest Neighbor ( best k was 5) classification model assigned to 1/3 of the
actual iris dataset as a bootstrap set, to classify and predict class of iris species: setosa,
versicolor, and virginica.
As we can see here, the model has correctly classified all instances correctly, except it
miss- classified 1 instance from virginica as versicolor.
An overall result, the classifier succeeded to classify 49 instances from original 50
instances correctly, achieving %98 overall classification accuracy.
The time taken for building this model is 0 seconds.
Table 5.29: A confusion matrix of 5-Nearest neighbor classification model assigned to iris
dataset using bootstrapping
Set size
50

Predicted



15

TRUE
19

16

Setosa

Versicolor

Virginica

Setosa

15

0

0

Versicolor

0

19

1

Virginica

0

0

15

Using 10-Fold Cross – Validation
We are going now to measure the performances of the classification models:

Decision Tree, Neural Networks, Support Vector Machine, Naïve Bayes, and k-Nearest
Neighbor, obtained by assigning these classifiers to 10-fold Cross –Validation of the actual
iris dataset, the detailed results were as follows:
Decision Tree Classification
The measures obtained in the confusion matrix, illustrated in table 5.30, as a result of
assigning of decision tree classification model assigned to 10-fold cross –validation of the
actual iris dataset, to classify and predict class of iris species: setosa, versicolor, and
virginica.
As we can see here, the model has correctly classified all instances in class sesota
correctly, except it miss- classified 1 instance as versicolor, and also misclassified 3
instances from versicolor as virginica, also miss-classified 2 instances from viginica as
versicolor.
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An overall result, the classifier succeeded to classify 144 instances from original 150
instances correctly, achieving %96 overall classification accuracy.
The time taken for building this model is 0.2 seconds.
Table 5.30: A confusion matrix of decision tree classification model assigned to iris
dataset using 10-fold cross –validation
Set size
150

Predicted

50

TRUE
50

50

Setosa

Versicolor

Virginica

Setosa

49

0

0

Versicolor

1

47

2

Virginica

0

3

48

Naive Bayes Classification
The measures obtained in the confusion matrix, illustrated in table 5.31, as a result of
assigning of Naive Bayes classification model assigned to 10-fold cross –validation of the
actual iris dataset, to classify and predict class of iris species: setosa, versicolor, and
virginica.
As we can see here, the model has correctly classified all instances in class sesota
correctly, and misclassified 2 instances from versicolor as virginica, also miss-classified 4
instances from viginica as versicolor.
An overall result, the classifier succeeded to classify 144 instances from original 150
instances correctly, achieving %96 overall classification accuracy.
The time taken for building this model is 0.2 seconds.
Table 5.31: A confusion matrix of naïve Bayes classification model assigned to iris dataset
using 10-fold cross –validation
Set size
150

Predicted

50

TRUE
50

50

Setosa

Versicolor

Virginica

Setosa

50

0

0

Versicolor

0

48

4

Virginica

0

2

46
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SVM Classification
The measures obtained in the confusion matrix, illustrated in table 5.32, as a result of
assigning of SVM classification model assigned to 10-fold cross –validation of the actual
iris dataset, to classify and predict class of iris species: setosa, versicolor, and virginica.
As we can see here, the model has correctly classified all instances in class sesota
correctly, and misclassified 1 instance from versicolor as virginica, also miss-classified 5
instances from viginica as versicolor.
An overall result, the classifier succeeded to classify 144 instances from original 150
instances correctly, achieving %96 overall classification accuracy.
The time taken for building this model is 0.11 seconds.
Table 5.32: A confusion matrix of SVM classification model assigned to iris dataset using
10-fold cross –validation
Set size
150

Predicted

50

TRUE
50

50

Setosa

Versicolor

Virginica

Setosa

50

0

0

Versicolor

0

49

5

Virginica

0

1

45

Neural Networks Classification
The measures obtained in the confusion matrix, illustrated in table 5.33, as a result of
assigning of neural networks classification model (with 5 hidden nodes), assigned to 10fold cross –validation of the actual iris dataset, to classify and predict class of iris species:
setosa, versicolor, and virginica.
As we can see here, the model has correctly classified all instances in class sesota
correctly, and misclassified 2 instances from versicolor as virginica, also miss-classified 2
instances from viginica as versicolor.
An overall result, the classifier succeeded to classify 146 instances from original 150
instances correctly, achieving %97.3overall classification accuracy.
The time taken for building this model is 0.55 seconds.
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Table 5.33: A confusion matrix of neural networks classification model assigned to iris
dataset using 10-fold cross –validation
Set size
150

Predicted

50

TRUE
50

50

Setosa

Versicolor

Virginica

Setosa

50

0

0

Versicolor

0

48

2

Virginica

0

2

48

k-Nearest Neighbor Classification
The measures obtained in the confusion matrix, illustrated in table 5.34, as a result of
assigning of k-nearest neighbor classification model (best k was 7), assigned to 10-fold
cross –validation of the actual iris dataset, to classify and predict class of iris species:
setosa, versicolor, and virginica.
As we can see here, the model has correctly classified all instances in class sesota
correctly, and misclassified 2 instances from versicolor as virginica, also miss-classified 3
instances from viginica as versicolor.
An overall result, the classifier succeeded to classify 145 instances from original 150
instances correctly, achieving %96.7overall classification accuracy.
The time taken for building this model is 0seconds.
Table 5.34: A confusion matrix of 7-nearest neighbor classification model assigned to iris
dataset using 10-fold cross –validation
Set size
150

Predicted

50

TRUE
50

50

Setosa

Versicolor

Virginica

Setosa

50

0

0

Versicolor

0

48

3

Virginica

0

2

47
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5.4.3 Fish Species Classification
Here we are going to present the confusion matrix that shows the results of classification
models assigned to diabetics dataset to classify and predict 7- class of fish species:
Whitewish, Smelt, Roach, Pike, Perch, Parkki, and Bream, using hold-out validation, 10fold cross-validation, and bootstrap to validate these set of classifiers.


Using Hold - out Validation

We are going now to measure the performances of the classification models: Decision tree,
neural networks, support vector machine, naïve Bayes, and k-Nearest Neighbor, obtained
by assigning these classifiers to 1/3 of the actual fish species dataset as a hold-out
validation set, the detailed results were as follows:
Decision Tree Classification
The measures obtained in the confusion matrix, illustrated in table 5.35, as a result of
assigning of SVM classification model assigned to /3 of the actual fish species dataset as a
hold-out validation set, to classify and predict class of fish species.
As we can see here, the model has correctly classified all instances in classes or species
Bream, Parkki, Pike and Smelt, correctly, and misclassified 5 instances from Perch as
Roach, also miss-classified 1 instance from Roach as Perch, and misclassified all instances
from Whitewish as Roach and Perch.
An overall result, the classifier succeeded to classify 43 instances from original 52
instances correctly, achieving %82.7 overall classification accuracy.
The time taken for building this model is 0.05 seconds.
Table 5.35: A confusion matrix of decision tree classification model assigned to fish
species dataset using hold-out validation
Set size

Predicted

52
Bream
Parkki
Perch
Pike
Roach
Smelt
Whitewish

TRUE
12
Bream
12
0
0
0
0
0
0

4
Parkki
0
4
0
0
0
0
0

18
Perch
0
0
13
0
5
0
0
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6
Pike
0
0
0
6
0
0
0

6
Roach
0
0
1
0
5
0
0

3
Smelt
0
0
0
0
0
3
0

3
Whitewish
0
0
2
0
1
0
0

The following figure 5.7, showing the graphical visualization of decision tree classification
model, applied to classify the class of fish species, that can be converted to if - then rules
similar to as we have described in the previous trees in Diabetics and Iris dataset.

Figure 5.7 : A graphical output of fish species decision tree classification model
Neural Networks Classification
The measures obtained in the confusion matrix, illustrated in table 5.36, as a result of
assigning of neural networks classification model (with 5 hidden nodes) assigned to /3 of
the actual fish species dataset as a hold-out validation set, to classify and predict class of
fish species.
As we can see here, the model has correctly classified all instances in classes or species
Pike and Smelt, , and misclassified 1 instance from Bream as Pike, also misclassified 3
instances from Parkki as Roach, also miss-classified 1 instance from Perch as Whitewish,
also and misclassified 1 instances from Roch as Smelt, and miss-classified 1 instance from
Whitewish as Perch.
An overall result, the classifier succeeded to classify 45 instances from original 52
instances correctly, achieving %86.5 overall classification accuracy.
The time taken for building this model is 2.5 seconds.
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Table 5.36: A confusion matrix of neural networks classification model assigned to fish
dataset using hold-out validation
Set size

TRUE

Predicted

52

12
Bream
11
0
0
1
0
0
0

Bream
Parkki
Perch
Pike
Roach
Smelt
Whitewish

4
Parkki
0
1
0
0
3
0
0

19
Perch
0
0
18
0
0
0
1

6
Pike
0
0
0
6
0
0
0

6
Roach
0
0
0
0
5
1
0

2
Smelt
0
0
0
0
0
2
0

3
Whitewish
0
0
1
0
0
0
2

SVM Classification
The measures obtained in the confusion matrix, illustrated in table 5.37, as a result of
assigning of SVM classification model assigned to /3 of the actual fish species dataset as a
hold-out validation set, to classify and predict class of fish species.
As we can see here, the model has correctly classified all instances in classes or species
Bream Smelt, and Whitewish correctly, and misclassified 2 instances from Parkki as
Bream, also miss-classified 1 instance from Perch as Whitewish, also and misclassified 2
instances from Pike as Perch, and miss-classified 2 instances from Roach, one as Perch, the
other as Whitewish.
An overall result, the classifier succeeded to classify 45 instances from original 52
instances correctly, achieving %86.5 overall classification accuracy.
The time taken for building this model is 2.45 seconds.
Table 5.37: A confusion matrix of SVM classification model assigned to fish dataset using
hold-out validation
Set size

Predicted

52

Bream
Parkki
Perch
Pike
Roach
Smelt
Whitewis
h

TRUE
13
Brea
m
13
0
0
0
0
0

6

19

6

5

2

Parkki
2
4
0
0
0
0

Perch
0
0
18
0
0
0

Pike
0
0
2
4
0
0

Roach
0
0
1
0
3
0

Smelt
0
0
0
0
0
2

1
Whitewis
h
0
0
0
0
0
0

0

0

1

0

1

0

1
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Naïve Bayes Classification
The measures obtained in the confusion matrix, illustrated in table 5.38, as a result of
assigning of neural networks classification model (with 5 hidden nodes) assigned to /3 of
the actual fish species dataset as a hold-out validation set, to classify and predict class of
fish species.
As we can see here, the model has correctly classified all instances in classes or species
Parkki, Pike and Smelt, , and misclassified 1 instance from Bream as Parkki, also
misclassified 10 instances from Perch as Roach, also miss-classified 2 instances from
Roach as Perch, also and misclassified 1 instances from Roch as Smelt, and miss-classified
all instances from Whitewish as Roach and Perch
An overall result, the classifier succeeded to classify 36 instances from original 52
instances correctly, achieving %69.2 overall classification accuracy.
The time taken for building this model is 0.02 seconds.
Table 5.38: A confusion matrix of naïve Bayes classification model assigned to fish
dataset using hold-out validation
Set size

Predicted

52
Bream
Parkki
Perch
Pike
Roach
Smelt
Whitewish

TRUE
12
Bream
11
1
0
0
0
0
0

4
Parkki
0
4
0
0
0
0
0

18
Perch
0
0
8
0
10
0
0

6
Pike
0
0
0
6
0
0
0

6
Roach
0
0
2
0
4
0
0

3
Smelt
0
0
0
0
0
3
0

3
Whitewish
0
0
2
0
1
0
0

K-Nearest Neighbor Classification
The measures obtained in the confusion matrix, illustrated in table 5.39, as a result of
assigning of k-nearest neighbor classification model (best k was 5) assigned to 1/3 of the
actual fish species dataset as a hold-out validation set, to classify and predict class of fish
species.
As we can see here, the model has correctly classified all instances in classes or species
Parkki, Pike, Smelt, and Whitewish, and misclassified 1 instance from Bream as Perch,
also misclassified 3 instances from Perch as Roach, also miss-classified 4 instances from
Roach as Perch and Whitewish ,
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An overall result, the classifier succeeded to classify 44 instances from original 52
instances correctly, achieving %84.6 overall classification accuracy.
The time taken for building this model is 0 seconds.
Table 5.39: A confusion matrix of 5-nearest neighbor classification model assigned to fish
dataset using hold-out validation
Set size

Predicted

52



Bream
Parkki
Perch
Pike
Roach
Smelt
Whitewish

TRUE
13
Bream
12
0
1
0
0
0
0

4
Parkki
0
4
0
0
0
0
0

14
Perch
0
0
11
0
3
0
0

8
Pike
0
0
0
8
0
0
0

7
Roach
0
0
2
0
3
0
2

5
Smelt
0
0
0
0
0
5
0

1
Whitewish
0
0
0
0
0
0
1

Using 10 Fold Cross – Validation

We are going now to measure the performances of the classification models: Decision
Tree, Neural Networks, Support Vector Machine, Naïve Bayes, and k-Nearest Neighbor,
obtained by assigning these classifiers to 10-fold Cross –Validation of the actual fish
species dataset, the detailed results were as follows:
Decision Tree Classification
The measures obtained in the confusion matrix, illustrated in table 5.40, as a result of
assigning of decision tree classification model assigned to 10-fold Cross –Validation of the
actual fish species dataset, to classify and predict class of fish species.
As we can see here, the model has correctly classified all instances in classes or species
Bream, Pike, and Smelt, and misclassified 3 instances from Parkki as Bream, Perch, and
Roach, also misclassified 2 instances from Perch as Smelt, and miss-classified all instances
from Whitewish as Perch.
An overall result, the classifier succeeded to classify 127 instances from original 158
instances correctly, achieving %80.4 overall classification accuracy.
The time taken for building this model is 0.02 seconds.
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Table 5.40: A confusion matrix of decision tree classification model assigned to fish
dataset using 10-fold cross –validation
Set size

Predicted

158
Bream
Parkki
Perch
Pike
Roach
Smelt
Whitewish

TRUE
34
Bream
34
0
0
0
0
0
0

11
Parkki
1
8
1
0
1
0
0

56
Perch
0
0
54
0
0
2
0

17
20
Pike Roach
0
0
0
0
0
20
17
0
0
0
0
0
0
0

14
6
Smelt Whitewish
0
0
0
0
0
6
0
0
0
0
14
0
0
0

Neural Networks Classification
The measures obtained in the confusion matrix, illustrated in table 5.41, as a result of
assigning of neural networks classification model (with 5 hidden) assigned to 10-fold
cross–validation of the actual fish species dataset, to classify and predict class of fish
species.
As we can see here, the model has correctly classified all instances in classes or species
Bream, Parkki, and Pike, and misclassified 3 instances from Perch as Parkki, Perch, also
misclassified 7 instances from Roch as 6 instances of Perch and one as as Bream, also
miss-classified one instance from Smelt as Perch, and also misclassified 5 instances from
Whitewish as 3 for Roch and 2 instances for Perch.
An overall result, the classifier succeeded to classify 142 instances from original 158
instances correctly, achieving %89.9 overall classification accuracy.
The time taken for building this model is 42.57 seconds.
Table 5.41: A confusion matrix of neural networks classification model assigned to fish
dataset using 10-fold cross –validation
Set size

Predicted

158
Bream
Parkki
Perch
Pike
Roach
Smelt
Whitewish

TRUE
34
Bream
34
0
0
0
0
0
0

11
Parkki
0
11
0
0
0
0
0

56
Perch
0
3
53
0
0
0
0
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17
Pike
0
0
0
17
0
0
0

20
Roach
1
0
6
0
13
0
0

14
Smelt
0
0
1
0
0
13
0

6
Whitewish
0
0
2
0
3
0
1

SVM Classification
The measures obtained in the confusion matrix, illustrated in table 5.42, as a result of
assigning of SVM classification model assigned to 10-fold Cross –Validation of the actual
fish species dataset, to classify and predict class of fish species.
As we can see here, the model has correctly classified all instances in classes or fish
species, without any miss-classification presented, achieving %100 overall classification
accuracy (Perfect performance).
The time taken for building this model is 2.3 seconds.
Table 5.42: A confusion matrix of SVM classification model assigned to fish dataset using
10-fold cross –validation
Set size

Predicted

158
Bream
Parkki
Perch
Pike
Roach
Smelt
Whitewish

TRUE
34
Bream
34
0
0
0
0
0
0

11
Parkki
0
11
0
0
0
0
0

56
Perch
0
0
56
0
0
0
0

17
Pike
0
0
0
17
0
0
0

20
Roach
0
0
0
0
20
0
0

14
Smelt
0
0
0
0
0
14
0

6
Whitewish
0
0
0
0
0
0
6

Naïve Bayes Classification
The measures obtained in the confusion matrix, illustrated in table 5.43, as a result of
assigning of Naïve Bayes classification model assigned to 10-fold cross–validation of the
actual fish species dataset, to classify and predict class of fish species.
As we can see here, the model has correctly classified all instances in classes or species
Parkki, and misclassified 1 instance from Bream as Parkki, and 2 instances from Parkki as
Bream and Smelt. Also miss-classified 17 istances from Perch as 2 for Brea, 3 as Pike, 10
as Roach, and 2 as Whitewish, also miss-classified 10 instances from Roach as 9 instances
of Roach and one for Smelt, also miss-classified 2 instances from Smelt as Parkki, and
miss-classified 5 instances from Whitewish as Perch
An overall result, the classifier succeeded to classify 121 instances from original 158
instances correctly, achieving %76.6 overall classification accuracy.
The time taken for building this model is 0.02 seconds.
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Table 5.43: A confusion matrix of naïve Bayes classification model assigned to fish
dataset using 10-fold cross –validation
Set size

Predicted

158
Bream
Parkki
Perch
Pike
Roach
Smelt
Whitewish

TRUE
34
Bream
33
1
0
0
0
0
0

11
Parkki
1
9
0
0
0
1
0

56
Perch
2
0
39
3
10
0
2

17
Pike
0
0
0
17
0
0
0

20
Roach
0
0
9
0
10
1
0

14
Smelt
0
2
0
0
0
12
0

6
Whitewish
0
0
5
0
0
0
1

k- Nearest Neighbor Classification
The measures obtained in the confusion matrix, illustrated in table 5.44, as a result of
assigning of k- nearest neighbor (best k was 5) classification model assigned to 10-fold
cross–validation of the actual fish species dataset, to predict class of fish species.
As we can see here, the model has correctly classified all instances in classes or species
Pike, and misclassified 1 instance from Bream as Perch, and 1 instance from Parkki as
Pike. Also miss-classified 10 instances from Perch as 1 for Bream, 1 as Pike, 6 as Roach,
also miss-classified 12 instances from Roach as 11 instances of Perch and one as
Whitewish, also miss-classified 1 instance from Smelt as Perch, and miss-classified the all
6 instances from Whitewish as 4 instances as Perch and 2 instances as Roach.
An overall result, the classifier succeeded to classify 129 instances from original 158
instances correctly, achieving %81.6 overall classification accuracy.
The time taken for building this model is 0.02 seconds.
Table 5.44: A confusion matrix of 5- nearest neighbor classification model assigned to
fish dataset using 10-fold cross –validation
Set size

Predicted

158
Bream
Parkki
Perch
Pike
Roach
Smelt
Whitewish

TRUE
34
Bream
33
0
1
0
0
0
0

11
Parkki
0
10
0
1
0
0
0

56
Perch
1
0
48
1
6
0
0
86

17
Pike
0
0
0
17
0
0
0

20
Roach
0
0
11
0
8
0
1

14
Smelt
0
0
1
0
0
13
0

6
Whitewish
0
0
4
0
2
0
0



Using Bootstrapping

We are going now to measure the performances of the classification models: Decision
Tree, Neural Networks, Support Vector Machine, Naïve Bayes, and k-Nearest Neighbor,
obtained by assigning these classifiers to 1/3 (with replacement) of the actual fish species
dataset as a bootstrap set, the detailed results were as follows:
Decision Tree Classification
The measures obtained in the confusion matrix, illustrated in table 5.45, as a result of
assigning of decision tree classification model assigned to 1/3 (with replacement) of the
actual fish dataset as a bootstrap set, to classify and predict class of fish species
As we can see here, the model has classified all instances in classes or species Parkki, and
Smelt, correctly, and misclassified 2 instances from Bream as Roach and Perch, also missclassified 5 instance from Perch as one for Parkki and 4 as Pike,also miss-classified 2
instance form Pike as Perch, and miss-classified all 7 instance form Roach as 2 for Parkki,
3 for Perch and 2 as Pike, and the model failed to classify any instance from Whitewish.
An overall result, the classifier succeeded to classify 36 instances from original 52
instances correctly, achieving %69.2 overall classification accuracy.
The time taken for building this model is 0.03 seconds.
Table 5.45: A confusion matrix of decision tree classification model assigned to fish
species dataset using bootstrapping
Set size

Predicted

52
Bream
Parkki
Perch
Pike
Roach
Smelt
Whitewish

TRUE
11
Bream
9
1
1
0
0
0
0

7
Parkki
0
7
0
0
0
0
0

19
Perch
0
1
14
4
0
0
0

7
Pike
0
0
2
5
0
0
0

7
Roach
0
2
3
2
0
0
0

1
Smelt
0
0
0
0
0
1
0

0
Whitewish
0
0
0
0
0
0
0

Neural Networks Classification
The measures obtained in the confusion matrix, illustrated in table 5.46, as a result of
of neural networks classification model (with 5 hidden nodes) assigned to 1/3 (with
replacement) of the actual fish dataset as a bootstrap set, to classify and predict class of
fish species.
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As we can see here, the model has classified all instances in classes or species Parkki,
Perch, and Smelt correctly, and misclassified 1 instance from Bream as Perch, also missclassified 1 instance from Pike as Perch, also miss-classified 3 instances form Roach as 2
instances as Parkki and one instance as Whitewish, and the model failed to classify any
instance from Whitewish.
An overall result, the classifier succeeded to classify 48 instances from original 52
instances correctly, achieving %90.6 overall classification accuracy.
The time taken for building this model is 2.5 seconds.
Table 5.46: A confusion matrix of neural networks classification model assigned to fish
species dataset using bootstrapping
Set size

Predicted

52
Bream
Parkki
Perch
Pike
Roach
Smelt
Whitewish

TRUE
12
Bream
11
0
1
0
0
0
0

7
Parkki
0
7
0
0
0
0
0

19
Perch
0
0
19
0
0
0
0

7
Pike
0
0
1
6
0
0
0

7
Roach
0
2
0
0
4
0
1

1
Smelt
0
0
0
0
0
1
0

0
Whitewish
0
0
0
0
0
0
0

SVM Classification
The measures obtained in the confusion matrix, illustrated in table 5.47, as a result of
of SVM classification model assigned to 1/3 (with replacement) of the actual fish dataset
as a bootstrap set, to classify and predict class of fish species
As we can see here, the model has classified all instances in classes or species Parkki, Pike
and Smelt, correctly, and misclassified 1 instance from Bream as Parkki, also missclassified 1 instance from Perch as Smelt, also miss-classified 3 instances form Roach as 2
instances as Perch and one instance as Whitewish, and the model failed to classify any
instance from Whitewish.
An overall result, the classifier succeeded to classify 47 instances from original 52
instances correctly, achieving %90.4 overall classification accuracy.
The time taken for building this model is 0.75 seconds.
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Table 5.47: A confusion matrix of SVM classification model assigned to fish species
dataset using bootstrapping
Set size

Predicted

52
Bream
Parkki
Perch
Pike
Roach
Smelt
Whitewish

TRUE
11
Bream
10
1
0
0
0
0
0

7
Parkki
0
7
0
0
0
0
0

19
Perch
0
0
18
0
0
1
0

7
Pike
0
0
0
7
0
0
0

7
Roach
0
0
2
0
4
0
1

1
Smelt
0
0
0
0
0
1
0

0
Whitewish
0
0
0
0
0
0
0

Naïve Bayes Classification
The measures obtained in the confusion matrix, illustrated in table 5.48, as a result of
of naïve Bayes classification model assigned to 1/3 (with replacement) of the actual fish
dataset as a bootstrap set, to classify and predict class of fish species
As we can see here, the model has classified all instances in classes or species Pike and
Smelt, correctly, and misclassified 1 instance from Bream as Perch, also miss-classified 2
instances from Parkki as Perch, also miss-classified 15 instances form Perch as 3 instances
as Bream, 2 instance as Parkki, 8 instance as Roach, and 2 instance as Whitewish, also
miss-classified 4 instances from Roach as 2 for Parkki, one for Perch and one for
Whitewish, and the model failed to classify any instance from Whitewish.
An overall result, the classifier succeeded to classify 30 instances from original 52
instances correctly, achieving %57.7 overall classification accuracy.
The time taken for building this model is 0.02 seconds.
Table 5.48: A confusion matrix of naïve Bayes classification model assigned to fish
species dataset using bootstrapping
Set size

Predicted

52
Bream
Parkki
Perch
Pike
Roach
Smelt
Whitewish

TRUE
11
Bream
10
0
1
0
0
0
0

7
Parkki
0
5
2
0
0
0
0

19
Perch
3
2
4
0
8
0
2
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7
Pike
0
0
0
7
0
0
0

7
Roach
0
2
1
0
3
0
1

1
Smelt
0
0
0
0
0
1
0

0
Whitewish
0
0
0
0
0
0
0

k-Nearest Neighbor Classification
The measures obtained in the confusion matrix, illustrated in table 5.49, as a result of
k-Nearest Neighbor (the best k was 3) classification model assigned to 1/3 (with
replacement) of the actual fish dataset as a bootstrap set, to classify and predict class of
fish species.
As we can see here, the model has classified all instances in classes or species Parkki,
Perch, Smelt, and Whitewish correctly, and misclassified 1 instance from Bream as Perch,
also miss-classified 6 instance from Perch as one instance as Bream, 2 instances as Pike,
and 3 instances as Roach, also miss-classified one instance form Pike as Bream, and missclassified 4 instances from Roach as 3 instances as Perch and one instance as Whitewish.
An overall result, the classifier succeeded to classify 40 instances from original 52
instances correctly, achieving %76.9 overall classification accuracy.
The time taken for building this model is 0 seconds.
Table 5.49: A confusion matrix of 3-Nearest Neighbor classification model assigned to
fish species dataset using bootstrapping
Set size

Predicted

52
Bream
Parkki
Perch
Pike
Roach
Smelt
Whitewish

TRUE
12
Bream
11
0
1
0
0
0
0

2
Parkki
0
2
0
0
0
0
0

19
Perch
1
0
13
2
3
0
0
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7
Pike
1
0
0
6
0
0
0

5
Roach
0
0
3
0
1
0
1

5
Smelt
0
0
0
0
0
5
0

2
Whitewish
0
0
0
0
0
0
2

5.5 Results and Evaluation
This section will be as a summarization of classification analysis done in the
previous section, identifying the overall accuracies obtained by validating that set of
competing classification models when used for classifying and predicting the class
membership of binary (2-class) and multi-class categorical dependent variables presented
in three datasets, along with the time taken to build these models.
The results will be shown next will be used for models evaluation based on the criteria of
overall classification accuracies measured in each validation method, and the time taken to
build these models, which they are two major part of our evaluation criteria among the
three evaluation criteria we have subjected in this study. In the following table 5.50 we
show the measures of DM classifiers overall accuracies and ability to classify 2–class
categorical variable (Diabetics, n=1566) in each validation method.
Table 5.50 Overall Accuracy for Diabetics Classification
Model
Dtree
Neural Networks
SVM
Naïve Bayes
k-Nearest Neighbor

Hold Out
Validation
0.787
0.767
0.787
0.737
0.772

10- fold CrossValidation
0.776
0.761
0.778
0.754
0.754

Bootstrap
0.804
0.806
0.692
0.756
0.782

Average %
78.90
77.80
75.23
74.90
76.93

As we have seen in table 5.51, decision tree and SVM gave the highest accuracy in
classification 2-class categorical target using hold-out and 10-fold cross-validation
methods. While for such a case Neural networks, shows the highest accuracy it was
slightly better than Decision tree in bootstrap validation. As an overall averaged accuracy
obtained by the classification models, Decision tree gave the highest overall averaged
accuracy for classifying binary (2-class) categorical variable presents in relatively large
dataset. The following table 5.52 show the time taken for building a model in seconds.
Table 5.52: Summary of Time Consumed for Building a Diabetics Classification Model in
Seconds
Model
Hold Out
10- fold Cross- Bootstrap
Average
Validation Validation
Dtree
0.06
0.13
0.02
0.07
Neural Networks
102.54
25.22
22.45
50.07
SVM
0.75
1.03
0.55
0.78
Naïve Bayes
0.06
0.02
0.02
0.03
k-Nearest Neighbor
0.02
0
0.02
0.01
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As we have seen in table 5.52, Neural networks was the slowest one, it shows highest time
consuming in classification of 2-class categorical target using hold-out, 10-fold crossvalidation and bootstrap validation methods. While the slowest was naïve k-Nearest
Neighbor. As an overall averaged time taking to build a classification model obtained by
the classification models, Neural networks was the slowest Neural networks was the
slowest one, while k-Nearest Neighbor was the fastest time taking for classifying binary
(2-class) categorical variable presents in relatively large dataset.
In the following table 5.53 we show the measures of DM classifiers accuracy and ability to
classify 3 – class categorical variable (Species, n=150) in each validation method.
Table 5.53: Overall Accuracy for Iris Species Classification
Model
Dtree
Neural Networks
SVM
Naïve Bayes
k-Nearest Neighbor

Hold Out
Validation
0.96
0.98
0.98
0.96
0.98

10- fold CrossValidation
0.96
0.973
0.96
0.96
0.97

Bootstrap
0.96
0.98
0.98
0.96
0.98

Average %
96.0
97.8
97.3
96.0
97.7

According to the results shown in table 5.53 Neural networks, SVM, and k-nearest
neighbor gave the highest accuracy in classification 3-class categorical target using holdout and bootstrap validation methods. While for such a case neural networks, shows the
highest accuracy it was slightly better than k-nearest neighbor in10-fold cross-validation
method. As an overall averaged accuracy obtained by the classification models, neural
networks gave the highest overall averaged accuracy for classifying (3-class) categorical
variable presents in relatively small dataset.
The following table 5.54 shows the time taken for building a model in second.
Table 5.54: Summary of Time Consumed for Building Iris Species Classification Model in
Seconds
Model
Hold Out
10- fold Cross- Bootstrap Average
Validation Validation
Dtree
0.16
0.02
0.12
0.10
Neural Networks
0.78
0.55
0.76
0.70
SVM
0.08
0.11
0.16
0.12
Naïve Bayes
0
0.02
0
0.01
k-Nearest Neighbor
0
0
0
0.00
As we have seen in table 5.54, Neural networks was the slowest one, it shows highest time
consuming

in classification 3-class categorical target, and the fastest was k-Nearest
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Neighbor using hold-out, 10-fold cross-validation and bootstrap validation methods, naïve
Bayes and k-Nearest were the fastest Neighbor in the case of using hold-out, 10-fold crossvalidation and bootstrap methods. As an overall averaged time taking to build a
classification model obtained by the classification models, Neural networks was the
slowest Neural networks was the slowest one, while k-Nearest Neighbor was the fastest
time taking for classifying binary (3-class) categorical variable presents in relatively large
dataset.
In the following table 5.55 we show the measures of DM classifiers accuracy and ability to
classify 7 – class categorical variable (Species, n=158)
Table 5.55: Overall Accuracy for Fish Species Classification
Model
Dtree
Neural Networks
SVM
Naïve Bayes
k-Nearest Neighbor

Hold Out
Validation
0.827
0.865
0.865
0.692
0.728

10- fold CrossValidation
0.804
0.899
1
0.898734
0.816456

Bootstrap

Average %

0.692308
0.90566
0.903846
0.576923
0.769231

77.44
88.99
92.29
72.26
77.12

As we have seen in table 5.55 Neural networks and SVM, gave the highest accuracy in
classification 7-class categorical target using hold-out and bootstrap validation methods.
While for such a case SVM, shows the highest accuracy "Perfect Performance" using10fold cross-validation. As an overall averaged accuracy obtained by the classification
models, SVM gave the highest overall averaged accuracy for classifying (7-class)
categorical variable presents in relatively small dataset.
The following table 5.56 shows the time taken for building a model in second
Table 5.56: Summary of Time Consumed for Building Fish Species Classification Model
in Seconds
Model
Hold Out
10- fold Cross- Bootstrap Average
Validation Validation
Dtree
0.05
0.02
0.03
0.03
Neural Networks
2.5
42.57
2.5
15.86
SVM
2.45
2.3
0.75
1.83
Naïve Bayes
0.02
0.02
0.02
0.02
k-Nearest Neighbor
0.02
0
0
0.01
As we have seen in table 5.56, Neural networks was the slowest one, it shows highest time
consuming

in classification 7-class categorical target, and the fastest was k-Nearest
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Neighbor using hold-out, 10-fold cross-validation and bootstrap validation methods, naïve
Bayes and k-Nearest were the fastest Neighbor in the case of using hold-out methods.
As an overall averaged time taking to build a classification model obtained by the
classification models, Neural networks was the slowest Neural networks was the slowest
one, while k-Nearest Neighbor was the fastest time taking for classifying binary (7-class)
categorical variable presents in relatively large dataset.
In addition, in the following table 5.57 we show the measures of accuracies obtained by the
tree validation methods used: hold-out, 10-fold cross-validation, and bootstrap subjected
regarding the size and number of classes of the targets associated with these datasets .
Table 5.57: Results of Validation Methods Performance
Validation
Method
Hold-out
10-fold C. V.
Bootstrap

2-class
(Large Dataset)
0.77
0.765
0.768

3-class
7-class
(Small Dataset) (Small Dataset)
0.972
0.795
0.965
0.884
0.972
0.7696

Average %
84.57
87.13
83.65

As we have seen in table 5.57, hold-out methods seems to be the best validation method
assigned to data mining classifiers subjected to classify a 2-class target associated with
relatively large dataset, both hold-out and bootstrap validation methods were the best
when assigned to classify a 3-class target associated with relatively small dataset. 10-fold
cross-validation method was the best one when assigned to classify a 7-class target
associated with small or medium dataset.
As an overall averaged accuracy obtained by the three validation methods assigned to data
mining classifiers, the highest performance was belonging to 10-fold cross-validation
method. This result is matching those recommended validation method in such literature.
According to the results and evaluation shown in the previous section, we may
evaluate and rank the data mining classification models, and identifying the usability of
these models based on three evaluation criteria as follows:
1. Overall classification accuracy
2. Time taken to build the model
3. Interpretability of the model
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5.5.1 Evaluation and Ranking Based on Classification Accuracy
Regarding evaluation criteria based on model classification accuracy, we may summarize
the results and evaluations we have got in the previous section and rank the data mining
classification models as that illustrated in table 5.58.
Table 5.58: The rank of the models according to their average classification accuracy,
(rank from 5 to 1 ≡ Best to Worst respectively)
Model
Ranking of Accuracy
2-class*
3-class*
7-class***
Dtree
5
2
3
Neural Networks
4
5
4
SVM
2
3
5
Naïve Bayes
1
2
2
k-Nearest Neighbor
3
4
1
* 2-class, diabetics, (n=1566, 10- mixed predictors)
** 3-class, iris species,( n=150, 4- numeric predictors)
*** 7-class, fish species, ( n=158 6-numaric predictors)
A graphical representation of the rank of the data mining classifiers accuracies obtained by
classification of 2,3, and 7- class categorical variable, is illustrated in figure 5.8.

Dtree
Neural Networks
SVM
Naïve Bayes
k-Nearest Neighbor
7-class

3-class

2-class

5
4.5
4
3.5
3
2.5
2
1.5
1
0.5
0

The Rank of Classifiers

Ranking of Classifiers Accuracies

Number of Classes

Figure 5.8: The ranking of the classifier accuracies.

5.5.2 Evaluation and Ranking Based on Time Consuming
Regarding evaluation criteria based on the time taken to build a classification model, we
may summarize and rank the data mining classification models as that illustrated
in table 5.59.
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Table 5.59 : The Rank of classifiers according to the time consumed for building a model
(rank from 1 to 5 ≡ Fastest to lowest)
Model

Rank of Time Consuming
2-class*
3-class*
7-class***
Dtree
3
3
3
Neural Networks
5
5
5
SVM
4
4
4
Naïve Bayes
2
2
2
k-Nearest Neighbor 1
1
1
* 2-class, Diabetics, (n=1566, 10, mixed predictors)
** 3-class, Species,( n=150, 4- numeric predictors)
*** 7-class, Species, ( n=158, 6-numaric predictors)
A graphical representation of the rank of the time taken to build data mining model for
classifying 2,3, and 7- class categorical variable, is illustrated in figure 5.9.

Ranking of The Classifiers Based on Their Time Taken
to Build a Classification Model
5

Dtree

3

Neural Networks

2

SVM
Naïve Bayes

1

k-Nearest Neighbor
7-class

3-class

2-class

The Rank of
Classifiers

4

0

Number of Classes

Figure 5.9: Ranking of The Classifiers Based on Their Time Taken to Build a
Classification Model.
In my point of view, it is better to describe this graph according to the time taken for
building the model rather than ranking, that is to have a clear idea about the relative
differences in time taken and how exactly these models far away from each other's
according to the time taken criteria.
So let's recall the measures of the time taken to build a classification model as illustrated in
table 5.60.
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Table 5.60 : The Time Taken for Building Classification Models

Model
Dtree
Neural Networks
SVM
Naïve Bayes
k-Nearest Neighbor

Time Consuming
2-class
3-class
0.07
0.09
50.07
0.665
0.78
0.095
0.03
0.01
0.01
0

7-class
0.035
22.535
2.375
0.02
0.01

Now, it is better to view these measures in a graphical diagram as that illustrated in
figure 5.10, which gives a clear idea about time consumed that derive you to guess relative
time consumed by building the model.

Time Taken to Build a Classification Model

50
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Neural Networks
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SVM
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Naïve Bayes
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k-Nearest Neighbor
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3-class
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The Time in Seconds

60

0

Number of Classes

Figure 5.10: The time consuming for building a model in Seconds.
5.5.3 Evaluation Based on Model Interpretability
Classification model interpretation, is one of our main criteria of evaluation, here, the
ability to explain and describe the model and its output is a major part of interpretation of
the model. Depending on the characteristics of audience and the model users and even your
business objectives that require an interpretation of the model, some classification models
can be interpreted and easily explained, and others are hard and complex to do so.
We may distinguish the easiest and hardest the models interpretability as that illustrated in
table 5.61.

97

Table 5.61: The Model interpretability
Interpretability
Model
2-class
3-class
7-class
Dtree
Easy and Perfectly Interpretable
Neural Networks
Hard and complex to interpret
SVM
Extremely Hard to interpret
Naïve Bayes
Interpretable for Audience with probability
background
k-Nearest Neighbor
Not interpretable
According to the interpretation ability listed in table 5.61, Decision tree seems to be the
easiest and perfectly interpretable model, since the diagram of the tree can be understood
and easily explained to the audience, and gives the opportunity to convert that diagram
into a set of if-then rules that can be written in any Structured Query Language (SQL)
used in relational database management systems (RDBMS) for automatic prediction or
classification.
Both of neural networks and SVM, are hard and complex to be interpreted due to the
difficulty of symbolic and computational terms of their models.
Naïve Bayes classification model may be interpretable for audience with probability
background.
For k-Nearest Neighbor it seems that there is no explicit model to be interpreted, since it
classifies the instances based on the nearest metric distances, like Euclidian distance as a
common distance measure used in such a literature, so it remains a method for distance
measurement and cannot be an explicit model for classification.

5.7 Summary
In this chapter, we had three comparative case studies, they were empirical implementation
and evaluation of five data mining classifiers: Decision tree, neural networks, support
vector machine, naïve Bayes, and k-Nearest Neighbor, assigned to predict the class
membership of a binary and multi-class categorical dependent variable presented in three
different datasets. Famous model validation methods: hold-out validation, 10-fold crossvalidation, and bootstrapping, were used to measure the performances of these
classification models.
This set of competing classifiers were evaluated based on three criteria: the overall
classification accuracy gained by the model, time taken to build the model, and
interpretability of the model.
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Chapter 6: Conclusion and Recommendation
6.1 Conclusion
As a conclusion, this study was very helpful for us to answer research questions stated in
the beginning of this study, and serve us to achieve our objectives of this research that
identify and evaluate the most famous Data mining algorithms and techniques which are
commonly implemented in supervised classification task: Decision tree, neural networks,
SVM, naïve Bayes, and k-nearest neighbor.
Our conclusion of this study will be mainly as an implicit answers of our research
questions and objectives, therefore, we concluded the followings:
Decision tree concluded to be the best classification model that gave the highest overall
averaged accuracy for classifying binary (2-class) categorical variable presents in relatively
large dataset.
Since, neural networks conclude to be the best classification model that gave the highest
overall averaged accuracy for classifying (3-class) categorical variable presents in
relatively small dataset.
While, SVM conclude to be the best classification model that gave the highest overall
averaged accuracy for classifying (7-class) categorical variable presents in relatively small
dataset.
Neural networks classification model was the slowest time taking for classifying (2, 3, and
7-class) categorical variable presented in the respective datasets, while k-Nearest Neighbor
was the fastest one for such a case.
Also, we concluded that hold-out methods seems to be the best validation method assigned
to data mining classifiers subjected to classify a 2-class target associated with relatively
large dataset, and both hold-out and bootstrap validation methods were the best when
assigned to classify a 3-class target associated with relatively small dataset. 10-fold crossvalidation method was the best one when assigned to classify a 7-class target associated
with small or medium dataset.
Since, an overall averaged accuracy obtained by the three validation methods assigned to
data mining classifiers, the highest performance was belonging to 10-fold cross-validation
method, where this result is matching those concluded and recommended validation
method in such literature.
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6.2 Recommendations
According to the results and conclusion we have got in this research we may recommend
the followings:
1. Regard using k-nearest neighbor, we recommend to try various values of k, and
choose that gives the highest accuracy, and keep in mind that to try an odd k value to
prevent ties.
k-nearest neighbor model is to recommended among those models used, in such a
situation that time is the main important criteria of evaluation, regardless of the
highest accuracy, despite it shown a high accuracy in some applications.
2. Regard using neural networks, start with small amount of hidden nodes, that gives a
acceptable accuracy, and do not use much hidden nodes if the it is not feasible,
because it's computationally expensive, and much time consuming, that makes it not
recommended for applications that concerning with time taken to build the model.
Also, it's not recommended for applications that require an explanation and
interpretation of the model, that because of the complexity of the model and its
computational terms and symbols, makes it complex to be interpreted and explained
to the end users.
3. Regard using decision tree, we strongly recommend to use this model because its
highest performance presented in classification of a binary (2-Class) target. This
model seems suitable to be used in high-dimensional and mixed type of variables
datasets.
Beside the highest accuracy obtained in classification and less time taken for building
the model compared with neural networks and SVM, decision tree model can be
visualized in a way of a flowchart makes it easy to be interpreted and explained
perfectly to the end users, its recommended for such a business that interpretability
and explanation of the model is a main issue for decision making.
4. Regard SVM, despite the highest accuracy shown in some applications specially for
classifying 7-class target, the model has shown a little bit much time consuming for
building the model. In addition the model is extremely hard for interpretation to the
end users.
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5. Regard Naïve Bayes, the model is to recommended among those models used, in
such a situation that time is the main important criteria of evaluation, regardless of
the highest accuracy, despite it shown a high accuracy in some applications.
6. Regard the validation methods, hold-out validation method to be recommended for
large datasets with balanced target classes, while both

hold-out and bootstrap

validation methods to be recommended for small datasets with balanced target
classes.
10-fold cross-validation method to be recommended for small-medium datasets with
unbalanced target classes.
And according to bootstrap validation method, be aware when using this method
because of the mechanism of this method (sampling with replacement), practically,
in this method some observations may never be selected in the validation subsample,
whereas others may be selected more than once. So it may not be recommended
specially for unbalanced classes since it may affect the overall accuracy of the model.
Finally, as a special recommendation regards the data mining as a field of study, we
strongly recommend data mining to be included into the syllabus of the department of
Applied Statistics.

6.3 Further Research
As we have seen in this study, we had evaluated five of data mining classifiers
assigned for classifying binary and multi-class categorical dependent variables presented in
large and small dataset using three method of validation. These classifiers are evaluated
according to their overall classification accuracies, their time taken to build their
classification model, and the interpretability of these models.
A rank of performance of all classifiers has been performed according to the evaluation
results gained, this rank of these classifiers is a result of particular study as we had here,
and may not be generalized unless, similar studies should be conducted and done under
same conditions in order to get a precise ranking for generalization.
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APPENDICES
The Software and Statistical Packages used in the Thesis:
1. R Statistical Software.
I mainly used R statistical software for:
1. Exploring, cleaning, and describing datasets
2. Building classification Model


library(e1071) for SVM



library(class) for Naïve Bayes



library(rpart) for Decision Tree



library (nnet) for Neural Networks



library(knn) for k- Nearest Neighbor

3. Validating the classifiers.
4. Evaluating the overall accuracy of classification Model.

Here we will illustrate the codes used for this study assigned to one dataset (Fish dataset),
and to be generalized for all data sets.
a<- read.table("e:\\fish.csv", header=TRUE, sep=",")
> attach(a)
> summary(a)
a
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a=a[-14,]
a[,6] <- a[,6]*a[,5]/100
a[,7] <- a[,7]*a[,5]/100
a

Scatter plot with correlation of fish dataset variables
panel.pearson <- function(x, y, ...) {
horizontal <- (par("usr")[1] + par("usr")[2]) / 2;
vertical <- (par("usr")[3] + par("usr")[4]) / 2;
text(horizontal, vertical, format(abs(cor(x,y)), digits=2))
}
pairs(a[1:7], main = "Scatter Plot of Fish Dataset with Correlation", pch = 21, bg = c("red", "green3", "blue",
"yellow", "magenta", "violet", "turquoise")[unclass(a$Species)], upper.panel=panel.pearson)
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Building classification model.
The following R code was used to build and validate the classification models using
Hold-out Validation method.
a<- read.table("f:\\fish.csv", header=TRUE, sep=",")
attach(a)
#summary(a)
a=a[-14,]
a[,6] <- a[,6]*a[,5]/100
a[,7] <- a[,7]*a[,5]/100
library(e1071)
library(class)
library(e1071)
library(rpart)
library (nnet)
library(knn)
library(ROCR)
#a
index <- 1:nrow(a)
testindex <- sample(index, trunc(length(index)/3))
testset <- a[testindex, ]
trainset <- a[-testindex, ]
svm.model <- svm(Species ~ ., data = trainset, cost = 100, gamma = 1)
svm.pred <- predict(svm.model, testset[, -1])
knn.model=knn(Species ~ ., data = trainset, k = 3)
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knn.pred <- predict(knn.model, testset [, -1], type = "class")
rpart.model <- rpart(Species ~ ., data = trainset)
rpart.pred <- predict(rpart.model, testset[, -1], type = "class")
naïve.model<- naiveBayes(Species ~ ., data = trainset)
naive.pred <- predict(naïve.model, testset[, -1], type = "class")
a.nnet<-nnet(Species~.,data= trainset,size=6,trace=F, rang = 0.1,
pn<-predict(a.nnet, testset[, -1], type = "class")
s=table(pred = svm.pred, true = testset[, 1])
t=table(pred = rpart.pred, true = testset[, 1])
nb=table(pred = naive.pred, true = testset[, 1])
nn=table(pred = pn, true = testset[, 1])
knn=table (pred = knn.pred, true = testset[, 1])
s
accsvm <- table(pred = svm.pred, true = testset[, 1])
classAgreement(accsvm)
t
accrpart <- table(pred = rpart.pred, true = testset[, 1])
classAgreement(accrpart)
nb
accrnaive <- table(pred = naive.pred, true = testset[, 1])
classAgreement(accrnaive)
nn
accrnn <- table(pred = pn, true = testset[, 1])
classAgreement(accrnn )
knn
accrknn <- table(pred = knn.pred, true = testset[, 1])
classAgreement(accrknn )

Sample of the output

Code for drawing the tree
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decay = 5e-4, maxit = 200)

plot(rpart.model, uniform =T)
text(rpart.model, splits=TRUE, FUN=text,
pretty=NULL, use.n=T,
fancy=TRUE, fwidth=0, fheight=0)

The following R code was used to build and validate the classification models using
Bootstrap validation method, it is similar to that shown in Hold-out validation method,
unless here bootstrap sample is created by sampling n instances from the data (with
replacement).
a<- read.table("f:\\fish.csv", header=TRUE, sep=",")
attach(a)
#summary(a)
a=a[-14,]
a[,6] <- a[,6]*a[,5]/100
a[,7] <- a[,7]*a[,5]/100
library(e1071)
library(class)
library(e1071)
library(rpart)
library (nnet)
library(knn)
library(ROCR)
#a
index <- 1:nrow(a)
testindex <- sample(index, trunc(length(index)/3) ,replace=T)
testset <- a[testindex, ]
trainset <- a[-testindex, ]
svm.model <- svm(Species ~ ., data = trainset, cost = 100, gamma = 1)
svm.pred <- predict(svm.model, testset[, -1])
knn.model=knn(Species ~ ., data = trainset, k = 3)
knn.pred <- predict(knn.model, testset [, -1], type = "class")
rpart.model <- rpart(Species ~ ., data = trainset)
rpart.pred <- predict(rpart.model, testset[, -1], type = "class")
naïve.model<- naiveBayes(Species ~ ., data = trainset)
naive.pred <- predict(naïve.model, testset[, -1], type = "class")
a.nnet<-nnet(Species~.,data= trainset,size=6,trace=F, rang = 0.1,
decay = 5e-4, maxit = 200)
pn<-predict(a.nnet, testset[, -1], type = "class")
s=table(pred = svm.pred, true = testset[, 1])
t=table(pred = rpart.pred, true = testset[, 1])
nb=table(pred = naive.pred, true = testset[, 1])
nn=table(pred = pn, true = testset[, 1])
knn=table (pred = knn.pred, true = testset[, 1])
s
accsvm <- table(pred = svm.pred, true = testset[, 1])
classAgreement(accsvm)
t
accrpart <- table(pred = rpart.pred, true = testset[, 1])
classAgreement(accrpart)
nb
accrnaive <- table(pred = naive.pred, true = testset[, 1])
classAgreement(accrnaive)
nn
accrnn <- table(pred = pn, true = testset[, 1])
classAgreement(accrnn )
knn
accrknn <- table(pred = knn.pred, true = testset[, 1])
classAgreement(accrknn )
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The following R code was used to build and validate the classification models using 10Fold cross-validation method
a<- read.table("f:\\fish.csv", header=TRUE, sep=",")
attach(a)
summary(a)
a=a[-14,]
a[,6] <- a[,6]*a[,5]/100
a[,7] <- a[,7]*a[,5]/100
library(e1071)
library(class)
library(e1071)
library(rpart)
library (nnet)
library(knn)
library(ROCR)
#a
svm.model2 =svm(a$Species ~ ., data = a, cost = 100, gamma = 1 , cross = 10)
svm.pred2 <- predict(svm.model2)
rpart.model10 =rpart(a$Species ~ ., data = a, cross = 10)
rpart.pred10 <- predict(rpart.model10)
naive.model2= naiveBayes(a$Species ~ ., data = a, cross = 10)
naive.pred2<- predict(naive.model2)
a.nnet2<-nnet(a$Species ~ ., data = a,size=6,trace=F, rang = 0.1,
decay = 5e-4, maxit = 200, cross = 10)
pn2<-predict(a.nnet2)
knn.model10=knn(a$Species ~ ., data = "a", k = 3, cross = 10)
knn.pred <- predict(knn.model10)
s=table(predicted = predict(svm.model2), true = a$Species)
t=table(predicted = predict(rpart.model10), true = a$Species)
nb=table(predicted = predict(naive.model2), true = a$Species)
n=table(predicted = predict(a.nnet2), true = a$Species)
k=table(predicted = predict(knn.model10), true = a$Species)
s
accsvm <- table(pred = svm.pred2, true = a$Species)
classAgreement(accsvm)
t
accrpart <- table(pred = rpart.pred10, true = a$Species)
classAgreement(accrpart)
nb
accrnaive <- table(pred = naive.pred2, true = a$Species)
classAgreement(accrnaive)
n
accrnn <- table(pred = pn2, true = a$Species)
classAgreement(accrnn )
k
accrknn <- table(pred = knn.pred, true = a$Species)
classAgreement(accrknn )
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2. Weka (Waikato Environment for Knowledge Analysis) is a popular suite of machine
learning software written in Java, developed at the University of Waikato, New Zealand.
Weka has a collection of machine learning algorithms for data mining tasks. Weka
contains tools for data pre-processing, classification, regression, clustering, association
rules, and visualization. It is also well-suited for developing new machine learning
schemes. (Web5). We partially used WEKA 3.7 for estimating the time taken to build the
model.

As we have seen in the previous figure, we used the data mining classifiers to be assigned
to our datasets, WEKA outputting all needed measures for evaluation. In addition it gives
the time taken to build the model which is one of our main criteria of evaluation. More
details on how to use WEKA, can be found at (Web5).

The End
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