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ABSTRACT

Although Support Vector Machines have been used to develop highly accurate
classification and regression models in various real-world problem domains, the most
significant barrier is that SVM generates black box model that is difficult to understand.
The procedure to convert these opaque models into transparent models is called rule
extraction. This thesis investigates the task of extracting comprehensible models from
trained SVMs, thereby alleviating this limitation. The primary contribution of the thesis is
the proposal of various algorithms to overcome the significant limitations of SVM by
taking a novel approach to the task of extracting comprehensible models. The basic
contribution of the thesis are systematic review of literature on rule extraction from SVM,
identifying gaps in the literature and proposing novel approaches for addressing the gaps.
The contributions are grouped under three classes, decompositional, pedagogical and
eclectic/nybrid approaches. Decompositional approach is closely intertwined with the
internal workings of the SVM. Pedagogical approach uses SVM as an oracle to re-label
training examples as well as artificially generated examples. In the eclectic/hybrid

approach, a combination of these two methods is adopted.

The thesis addresses various problems from the finance domain such as bankruptcy
prediction in banks/firms, churn prediction in analytical CRM and Insurance fraud
detection. Apart from this various benchmark datasets such as iris, wine and WBC for
classification problems and auto MPG, body fat, Boston housing, forest fires and pollution
for regression problems are also tested using the proposed appraoch. In addition, rule
extraction from unbalanced datasets as well as from active learning based approaches has
been explored. For classification problems, various rule extraction methods such as FRBS,
DT, ANFIS, CART and NBTree have been utilized. Additionally for regression problems,
rule extraction methods such as ANFIS, DENFIS and CART have also been employed.
Results are analyzed using accuracy, sensitivity, specificity, fidelity, AUC and t-test
measures. Proposed approaches demonstrate their viability in extracting accurate, effective
and comprehensible rule sets in various benchmark and real world problem domains across
classification and regression problems. Future directions have been indicated to extend the

approaches to newer variations of SVM as well as to other problem domains.
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Chapten [

Introduction to Rule Extraction

Over the last three decades, data mining and machine learning have been remarkably
successful in extracting interesting knowledge and hidden patterns from the ever growing
databases. The ability to learn from examples is an important aspect of intelligence and this
has been an area of study for researchers in artificial intelligence, statistics, cognitive
science, and related fields. Algorithms that are able to learn inductively from examples
have been applied to numerous difficult, real-world problems of practical interest (Widrow
et al., 1994; Langley and Simon, 1995). Inductive learning with comprehensibility is a
central activity in the growing field of knowledge discovery in databases and data mining
(Fayyad et al., 1996). Predictive accuracy and the comprehensibility are two main driving
elements to evaluate any learning system. It is observed that the learning method which
constructs the model with the best predictive accuracy is not the method that produces the
most comprehensible model. Artificial neural networks (ANN) and support vector
machines (SVM), for example, are amongst the most successful machine learning
techniques applied in the area of data mining (Byun and Lee, 2002; Burbidge et al., 2001,
Cai et al., 2000; 2004; EI-Naga et al., 2002; Guo and Li, 2003; Joachim, 1999; Kalatzis et
al., 2003), but produce black box models that are difficult to understand by the end user.
This thesis explores the following question: can we take an arbitrary, incomprehensible
model produced by a learning algorithm, and re-represent it (or closely approximate it) in a

language that better facilitates comprehensibility?

1.1 Rule Extraction: Motivation

Support Vector Machines (SVMs) have proved to be good alternative algorithm compared
to other machine learning techniques specifically for solving classification and regression

problems. However just like artificial Neural Networks (ANN), SVMs also produce black
1



box models with the inability to explain the knowledge learnt by them in the process of
training. Comprehensibility is very crucial in some applications like medical diagnosis,
security and bankruptcy prediction etc. The process of converting opaque models into
transparent models is often called Rule Extraction. Using the rules extracted one can
certainly understand in a better way, how a prediction is made. Rule extraction from
support vector machines follows the footsteps of the earlier effort to obtain human-
comprehensible rules from ANN in order to explain the knowledge learnt by ANN during
training. Much attention has been paid during last decades to find effective ways of
extracting rules from ANN and very less work has been reported towards representing the
knowledge learnt by SVM during training.

1.2 Rule Extraction: Significance

Andrews et al. (1995) describe the motivation behind rule extraction from neural networks.
A brief review of the arguments of Andrews et al. (1995) will help to establish aims and

significance for rule extraction from SVM techniques.

1.2.1 Provision of user explanation capability

In symbolic artificial intelligence (Al), the term “explanation” refers to an explicit
structure which can be used internally for reasoning and learning, externally for the
explanation of results to the user. Gallant (1988) observes that an explanation capability
enables a novice user to gain insights into the problem at hand. Davis et al. (1977) argues
that even limited explanation can positively influence acceptance of the system by the user.
Traditionally, researchers have experimented with various forms of user explanation, in
particular rule traces. It is obvious that explanations based on rule traces are too rigid and
inflexible (Gilbert, 1989) because rules may not be equally useful to the user. Further, the

granularity of the rule traces’ explanation is often inappropriate (Gilbert, 1989; Andrews et

al., 1995).

1.2.2 Transparency
The creation of a “user explanation” capability is the primary objective for extracting rules

from neural networks and SVMs, with the provision of “transparency” of the internal
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states of a system. Transparency means that internal states of the machine learning system
are both accessible and can be interpreted unambiguously. Such capability is mandatory if
neural network or SVM based solutions are to be accepted into “safety-critical” problem
domains such as air traffic control, operations of power plants, medical diagnosis, etc
(Andrews et al., 1995).

1.2.3 Data exploration

A learning system might discover salient features in the input data whose importance was
not previously recognized (Craven and Shavlik, 1994).

1.3 Rule Extraction: A Taxonomy

More broadly taxonomy for rule extraction from ANN has been introduced (Andrews et
al., 1995; Tickle et al., 1998) which includes five evaluation criteria: translucency, rule
quality, expressive power, portability and algorithmic complexity. These evaluation criteria
are now commonly used for rule extraction from SVMs, in particular, the translucency and
rule quality metrics (Martens et al., 2009; Martens et al., 2006). Rule extraction from
neural networks has previously almost exclusively been used to generate propositional rule
sets (Hayward et al., 2000). While this is sufficient for many applications where rule sets
can be effectively used, it is clearly desirable to provide a more general explanation

capability.

A significant research effort has been expended in the last few decades to address the
deficiency in the understandability of ANN (Saito and Nakano, 1988; Thrun, 1995;
Craven, 1996; Jackson and Craven, 1996). Craven (1996) presented a complete overview
on this research. The generally used strategy to understand a model represented by a
trained neural network is to translate the model into a more comprehensible language (such
as a set of if-then rules or a decision tree). This strategy is investigated under the rubric of

rule extraction.

Craven (1996) defines the task of rule extraction from neural network as follows:



“Given a trained neural network and the data on which it was trained, produce a
description of the network’s hypothesis that is comprehensible yet closely approximates the

network’s prediction behaviour.”

Although the task of rule extraction has only been formally formulated in the context of
interpreting neural networks, this formulation can be generalized to any other opaque
model such as SVM.

Over the last few years, a number of studies on rule extraction from SVM have been
introduced. The research strategy in these projects is often based on this idea: develop an
algorithm for rule extraction based on the perception (or “view”) of the underlying SVM
which is either explicitly or implicitly assumed within the rule extraction technique. In the
context of rule extraction from neural networks the notion of “translucency” describes the
degree to which the internal representation of the ANN is accessible to the rule extraction
technique (Andrews et al. 1995; Tickle et al. 1998). Therefore, rule extraction algorithms
are classified into three types: Decompositional, Pedagogical and Eclectic. Figure 1.1
shows the categorization of rule extraction algorithms in general and the methodology

based on which this categorization is proposed.

[ Rule Extraction ]

/\

Decompositional Pedagogical Eclectic/Hybrid
Closely Pedagogical Incorporate
intertwined with algorithm elements of both

internal workings
of the black box
model

considers the
trained model
as a black box

decompositional
& pedagogical
approaches

Figure 1.1: Various Categories of Rule Extraction Approaches

1.3.1 Decompositional Approaches

A decompositional approach is closely intertwined with internal workings of the SVM,

namely with support vectors and the constructed hyperplance (Nunez et al., 2002a; 2002b;
4



2002c; Fung et al., 2005, Barakat and Bradely, 2007, Martens et al., 2009). Towell and
Shavlik (1993) focused on extracting symbolic rules from the trained feedforward neural
network. The rules thus extracted are more general and yielded superior performance
compared to earlier approaches. They concluded that their approach is capable of
producing more human comprehensible rules. Arbatli and Akin (1997) extracted rules

form neural network using Genetic Algorithm.

Fu (1994) analyzed the ability of certainty-factor-based activation function which can
improve the network generalization performance from a limited amount of training data.
He applied the proposed rule extraction approach to molecular genetics and concluded that
it outperformed the standard C4.5 decision tree algorithm. Later, Craven and Shavlik
(1996) proposed a learning-based rule extraction approach to provide the explanation
capability to trained neural network. The proposed algorithm is able to extract both
conjunctive and M-of-N rules, and they concluded that it is more efficient than
conventional search-based approaches.

1.3.2 Pedagogical Approaches

Pedagogical algorithm considers the trained model as a black box (Clark and Niblett, 1989;
Craven and Shavlik, 1996; Martens et al., 2006). Instead of looking at the internal
structure, these algorithms directly extract rules which relate the inputs and outputs of the
SVM. These techniques typically use trained SVM model as an oracle to label or classify
artificially generated training examples that are later used by a symbolic learning
algorithm. The idea behind these techniques is the assumption that the trained model can

better represent the data than the original dataset.

Many approaches to rule extraction have set up the task as a search problem. This search
problem involves exploring a space of candidate rules and testing individual candidate
against the network to see if they are valid rules. One of the first rule-extraction methods
developed by Saito and Nakano (1988) employs a breadth-first search process to extract
conjunctive rules in binary problem domains. Gallant (1988) developed a similar rule-
extraction technique, which like the method of Saito and Nakano, manages the

combinatorics of searching for rules by limiting the search depth. The principal difference
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between the two approaches is the procedure used to test rules against the network. Unlike
Saito and Nakano’s method, Gallant’s rule-testing procedure is guaranteed to accept only
rules that are valid.

Thrun (1995) developed a method called validity interval analysis (VIA) that is a
generalized and more powerful version of Gallant’s technique. VIA tests rules by
propagating activation intervals through a network after constraining some of the input and
output units. Thrun frames the problem of determining validity intervals as a linear
programming problem. Search methods for rule extraction from neural networks work by
finding those combinations of inputs that make the neuron active. By sorting the input
weights to a neuron and ordering the weights suitably, it is possible to prune the search
space. Using this said concept Krishnan et al. (1999) proposed a rule extraction approach
which extracts crisp rules from the neural network. McGarry et al. (1999) proposed a rule
extraction approach to extract rules from Radial Basis Function Networks. Based on the
neurons of the network, later, Fan and Li (2002) extracted diagnostic rules from trained
feed forward neural network. They applied the rule extraction procedure for detecting a
high-pressure air compressor's (HPAC) suction and discharge valve faults from static

measurements including temperatures and pressures of various stages of the compressor.

1.3.3 Eclectic/Hybrid Approaches

Some authors also consider a third category: eclectic rule extraction techniques, which
incorporate elements of both the decompositional and pedagogical approaches (Nunez et
al., 2006, Barakat and Diederich, 2005). Sato and Tsukimoto (2001) proposed a hybrid
approach of rule extraction, where they employed decision tree algorithm with trained
neural networks to generate rules. Campos and Ludermir (2005) presented Literal and
ProRulext algorithms to extract rules from the trained artificial neural network. Aliev et al.

(2008) used fuzzy recurrent neural network for extraction of rules for battery charging.

1.4 Rule Quality Criteria

The quality of the extracted rules is a key measure of the success of the rule extraction

algorithm. Four rule quality criteria were suggested for rule extraction algorithm (Andrews
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et al., 1995; Tickle et al., 1998): rule accuracy, fidelity, comprehensibility and portability.
In this context, a rule set is considered to be accurate if it can correctly classify previously

unseen examples.

# of PatternsCorrectly Classified by Rules y
Total number of patternsin Test data

Accuracy = 100

When we deal with two-class classification problem, specifically in finance domain, we
need to consider Sensitivity, Specificity and AUC as well.

# of Positive samples Correctly Classified as Positive by Rules
Total number of Positivesamplesin Test data

x100

Sensitivity =

# of Negative samples Correctly Classified as Negative by Rules 5
Total number of Negative Samples in Test data

Specificity = 100

Positive samples are referred to the class of objective of the study. For example, if we are
solving the problem of Churn prediction, then predicting churn is object of the study,
hence, instances related to churn are positive samples. Likewise, negative samples for the

above example will be the samples for non-churner class or loyal customers-class.

A Receiver Operating Characteristics (ROC) graph (Fawcett, 2006) has long been used in
signal detection theory to depict the trade-off between hit accuracies and false alarm
accuracies of classifiers. The ROC graph is a two dimensional graph which represents
various classifiers based on their output results in the point form in a region, which has FP
rate (100-Specficity) on the X-axis and TP rate (Sensitivity) on the Y-axis. ROC provides
richer measure of classification performance than scalar measures such as accuracy, error
rate or error cost. Higher the area under ROC, better the classifier (refer to Figure 1.2
below). The area under ROC curve (AUC) of a Classifier A can be calculated as the sum of
the areas of Triangle - OAD, Rectangle - DAEH and Triangle - AEG. Likewise the AUC
of classifier B will be the sum of the areas of Triangle — OBC, Rectangle — CBFH and

Tringle — BGF. Thus, classifier B is superior to classifier A on the AUC criterion.



(100, 100)

Sensitivity

(0, 0) C D (100, 0)
100-Specificity

Figure 1.2: AUC — Area Under ROC Curve

Similarly a rule set is considered to display a high level of fidelity if it can mimic the

behaviour of the machine learning technique from which it was extracted.

# of Patternswhere Classification of Rules AGREE with theClassification of SVM

Fidelity = -
Total number of patternsin Test data

An extracted rule set is deemed to be consistent if, under different training sessions the
machine learning technique generates same rule sets that produce the same classifications
of unseen examples. Finally the comprehensibility of a rule set is determined by measuring
the size of the rule set (in terms of number of rules) and the number of antecedents per
rule. Expressive power refers to type or the language of the extracted rules. Propositional
(If-Then) rules are the most commonly extracted rules. However, other types are also
extracted such as fuzzy rule set (Faifer et al., 1999), and finite state machines (Giles and
Omlin, 1993). Portability refers to the independence of a rule-extraction method from the

ANN architecture and/or a training method.



1.5 Thesis Overview

In this thesis, novel algorithms are presented and evaluated for the task of extracting
comprehensible descriptions from hard-to-understand learning systems i.e. support vector
machine. The hypothesis advanced by this research is that it is possible to develop
algorithms for extracting symbolic descriptions from trained SVMs that: (i) produce more
comprehensible, high-fidelity descriptions of trained SVMs using fuzzy logic approaches,
(i) scale to analyze medium scale unbalanced data, (iii) various modifications of the
training data such as, Case-SA dataset which represents the support vectors with
corresponding actual target values, Case-SP dataset which represents the support vectors
with corresponding predicted target values and Case-P dataset which represents the
training set with corresponding predicted target values and (iv) applications are extended to
Bankruptcy Prediction, Churn Prediction in Bank Credit Cards, Insurance Fraud Detection
and Regression Analysis. During this research work, various rule learning algorithms have
been analyzed such as, Fuzzy Rule Based System (FRBS), Decision Tree (DT),
Classification and Regression Tree (CART), Adaptive Network based Fuzzy Inference
System (ANFIS), Dynamic Evolving Fuzzy Inference System (DENFIS) and Naive-Bayes
Tree (NBTree). Description of the rule extraction techniques on SVM and SVR are given
in Appendix A. Table 1.1 below presents various approaches proposed by us for extracting
if-then rules from SVM.



Table 1.1: Various approaches proposed for Rule Extraction from SVM

Rule
# Dataset Modification Generating Output Problem
Algorithms
Support Vector + Actual Fuzzv if-then
1 | Class Labels (Case-SA FRBS, DT y Classification
Rules
dataset)
Feature Selection + .
Training set + SVM CART, Decision Tree, Classification
2 Predicted Class Labels ANFIS, Fuzzy Inference and Regression
DENFIS System g
(Case-P dataset)
Support Vector + SVM CART, CART Tree,
3 | Predicted Class Labels ANFIS, Fuzzy Inference Regression
(Case-SP dataset) DENFIS Systems
Feature Selection +
Balancing Techniques + y e .
4 | Support Vectors + SVM .'I\_I?e'ge Bayes | NBTree %Zﬁ?ﬁ?g;ﬁg)
Predicted Class Labels
(Case-SP dataset)
Feature Selection +
ALBA with modified
5 boundary + Support Naive Bayes NBTree Classification
Vectors + SVM Tree (Data Mining)
Predicted Class Labels
(Case-SP dataset)
1.6 Datasets used

Various datasets are analyzed during this research work which includes benchmark

datasets, medical diagnosis dataset, finance datasets and regression datasets.

Benchmark datasets (UCI Machine Learning Repository):

Iris and
Wine.

Medical Diagnosis dataset (UCI Machine Learning Repository):
Wisconsin Breast Cancer (WBC).
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Finance datasets:

Bankruptcy prediction in banks datasets include: Spanish banks, Turkish banks, US banks
and UK banks. The Spanish banks’ dataset is obtained from (Olmeda and Fernandez
1997). Spanish banking industry suffered the worst crisis during 1977-85 resulting in a
total cost of 12 billion dollars. The ratios used for the failed banks were taken from the last
financial statements before the bankruptcy was declared and the data of non-failed banks
was taken from 1982 statements, financial ratios considered are presented in Table C.1 in
Appendix C. This dataset contains 66 banks where 37 went bankrupt and 29 were healthy
banks.

Turkish banks’ dataset is obtained from (Canbas and Kilic 2005) and is available at
(http://www.thb.org.tr/english/bulten/yillik/2000/ratios.xls). Banks association of Turkey
published 49 financial ratios. Initially, Canbas and Kilic (2005) applied univariate analysis
of variance (ANOVA) test on these 49 ratios of previous year for predicting the health of
the bank in present year. Canbas and Kilic (2005) found that only 12 ratios (refer to Table
C.2 in Appendix C) act as early warning indicators that have the discriminating ability (i.e.
significance level is <5% in ANOVA) for healthy and failed banks, one year in advance.
Among these variables, 12" variable has some missing values meaning that the data for
some of the banks are not given. So, we filled those missing values with the mean value of
the variable following the general approach in data mining (Fayyad et al. 1996). The
resulting dataset contains 40 banks where 22 banks went bankrupt and 18 banks were
healthy.

The US banks’ dataset contains 129 banks from the Moody’s Industrial Manual where
banks went bankrupt during 1975-1982 (Rahimian et al. 1996). This dataset includes 65
bankrupt banks and 64 healthy banks. Financial ratios pertaining to US banks data are
presented in Table C.3 of Appendix C.

The UK banks’ dataset is obtained from Beynon and Peel (2001). This dataset consists of
10 features, 30 bankrupt banks and 30 healthy banks data. Financial ratios pertaining to
UK banks data are presented in Table C.4 of Appendix C.

11



The churn prediction in bank credit card customers’ data is obtained from a Latin
American Bank that suffered from an increasing number of churns with respect to their
credit card customers and decided to improve its retention system. Two groups of variables
are available for each customer: sociodemographic and behavioural data, which are
described in Table C.10 in Appendix C. The dataset comprises 22 variables, with 21
predictor variables and 1 class variable. It consists of 14814 records, of which 13812 are
nonchurners and 1002 are churners, which means there are 93.24% nonchurners and 6.76%
churners. Hence, the dataset is highly unbalanced in terms of the proportion of churners
versus nonchurners (Business Intelligence Cup 2004).

Automobile insurance fraud detection data is provided by Agnoss Knowledge Seeker
Software and this is the only available fraud detection dataset. Originally named
“carclaims.txt”, it can be found in the accompanying compact disc from Pyle, (1999). This
dataset contains 11338 records from January 1994 to December 1995, and 4083 records
from January 1996 to December 1996. It has a 6% fraudulent and 94% legitimate
distribution, with an average of 430 claims per month. The original dataset has 6 numerical
features and 25 categorical features, including the binary class label (fraud or legal).

Description of original fraud detection dataset’s feature is presented in Table 7.1.

Regression dataset (UCI Machine Learning Repository and StatLib repository):
AutoMPG,
Body fat,
Boston Housing,
Forest Fires and

Pollution.

1.7 Experimental Setup

Results and discussions in this thesis is carried out in a little different fashion. We first
divided the dataset into two parts in 80:20 ratios. 20% data is then named validation set
and stored aside for later use and 80% of the data is used as training set. Then 10-fold cross

validation was performed on the 80% of the data i.e. training data for building the model

12



and extracting rules. Later, the efficiency of the rules is evaluated against validation set i.e.
20% of the original data. Empirical results presented in this thesis are average results on
validation set, intermediate average results obtained during 10-fold cross validation are not
presented in this thesis. Figure 1.3 presents the experimental setup followed throughout the

research work presented in this thesis.

Data Set 100%

L —

809%o Data for 10-fold Cross Validation Validation Set 20%

1 2 3| —m=——= |10

— _
~N

Rules extracted using training set in 10-fold
Cross validation are tested acainst Validation Set

Figure 1.3: Experimental Setup

1.8 Thesis Outline

The remaining chapters of this thesis are organized as follows;

Chapter 2 provides the literature survey of the approaches proposed for extracting rules
from SVM. The first section describes in detail about the rule extraction approaches
proposed in decompositional, pedagogical and eclectic/hybrid category. Next section
provides the details about the gaps observed during literature survey and the final section

in this chapter provides an outline of the proposed methods.

Chapter 3 presents the proposed decompositional rule extraction approach for SVM which
is one of the main contributions of this thesis. First section of the chapter provides the
motivation behind extracting fuzzy rules for solving bankruptcy prediction problems. In
the second section details about the proposed approach are presented. Third section

provides the literature survey of bankruptcy prediction. Datasets used and results and
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discussions are presented in the following sections and final section presents the
conclusions of the chapter.

Chapter 4 presents a pedagogical rule extraction approach proposed which uses SVM as
feature selection algorithm and using reduced feature set rules are extracted. With the
motivation in the first section, the proposed approach is presented in detail in next section.
Applications of the proposed approach for solving classification and regression problems
are discussed in the next section. Following section provides the detailed Results and
discussions. Final section concludes the chapter.

Chapter 5 presents an eclectic rule extraction technique which analyzes medium scale
unbalanced dataset pertaining to finance. At the outset the motivation for the proposed
approach is presented. Introduction to customer relationship management (CRM) is then
presented and literature of churn prediction problem is reviewed in the next section.
Subsequent section presents the proposed approach in detail. The proposed approach can
also be considered as an application of analytical CRM. Fourth section provides the details
about the literature to deal with unbalanced datasets. Dataset description and Results and

discussions is presented in the following sections. Final section concludes the chapter.

Chapter 6 presents an eclectic active learning based rule extraction approach which
involves active learning to modify the training data. In the beginning section of the chapter
motivation behind the proposed approach is presented. Later, section two provides the
details about the proposed approach and active learning. Next sections in this chapter
present the details of problems analyzed followed by Results and discussions. Final section

concludes the chapter.

Chapter 7 presents an eclectic rule extraction approach proposed for solving regression
problems. First section presents the motivation behind the proposed approach. Proposed
approach is then presented in detail in second section. Brief description about the datasets
used for empirical study is presented in the next section. Fifth section discusses the results
and the implications. Final section concludes the chapter. Finally, Chapter 8 presents the

overall conclusion and contributions of this thesis, and proposed future work.
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Chapter 2

Rule Extraction from SVM: An Introduction

This Chapter provides the literature survey of the approaches proposed for extracting rules
from SVM. The first section describes in detail about the rule extraction approaches
proposed in decompositional, pedagogical and eclectic/hybrid category. Next section
provides the details about the gaps observed during literature survey and the final section
in this chapter provides an outline of the proposed methods.

2.1 Rule Extraction from SVM

In this section, an overview of rule extraction from SVM is presented. The rule extraction
approaches are grouped into three categories based on the SVM components utilized for
rule extraction. In particular, the first category of algorithms uses support vectors only i.e.
decompositional approaches. The second treats SVM as a black box and uses the
developed SVM as an oracle, this is also called as pedagogical approaches, and the third
category approaches utilize the support vectors, the decision function and the training data

as well i.e. eclectic or hybrid approaches.

2.1.1 Decompositional Approaches
Methods in this group extract rules utilizing the SVM’s support vectors and the separating
hyperplane. Different methods have been used to extract rules from support vectors as

summarized in the following paragraphs.

Most recently, Martens et al., (2009) proposed an active learning based approach (ALBA)
for rule extraction from SVM. They first extracted support vectors and the distance
between support vectors and the actual training set is calculated. Later, additional training
samples are generated which are “close to” randomly selected support vectors based on the

distance consideration. Class labels for these samples and training samples are then
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obtained using the developed SVM model. The generated examples are then used with the
training data to train different rule learning algorithm that learn what SVMs have learned.
Steps involved in ALBA are presented in Figure 2.1. As decision tree works better with
more number of samples, the authors argued that generating more number of samples near
support vectors and using these samples in combination with the training data whose target
class is replaced by the prediction of SVM will increase the performance of the decision
tree algorithm. They employed decision tree and RIPPER to generate rules.

The main drawback of their approach is that ALBA is not feasible to deal with real life
data mining problems, where the class distribution is unbalanced and dataset size is
medium scale or large scale. The approach resulting in high complexity of the system and
the rule set because they used the generated instances with all the training instances

thereby increasing the number of instances for rule induction algorithm to learn from.

SVM Training Step 1: Rule Generation Step2: Rules Testing
Train an SVM Use the SVM Use the Use the C5
and get the to predict the artificial Qataset learned rules to
SVM (Model) class of a set of Btotrain C5 classify
unlabeled i.e. DT; hence another
> examples, rule_s > independent
therefore an representing the test set to
artificial concepts compute rules’
dataset B is learned by the accuracy and
generated SVM are fidelity
generated

Figure 2.1: Active Learning Based Approach by Martens et al., (2009)

One of the most recent methods in this group termed SQRex-SVM (Barakat and Bradley,
2007) extracts rules directly from support vectors of an SVM using a modified sequential
covering algorithm and based on ordered search of the most discriminative features as
measured by inter-class separation. An initial set of rules is formed from these features
which are then pruned using user defined criteria and utilizes the concept of coverage or
probabilistic normal (PN) space (Furnkranz and Flach, 2005) and its relationship to the

area under the receiver operating characteristic curve (AUC).
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Steps involved in SQRex-SVM algorithm:
SVM training
Train an SVM and get the SVM model.

Rule Generation:

e Use the SVM to predict the class of the training examples that become SVs.

e Get the True Positive and True Negative model SVs, then define a ranked list of
most discriminative features based on inter-class separation.

e Obtain best threshold for each of these features and rank them based on True
Positive and False Positive rates over the support vectors.

e Formulate rules for the positive class from the ranked features and the
corresponding thresholds in earlier step.

e Sequentially, learn/refine rules if possible and add them to rule set if their

performance is above user defined criterion.

Rule Pruning

Prune the rules that do not lead to a significant increase in AUC of the whole rule set.

Performance of the rules is evaluated in terms of accuracy, fidelity, comprehensibility,
True Positive rate, False Positive rate and AUC. Rules produced by SQRex-SVM exhibit
both good generalisation performance and comprehensibility, in addition the extracted

rules have high fidelity to the SVM from which they were extracted.

Chaves et al., (2005) proposed a method of extracting fuzzy rules from SVMs. The main
idea of their approach is to project each feature, in each of the support vectors along its
coordinate axes, forming a number of fuzzy sets with triangular membership functions of
the same length (Kecman, 2001). Fuzzy membership degrees are then computed and each
of the support vectors is then assigned to the fuzzy set with the highest membership

degree. One fuzzy rule is then extracted from each support vector.
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The example fuzzy rule is given below;

If X1 is C11 and Xz is Cy then class Z.
where, Cy; is fuzzy set C; of feature x3, Cy; is fuzzy set C, of feature x,.

Steps involved in (Chaves et al., 2005) rule extraction approach are described below.
SVM training
Train an SVM and get the support vectors.

Rule Generation
e Project each feature in the support vectors along its coordinate axes.
e Define fuzzy sets for each feature using triangular membership function.
e Evaluate the membership degree for each of the support vector projections and
assign it to the set with maximum membership value.
e Generate a rule from each support vector with each feature and fuzzy set of
maximum membership value as antecedent and the support vector class label as the

consequent.

One limitation of this algorithm is that it may not be suitable for categorical and binary
features as the evaluation of membership degree value is non-trivial in these cases. Rules
extracted by this method appear to be of poor quality based on the accuracy (i.e. 53.2%)
and fidelity (74.59%) reported. Furthermore, the extracted rule set comprehensibility is
low as the number of the extracted rules is large, which is as many as the number of
support vectors. However, the authors argue that if the objective is explanation, then poor

classification performance is acceptable.

Fu et al., (2004) suggested a method RulExXSVM for rule extraction from non-linear
SVMs, trained with radial basis function (RBF) kernel. The idea behind RUIEXSVM is to
find hyper-rectangles whose upper and lower corners are defined by finding the

intersection of each of the support vectors with the separating hyperplane.

RUlEXSVM proceeds in three phases: initial rule generation, tuning and rule set pruning. In

the initial phase, hyper-rectangles are defined by the intersections of lines extended from
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each of the support vectors with the SVM decision boundary obtained. In the tuning phase,
these hyper-rectangles are resized to exclude outliers from other classes. Finally, redundant
rules are removed in the pruning phase. One limitation of this approach is that it is only
valid for rule extraction from RBF kernel SVMs. However, the authors argue that this
method could be extended to other types of kernels though they provide no framework for
this. Another potential limitation is the requirement for normalization of all features to lie
between (0, 1) before training. Normalization should be handled with care in applications
such as medical diagnosis because some normalization methods may be susceptible to
noise in the data. Furthermore, it adds an extra burden on the rule extraction process, as the
features have to be transformed back to the original values for the extracted rules to make

SENseE.

Figure 2.2 A shows the lines extended from SVs Al and A2, and the hyper-rectangles
defined by their intersections with the SVM decision boundary. Figure 2.2 B shows the
tuning phase, where the two hyper-rectangles were chopped along coordinate axes to
exclude outliers from other classes, while Figure 2.2 C shows the pruning phase which

removes the overlapping hyper- rectangle (redundant rules).

A A A

Figure 2.2 A: Rule generation phase: lines extended and hyper-rectangles
constructed for Al and A2 SVs
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Figure 2.2 B: Tuning Phase: Excluding Outliers

Figure 2.2 C: Pruning Phase: Removing Overlapped Hyper-Rectangles

Figure 2.2: RUIEXSVM phases in a two dimensional space. Taken from Fu et al. (2004).

The first method by Nunez et al., (2002a, 2002b, 2002c; 2006) introduced the

SVM+prototype method. The main idea of this method is to utilize a clustering algorithm

to determine prototype vectors for each class which are then used together with the support

vectors to define regions (ellipsoids and hyper-rectangles) in the input space. Later, each

ellipsoid is transformed to a rule. Figure 2.3 A shows the first iteration of the algorithm

where an initial ellipsoid (hyper-rectangle) is defined with outliers (positive partition test).

Figure 2.3 B shows a later iteration after the division of the ellipsoid (hyper-rectangle) to

exclude outliers.
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Figure 2.3 A: One Region (Cluster) including Outliers
Figure 2.3 B: Region Division to Exclude Outliers
Figure 2.3: SVM+Prototype Phases. Taken from Nunez et al., (2002)

However, the algorithm has two main limitations: first is that the number and the quality of
the extracted rules depend upon the initial values of the prototype vectors which define the
centers of the clusers. The second limitation is that the method does not scale well. In the
case of larger number of input features and/or training examples, the comprehensibility of
the extracted rule set will deteriorate as more clusters are likely to be formed, while all the

features are present as rules antecedents (Martens et al., 2009).

In a similar study Zhang et al., (2005) proposed the hyper-rectangle rule extraction (HRE)

which also utilizes a clustering algorithm. The algorithm first employs support vector

clustering algorithm (Ben-Hui et al., 2001) to find prototype vectors for each class. Small

hyper-rectangles are then defined around these prototypes using a nested generalized
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exemplar algorithm, which are incrementally grown until the stopping criterion is met.
Stopping criterion is to control the size of the hyper-rectangles, hence quality rules are
generated.

Figure 2.4 A shows the initially defined, small hyper-rectangles around the prototype
vectors. Figure 2.4 B shows larger hyper-rectangles. Given a user defined Minimum
Confidence Threshold (MCT), the algorithm defines the following criteria to stop growing
the hyper-rectangles:

1. All examples of a cluster are covered by a hyper-rectangle and the confidence is
less than the (MCT), as in the r1 hyper-rectangle in Figure 2.4 B;

2. The hyper-rectangle covers a support vector of the cluster, as in the r4 hyper-
rectangle in Figure 2.4 B;

3. The hyper-rectangle covers a training vector from a different class and the
confidence is less than the MCT, as in the r2 hyper-rectangle in Figure 2.4 B;

4. The hyper-rectangle covers a prototype of a different cluster as in the r3 hyper-
rectangle in Figure 2.4 B.

.ee
decisio 4
boundar + {@.

+ Prototype for +ve O Prototype for - ve
& SV for ve class + tve training example
‘ SV for -ve class -
¢ - Vetraining example
A B

2.4 A. Iteration “1”
2.4 B. Iteration “n” showing different stopping Criteria
Figure 2.4: Hyper-rectangle region generated for each cluster per class, Zhang et al., 2005
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In another study, Fung et al., (2005) suggested a different approach for rule extraction from
linear SVMs based on a linear programming formulation of the SVMs with a linear kernel.
The approach handles rule extraction as multiple constrained optimization problems to
generate a set of non-overlapping rules. Each extracted rule defines a non-empty hyper-
cube which has one vertex that lies on the separating hyper-plane. The rule extraction
algorithm iterates over training data in each half space, to find rules for the examples
which have not been covered by any previous rule using a depth-first search.

One limitation of this approach is that the extracted rules cover training data, so they may
not provide an explanation for new unseen data. However, authors have suggested
modifying the volume maximisation rule extraction method to generate only one rule with

maximum volume that may contain (generalize over) the test examples.

In a related study Chen and Wei (2007) proposed a novel and interesting rule extraction
algorithm for gene expression data to improve the comprehensibility of SVMs. The
algorithm constitutes one component of a multiple kernel SVM (MK-SVM) scheme,
consisting of feature selection namely MK-SVMI, prediction modelling and rule extraction
namely MK-SVMII. In the feature selection module, a new single feature kernel (MKI) is
proposed which transforms the computationally expensive feature selection problem into
finding sparse feature coefficients representing the weight of a single feature kernel.

Features with zero coefficients have no impact on the output of SVM and can be discarded.

The rule extraction method proposed for the MK-SVMII is similar to the one addressed in
Fung et al. (2005). However, in MK-SVVMII, support vectors are used as vertices of hyper-
cubes, where a series of hyper-cubes approximates the subspace of each class. They
suggested the following rule quality measure in addition to the comprehensibility of the
rules. Soundness, which measures the number of times a rule is correctly fired.
Completeness, which measure the number of times the sample is correctly classified by a
specific rule and false-alarm, which measures the number of times each rule is misfired
(Chen and Wei 2007). The extracted rules by this method have good comprehensibility,

good generalization performance and compact gene subsets were found. Furthermore, the
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authors argue that multiple good diagnostic gene subsets found to be useful in defining
possible pathways of genetic network.

2.1.2 Pedagogical Approaches
Methods in this group treat the SVM as a black box, and extract rules that describe the

relationship between the model’s inputs and outputs (Barakat and Diederich, 2004a,
2004b; Torres and Rocco, 2005; Martens et al., 2006)

The idea is to create artificially labelled samples where the target class of the training data
is replaced by the class predicted by the SVM. The modified training set is then used with
another machine learning technique with explanation capability such as decision tree
learner that learns what the SVM has learned.

The main steps involved in such techniques are;

SVM Training
Train an SVM and get the SVM model.

Rule Generation
e Use the SVM to predict the class of the training set examples, therefore an
artificial dataset (AD) is generated.
e Use the artificial dataset (AD) to train a C5 decision tree, or any other algorithm
which generates a comprehensible model. Hence, rules representing the concepts

learned by the SVM are generated.

Rule Testing
Use the generated rules to classify another independent test set to compute rule accuracy

and fidelity.

The most commonly used decision tree learners are modified TREPAN (Browne et al.
2004), C5 (Quinlan, 1993), REX (Markowska-Kaczmar and Trelak, 2003) and CART

(Brieman et al., 1994). However, the methods in this category are not classifier-specific as
24



they do not utilize any model-specific components in rule extraction. The aim is simply to
model the output of the original classifier using another classifier with better
comprehensibility. It is observed that relatively high accuracy and high fidelity rules are
obtained using these methods.

In a related study, He et al., (2006) suggested SVM_DT as a method for interpreting
prediction of protein secondary structure. The proposed SVM_DT method is motivated by
the need to integrate the good generalization performance of SVMs and the
comprehensibility of decision trees. In particular, the method utilizes an SVM as a
preprocessing step for decision tree. The authors argue that the use of an SVM as a
preprocessing step can generate better and/or cleaner data than the original dataset, where
some bad ingredients and weak cases can be reduced. This argument is valid, if optimum
training parameters of SVM can be found. The authors also argue that the extracted rules

have biological meaning and can be interpreted (He et al., 2006).

2.1.3 Eclectic/Hybrid Approaches

Methods in this group extract rules utilizing the internal working of the SVM and also
consider SVM as a black box. During eclectic approaches, first SVM model is developed
and predictions for support vector instances are obtained and only the modified support

vectors are then used for generating rules.

Barakat and Diederich, (2005) proposed an eclectic approach for rule extraction from
SVM. They used only the support vectors of the data and replaced the target values of the
support vectors using the SVM model. The modified data is then used to train decision tree
algorithm and the rules are generated. They reported their results on benchmark datasets
only and concluded that using support vector instances results in reduction of the dataset
size and the number of rules extracted. Later, Barakat and Bradely (2006) reported AUC as

one of the important measure to evaluate the efficiency of the rule extraction algorithm.
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Barakat and Bradely, 2007 Martens et al., 2006 2005
Chen et al., 2005 He et al., 2006 Barakat and Bradely, 2006

Zhang et al., 2005
Fung et al., 2005
Fu et al., 2004
Nunez et al., 2002, 2006

Figure 2.5: Taxonomy of the literature on Rule Extraction from SVM

2.2 Gaps ldentified in Literature

Figure 2.5 presents the taxonomy of the rule extraction approaches proposed for extracting
rules from SVM. It is observed that most of the efforts have been put to extract rules using
SVM’s internal workings or using hyper-plane learned by SVM during training i.e. the

decompositional approaches.

During earlier research of rule extraction from SVM, researchers have focused on
extracting rules for classification problems only. Most of the attempts solved benchmark
classification problems and focused on the rule extraction strategies to extract rules. They
argued that even if accuracy is low, having a transparent model to represent the knowledge

learnt by SVM during training is acceptable (Zhang et al., 2005).

In literature no rule extraction approach is reported by the researchers for solving
regression problems. Further, only decision tree algorithm is employed for extracting rules
from SVM. Small scale medical problems were solved using decision tree for rule
generation (Barakat and Diederich, 2004a, 2004b, 2005; Torres and Rocco 2005; Martens
et al., 2006, 2009; He et al., 2006).
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While researchers analyzed the efficiency of SVM for solving classification problems, the
efficiency of SVM for feature selection in the context of rule extraction was totally ignored

during earlier research.

Researchers ignored the importance of support vectors and did not explore the efficiency
of SVM for solving medium scale unbalanced data mining problems. Real world problems
deal with data which are medium scale and highly unbalanced in nature. Standard machine
learning approaches are biased towards learning better about majority class instances than
that of learning about minority class instances.

It is observed that efficiency of SVM is explored in the form of support vectors extraction
and SVM-RFE for feature selection separately but the efficiency of SVM for support
vectors extraction and feature selection simultaneously was totally ignored in earlier
research, which reduces the data vertically and horizontally, respectively. This strength is
unique to SVM among all other intelligent techniques.

2.3 Outline of Proposed Approaches

During the research work presented in this thesis, various rule extraction approaches are
proposed to solve various finance problems such as, bankruptcy prediction in banks, churn
prediction in credit card customers and fraud detection in automobile insurance. In this
thesis decompostional and pedagogical approaches are proposed to solve bankruptcy
prediction problem and eclectic/hybrid approaches are proposed to solve churn prediction
in bank credit card customers, fraud detection in automobile insurance and regression
problems. Rule extraction from SVM to solve churn prediction in bank credit card
customers’ problem is an important study of analytical customer relationship management
(CRM) in finance. Figure 2.6 presents the classification of the proposed approaches into

decompositional, pedagogical and eclectic approaches of rule extraction.
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Figure 2.6: Classification of the proposed approaches for Rule Extraction from SVM
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Chapter 5

Fuzzy Rule Extraction using SVM for

Bankruptcy Prediction in banks

This Chapter presents the proposed decompositional rule extraction approach for SVM
which is one of the main contributions of this thesis. First section of the chapter provides
the motivation behind extracting fuzzy rules for solving bankruptcy prediction problems.
In the second section details about the proposed approach are presented. Third section
provides the literature survey of bankruptcy prediction. Datasets used and Results and
discussions is presented in the following sections and final section presents the conclusions

of the chapter.

3.1 Motivation

As discussed in the first chapter, SVM produces most generalized model but does not
represent the knowledge learnt by it during training in a human comprehensible form. In
this chapter a decompositional rule extraction algorithm is proposed to extract fuzzy rules
using Fuzzy Rule Based Systems called, SVM+FRBS. Fuzzy logic (Zadeh 1965) appears
to be very well suited for the creation of small rules as fuzzy rules have a higher

‘information density’ i.e. each rule encapsulates a richness of information and meaning.

Rule: IF apersonisa “heavy smoker”
THEN the risk of cancer is “high”

where the two fuzzy concepts “heavy smoker” and “high” can be represented by their

membership function values. The interpretability of SVM is improved by fuzzy if-then

rules. Bankruptcy prediction in banks problem is solved using the proposed rule extraction

approach. When we solve financial problems, the comprehensibility of the system plays a
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vital role and fuzzy rules provide better human understandability and comprehensibility of
the system. It is observed that fuzzy rules are easier to understand and using which
management can make better policies to avoid heavy losses to the organization. It is to be
noted here that the datasets we analyze are very small sized. However, this application can
be extended to medium scale or large scale datasets as well.

3.2 Proposed Fuzzy Rule Extraction Technique

During this research study we propose a novel decompositional rule extraction using SVM
approach and applied it to predict bankruptcy in banks. FRBS is employed for rule
generation purpose which extracts fuzzy rules leading to a significant improvement in
system understanding and prediction accuracy as well. DT and ANFIS also employed for
rule generation purposes. The hybrid is carried out in two steps;

1. Extraction of support vectors from SVM.

2. Support vectors are then fed to FRBS for fuzzy rule extraction.

3.2.1 Extraction of support vectors from SVM

Various kernels are employed for training SVM and considering the accuracy of SVM as
driving force, the SVM model with best accuracy is selected. Support vectors are then
extracted using the best model obtained, resulting in Case-SA dataset. Case-SA dataset is
the new dataset consists of support vectors with their actual target values. Support vectors
are the instances which are lying on the boundary of SVM and observed to be the right
instances to learn the decision boundary. The instances away from the boundary do not add
any value to decision boundary learning process of SVM. The extracted support vector set
i.e. Case-SA dataset is then fed to FRBS, DT and ANFIS for rule generation.

3.2.2 Rule Generation
Extracted support vector set is then fed to FRBS, DT and ANFIS for rule generation

purpose. Rules extracted using FRBS are presented in the results and discussion section.
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Figure 3.1: Work Flow Diagram of the proposed Hybrid Approach

3.3 Literature Review of Bankruptcy Prediction in Banks and
Firms

Bankruptcy is a legally declared inability or impairment of ability of an individual or
organization to pay its creditors. Since 1960 bankruptcy prediction in banks and corporate
firms is the most researched area in the field of statistics and machine learning (Altman
1968). Prior prediction of bankruptcy helps top management to Figure out the causes of
bankruptcy and implements different profiting policies and adopts various strategies
towards stabilizing the firm’s growth and stability. Bankruptcy of a financial firm affects
its creditors, auditors, stock holders and senior management. Hence, they are all interested

in bankruptcy prediction in the early stages only (Wilson and Sharda, 1994).

According to Federal Deposit Insurance Corporation Improvement (FDICI) act of 1991,
regulators used CAMEL rating which evaluates banks financial health according to their
basic functional areas viz., Capital adequacy, Asset quality, Management expertise,
Earnings strength, Liquidity, and Sensitivity to market risk. While CAMELS ratings
clearly provide regulators with important information, Cole and Gunther (1995) reported
that these CAMELS ratings decay rapidly. Fraser (1976) concluded that banks perform
better by holding relatively more securities and fewer loans in their portfolios. Altman
(1968) and Beaver (1966) pioneered the research in failure predictions of businesses.
Altman (1968) investigated a set of financial and economic ratios in a bankruptcy

prediction context. Korobow et al. (1976) stated that early warning systems are one that
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challenges our understanding of the nation’s financial system. It is clear that improved
methods of early detection of financial weaknesses in banking system could help bank
regulatory authorities to anticipate and mitigate future problems. Karels and Prakash
(1987) rigorously investigated the normality conditions of financial ratios in the context of

discriminant analysis.

Various statistical techniques such as regression analysis (Bell, 1997; Hu and Tseng, 2007)
and logistic regression (Ohlson, 1980; Pantalone and Platt, 1987) have been used to predict
the financial state of the company (healthy, distressed, high probability of bankruptcy) by
making use of the company’s financial data. In practice, these assumptions are rarely
satisfied. Hence, researchers started applying non-parametric techniques, which cover the
entire gamut of intelligent techniques.

Machine learning approached such as neural networks (Odom and Sharda, 1990; Tam,
1991; Salchenberger et al. 1992; Wilson and Sharda, 1994; Lee, et al., 1996; Jo, et al.,
1997; Zhang et al. 1999; Baek and Cho, 2003; Charalambous et al., 1999; Charalambous et
al., 2000; Swicegood and Clark 2001; Pai and Pai, 2004), Decision Tree (Tam and Kiang,
1992), Support Vector Machines (Gestel et al., 2003; Shin et al., 2005; Min and Lee,
2005), Genetic Algorithms (Shin and Lee, 2002), Genetic Programming (Etemadi et al.,
2009), Fuzzy Rule Based Classifier (Ravikumar and Ravi, 2006a; 2006b), Rough set
theory (McKee, 2000), Bayesian networks (Aghaie and Saeedi, 2009), Logistic Regression
(Andres et al. 2005), Wavelett Neural Networks (Becerra et al. 2005), Semi online RBF
(Ravi et al. 2008), Isotonic Separation (Ryu and Yu 2005), Integrated Early Warning
System (IEWS) (Canbas et al. 2005), Autoassociative Neural Networks (Pramod and Ravi
2007) and Self Organizing Maps (SOM) (Nakaoka et al., 2006) are some of the
applications for bankruptcy prediction in banks and firms. Further, researchers proposed
hybrid approaches for bankruptcy prediction using two or more than two intelligent
machine learning techniques, such as MDA assisted neural networks, 1D3 assisted neural
networks and SOM assisted neural network (Lee et al., 1996), GA and SVM (Min et al.,
2006), ensemble method (Ravikumar and Ravi 2006 and 2007; Ravi et al. 2008; Sun and
Li 2008; ; Chauhan, et al., 2008; Ravisankar, and Ravi 2009), etc.
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A more detailed survey paper about the applications of neural networks for bankruptcy
prediction is presented by Atiya (2000). A comprehensive review about bankruptcy
prediction from 1968-2005 is presented by Ravikumar and Ravi (2007). Bankruptcy
prediction using k-nearest neighbour (k-nn) weighted analytical hierarchy process (AHP) is
proposed (Park and Han, 2002). They applied the proposed approach in Korean firms and
concluded that k-nn with AHP outperform other models of prediction tested. Vieira et al.
(2004) evaluated the efficiency of ANN, Linear Genetic Programming and SVM for
bankruptcy prediction using balanced and unbalanced datasets. They concluded that LGP
performs best with balanced datasets and SVM shows superior performance dealing with
unbalanced datasets.

Shin and Lee (2002) provided a new dimension to the research towards bankruptcy
prediction in firms and businesses and proposed a genetic algorithm based rule extraction
approach. The generated rules can also be used as early warning system by the
management and management can take proper and appropriate steps at right time towards
the stability of the firm. Yuan, (2008) proposed a rule extraction approach with the

integration of GA and its application to bankruptcy prediction problem.

At this juncture, researchers understood the need of applying fuzzy logic for bankruptcy
prediction. Fuzzy logic models are understood better by the user than neural network (i.e.
black box) models. The importance of fuzzy clustering combined with self organizing
neural networks was studied by Alam et al., (2000). They reported that the proposed
approach is a promising tool to predict potentially failing banks. Tung et al., (2004)

highlighted the comprehensibility of the prediction process using neuro-fuzzy systems.

Ravikumar and Ravi (2006) have proposed a bankruptcy prediction approach based on
fuzzy rule based classifier. They considered the classification problem as multiobjective
combinatorial optimization problem, where their intension is to minimize the number of
rules with increasing classification rate as well using Threshold Accepting algorithm. They
concluded that with 2 partition the proposed approach outperformed MLP and obtained
higher accuracy and lowest type-1 error. Noguesia et al., (2005) proposed data reduction

approach based on Fast Fuzzy Clustering algorithm. They reported that data preprocessing
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using the proposed data reduction approach improves the performance of the classifier. It is
observed that no rule extraction using SVM approach is proposed to represent the
knowledge of SVM for solving bankruptcy prediction problem. In the present study a
decompositional rule extraction technique is proposed to extract rules using SVM.

3.4 Results and Discussions

The proposed approach is tested on two benchmark datasets namely, iris and wine obtained
from UCI machine learning repository, and three bankruptcy prediction in banks datasets
viz., Spanish Banks, Turkish Banks and US Banks. In the following sections, description of
the data and empirical study is presented. Bankruptcy datasets features’ information is
presented in Table 1 through Table 3 in Appendix C. We employed decision tree (DT) and
adaptive network based fuzzy inference system (ANFIS) i.e. SVM+DT, SVM+ANFIS in
order to evaluate the effectiveness and validity of the SVM+FRBS hybrid and SVM+RBF
is chosen as a baseline hybrid even though we do not get any rules out of it.

Ishibuchi et al. (1999) examined the performance of a fuzzy genetic algorithm-based
machine learning method for multidimensional pattern classification problem with
continuous features, where each fuzzy if-then rule is handled as an individual and a fitness
value is assigned to each rule. It is observed that grid based fuzzy partitions cannot handle
high-dimensional data i.e. when we use the grid-type fuzzy partition with the increase in
comprehensibility the number of fuzzy if-then rules increases exponentially as the number
of input variables increase. Don’t care antecedent is introduced to deal with the curse of
dimensionality and to produce less number of fuzzy if-then rules by genetic operations.
Data mining software KEEL is used to employ FRBS and the description of FRBS is given
in Appendix A. DT is employed using RapidMiner software, ANFIS is employed in
MATLAB and RBF is employed using Knime software tool. Details about DT and ANFIS

are presented in Appendix A.

Table 3.1 presents the results and rules obtained using Iris and Wine datasets. Only FRBS

and DT are employed to extract rules using iris and wine datasets. It is observed that using

Iris dataset, hybrid classifier SVM+FRBS yielded 100% accuracy, while standalone FRBS
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classifier yielded 96% accuracy. 6 rules are extracted for Iris dataset using FRBS and are
presented in Table 3.2. It is observed that for iris-versicolor class two rules are generated,
whereas for iris-virginica and iris-setosa classes only and three rules are generated,
respectively. As regards the Wine dataset our proposed hybrids SVM+FRBS and
SVM+DT vyielded same accuracy of 97.14%. However, stand-alone FRBS yielded less
percentage of accuracy of 94.29%. Sample rules extracted using wine data are presented in
Table 3.3 and full rule set i.e. 14 rules is presented in Table D.1 in Appendix D. It is
observed from the empirical results that rules extracted using FRBS are more generalized
and the fuzzy rules improves the comprehensibility of the system. It is observed that from
three different types of wines, the rules extracted for type A wine are four, for type B wine
the number of rules is 10 and the number of rules extracted for type C wine are four.

Table 3.1: Average Results on Validation set

Classifiers IRIS WINE
FRBS 96 % 94.29 %
SVM + FRBS | 100 % 97.14 %
DT 93.33% | 100 %

SVM + DT 93.33% | 97.14 %

Table 3.2: Fuzzy Rules Extracted using Iris Dataset

# Antecedent Consequent

1 | if "petal-width is medium" Iris-Versicolor

2 | if "petal-lenght is low" Iris-Setosa

3 | if "sepal-length is low™ and "petal-width is low" Iris-Setosa

4 | if "petal length is medium" Iris-Versicolor

5 | if "petal_length is high" Iris-Virginica

6 | if "sepal_length is low" and "petal_width is low™" | Iris-Setosa
Table 3.3: Sample Fuzzy Rules Extracted using Wine Dataset

Rule # Antecedents Consequent

1 If "Flavanoids is High"

2 If "Alcohol is Low" and "Flavanoids is Medium"
3 If "Alcohol is Low”

4 If "Flavanoids is High" and " Hue is Medium"

> m|m| >
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In two class classification problems, sensitivity and specificity are calculated with accuracy
of the system as discussed in the Section 1.5 of Chapter 1. Table 3.4 presents the number
of samples in each dataset viz., Spanish, Turkish and US banks datasets, after dividing the
datasets into 80% (training) and 20% (validation). Results of Spanish Banks dataset
presented in Table 3.5. The empirical study indicates that our hybrid method SVM+FRBS
yielded 92.31% classification accuracy with 83.33% sensitivity and 100% specificity
whereas the proposed approach SVM+RBF yielded best sensitivity of 100%. It is observed
that all the classifiers tested yielded similar accuracies of 92.31%, but stand-alone FRBS
yielded least accuracy of 69.23% with 33.33% sensitivity and 100% specificity. Despite
yielding similar accuracy of 92.31%, it is observed that the hybrids SVM+FRBS,
SVM+DT and SVM+ANFIS yielded low sensitivity. Such large variation is observed in
the results because of small sized data. Fuzzy rules set extracted using SVM+FRBS
approach is presented in Table 3.6. Equal number of rules i.e. 7 is extracted for bankrupt
banks and non-bankrupt banks. It is observed from the rule set that Reserve/Loans and

Cash Flow/Loan are very much important to predict bankruptcy in banks.

Table 3.4: Bankruptcy prediction dataset division into Training and Validation

Dataset | Eeatures Total instances Training (80%) Validation (20%)
Total | Bankrupt | Healthy | Total | Bankrupt | Healthy | Total | Bankrupt | Healthy
Spanish 9 66 29 37 53 23 30 13 6 7
Turkish 12 40 18 22 32 14 18 8 4 4
5 130 66 64 104 52 51 26 13 13

Table 3.5: Average results for Spanish Banks on Validation Set

Experiments Accuracy % | Sensitivity % | Specificity %

RBF 92.31 83.33 100

SVM + RBF 92.31 100 85.71
Decision Tree 84.62 66.67 100
SVM + Decision Tree 92.31 83.33 100

ANFIS 92.31 100 85.71
SVM + ANFIS 92.31 83.33 100
Fuzzy Rule Base System 69.23 33.33 100
SVM + FRBS 92.31 83.33 100
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Table 3.6: Fuzzy rules extracted for Spanish banks dataset

Rule

4 Antecedents Consequent
01 | If"R/L is Medium" and "CF/L is Medium" then Non-Bankrupt
02 | If"CAC/TA is Medium™ and "R/L is Low" and "CF/L is Medium" Bankrupt
03 | If"R/L is Medium" and "CF/L is Low" Bankrupt
04 | If"R/L is Low" Bankrupt
05 | If"CA/TA is Medium™ and "R/L is Low" Bankrupt
06 | If"CF/L is Low" Bankrupt
If "CA/TA is Medium" and "R/L is Medium" and "CF/L is
07 Medium" Non-Bankrupt
edium
08 | If"R/L is High" Non-Bankrupt
09 | If"CS/S is High" Bankrupt
10 | IF"CA/TA is High" and "CF/L is Medium" Non-Bankrupt
11 | If"R/L is High" and "CF/L is High" Non-Bankrupt
12 | If "R/L is Low" and "CF/L is Medium" Bankrupt
13 | If"R/L is Medium™ and "CF/L is High" Non-Bankrupt
If "CA/TA is Medium" and "CAC/TA is Medium" and "R/L is
14 Non-Bankrupt

Medium" and "CF/L is Medium"

Table 3.7 presents the results of Turkish Banks dataset. It is observed from empirical
results that the hybrids SVM+RBF and SVM+ANFIS yielded 100% classification
accuracy, sensitivity and specificity as well. It is observed that despite using reduced
training set i.e. Case-SA dataset the hybrids SVM+RBF, SVM+ANFIS and SVM+FRBS

yielded 100% sensitivity which is the one of the major achievement in the current study. It

is observed that using all the training dataset, stand-alone DT and FRBS have shown poor

performance with respect to accuracy and sensitivity. Using Turkish banks data three rules

are generated for bankrupt banks and only one rule is extracted for non-bankrupt banks.

Table 3.7: Average results for Turkish Banks on Validation Set

Experiment Accuracy % | Sensitivity % | Specificity %
RBF 100 100 100
SVM + RBF 100 100 100
Decision Tree 75 50 100
SVM + Decision Tree 87.5 75 100
ANFIS 100 100 100
SVM + ANFIS 100 100 100
Fuzzy Rule Base System 75 75 75
SVM + FRBS 87.5 100 75

38




It is observed from the rules extracted are that low Interest Expenses/Average Profitable
Assets results non-bankrupt banks. For bankrupt banks it is observed that low Networking
Capital/Total Assets, Standard Capital Ration or Interest Expenses/Average Non-profitable
Assets results in bankruptcy. Fuzzy rules extracted for Turkish bank dataset using
SVM+FRBS hybrid is tabulated in Table 3.8.

Table 3.8: Fuzzy Rules Extracted for Turkish Banks dataset

Rule # Antecedents Consequent
01 If"NC/TA is Low" Bankrupt
02 If"SCR is Low" Bankrupt
03 If "IE/APA is Low" Non-Bankrupt
04 If "IE/ANA is Medium" | Bankrupt

Results of US banks dataset is presented in Table 3.9. It is observed that the proposed
hybrid SVM+FRBS yielded good classification accuracy of 96.15% with 92.31%
sensitivity and 100% specificity. Fuzzy rules extracted using US banks dataset are
presented in Table 3.10. It is observed that except the hybrid SVM+ANFIS all the other
hybrid yielded 92.31% accuracy. The hybrid SVM+DT vyielded cent percent sensitivity,
whereas other hybrids yielded less sensitivity. It is observed from the rules that 5 rules are
extracted representing the behaviour of non-bankrupt banks, whereas 6 rules are extracted
to represent the bankrupt banks nature. It is observed that low Retained Earnings/Total
Assets and medium Earnings before Interest and Taxes/Total Assets plays vital role in
bankruptcy prediction whereas high Retained Earnings/Total Assets and low Sales/Total

Assets represents the behaviour of non-bankrupt banks.

Table 3.9: Average results for US Banks on Validation Set

Experiment Accuracy % | Sensitivity % | Specificity %
RBF 100 100 100
SVM + RBF 92.31 92.31 92.31
Decision Tree 92.31 100 84.62
SVM + Decision Tree 92.31 100 84.62
ANFIS 92.31 92.31 92.31
SVM + ANFIS 88.46 84.62 92.31
Fuzzy Rule Base System 92.31 84.62 100
SVM + FRBS 96.15 92.31 100
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Table 3.10: Fuzzy rules extracted for US banks dataset

Rule # Antecedents Consequent
01 If "RE/TA is High" and "MVE/TA is Medium" Non-Bankrupt
02 If "RE/TA is High" Non-Bankrupt
03 If"EIT/TA is High" Non-Bankrupt
04 If "RE/TA is Low" Bankrupt
05 If "RE/TA is High" and "EIT/TA is High" Non-Bankrupt
06 If "RE/TA is Medium" and "EIT/TA is Medium" Bankrupt

and "MVE/TA is Low"
07 If "RE/TA is Medium" and "EIT/TA is Medium" Bankrupt
and "S/TA is Medium"
08 If "EIT/TA is Medium" and "S/TA is Medium" Bankrupt
09 If "RE/TA is High" and "S/TA is Low" Non-Bankrupt
10 If "WC/TA is Medium™ and "EIT/TA is Low" Bankrupt
11 If "EIT/TA is Low" and "S/TA is Medium" Bankrupt

AUC (Area Under the ROC Curve) (refer Section 1.4 of Chapter 1) is calculated for all the
classifiers and the hybrids and presented in Table 3.11. The idea of AUC is that bigger the
area better the classifier. It is observed that using Spanish banks data it is SVM+RBF
hybrid yielded best AUC of 9385.5, using Turkish banks data the hybrids SVM+RBF and
SVM+ANFIS covered the whole area under ROC and using US banks data it is observed
that the proposed hybrid SVM+FRBS vyielded 9615.5 AUC. It is observed using AUC
obtained using various classifiers tested for bankruptcy prediction is that they hybrids
perform equally well with stand-alone approaches. It is observed that despite yielding

marginally less accuracy the proposed approach SVM+FRBS extracted fuzzy rules with

high understandability of the system.

Table 3.11: AUC of the classifiers

Spanish Banks | Turkish Banks | USA Banks

DT 8333.5 7500 9231
SVM + DT 9166.5 8750 9231
RBF 9166.5 10000 10000
SVM + RBF 9385.5 10000 9231
ANFIS 9385.5 10000 9231
SVM + ANFIS 9166.5 10000 8846
FRBS 6666.5 7500 9231

SVM + FRBS 9166.5 8750 9615.5
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A rule set is considered to display a high level of fidelity if it can mimic the behaviour of
the machine learning technique from which it was extracted, in our study it is SVM. It is
observed that our proposed approach displays high fidelity compared to other classifiers
tested and the results are presented in Table 3.12. It is observed from the fidelity calculated
that using Spanish banks data our proposed approaches SVM+FRBS and SVM+DT behave
83% exactly as of SVM. When using Turkish data it is observed that SVM+FRBS behave
more likely as of SVM with 91.81% fidelity. Using US banks data the fidelity obtained by
SVM+FRBS is 92.31% i.e. the proposed approach SVM+FRBS behaves 92.31% time as
SVM. It is observed from fidelity calculation that fuzzy rules extracted using SVM
behaves more like SVM itself.

Table 3.12: Fidelity of various hybrids

Spanish Turkish uUsS

SVM+DT 83.04 90.24 85.71
SVM+RBF 78.1 89.21 86.98
SVM+ANFIS 77.85 85.21 73.06
SVM+FRBS 83 91.81 92.31

3.5 Conclusions

It is well known that SVM produces black box model, meaning that it does not explicitly
convey the knowledge learnt by it during training. Rule extraction techniques aim to
remove this disadvantage by bringing in comprehensibility and interpretability to SVM.
This chapter presents a novel hybrid approach for extracting fuzzy if-then rules by
invoking SVM and FRBS in tandem. In order to test the validity and the effectiveness of
the proposed hybrid, we tested it against other classifiers such as DT, ANFIS and RBF and
hybrids such as SVM+DT, SVM+ANFIS and SVM+RBF. We used two benchmark
datasets viz., iris and wine, and three well-known bank bankruptcy datasets viz., Spanish
banks, Turkish banks and US banks to carry out the experiments. It is observed that the
hybrid classifier performs better or similar to the stand-alone classifiers on benchmark
datasets. The results obtained using bankruptcy prediction datasets indicate that the
proposed hybrid SVM+FRBS shows superior performance using Spanish and US bank
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datasets. For Turkish bank dataset SVM+RBF surpasses other classifiers in terms of
accuracy. The fidelity of SVM+FRBS is superior across banks compared to other
approaches. It is concluded that hybrid classifier yielded better classification accuracy and
comprehensible fuzzy rules compared to standalone classifiers. It is also observed that the
rules extracted also show the behaviour of the features towards bankruptcy prediction and

fuzzy rules improves the comprehensibility of the system.

42



Part 11

Pedagogical
Approach



Chapter 4

Rule Extraction from SVM using Feature
Selection for solving classification and
regression problems

This Chapter presents a pedagogical rule extraction approach proposed which uses SVM
as feature selection algorithm and using reduced feature set rules are extracted. With the
motivation in the first section, the proposed approach is presented in detail in next section.
Applications of the proposed approach for solving classification and regression problems
are discussed in the next section. Following section provides the detailed Results and

discussions. Final section concludes the chapter.

4.1 Motivation

In machine learning and statistics, feature selection is the technique of selecting a subset of
relevant features for building robust learning models. Feature selection eliminates
redundant and irrelevant features and helps improve the performance of learning models by
alleviating the effect of the curse of dimensionality. Further, it helps in enhancing
generalization capability of the systems under development. Feature selection speeds up
the learning process and improves model interpretability to higher level. Researchers
argued that support vectors represent the knowledge learnt by SVM during training.
During the present study we utilize feature selection aspect of SVM to represent the
knowledge learnt by SVM during training and argued that feature selection using SVM
also represents the knowledge learnt by SVM during training. It is also observed that rules
extracted using reduced feature are less in number and smaller in size, resulting in
improved comprehensibility of the system without compromising the accuracy of the
system. Classification and regression problems are solved using the proposed approach,
where DT, CART are used to generate rules for classification problems and CART, ANFIS
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and DENFIS are employed to generate rules for regression problems. Bankruptcy
prediction problems and benchmark regression problems are solved using the proposed
rule extraction approach.

4.2 Proposed Rule Extraction Approach

The proposed pedagogical rule extraction approach consists of three major steps. The first
two steps of the process are illustrated in Figure 4.1 and third step is shown in Figure 4.2.
1. Feature selection using SVM-RFE,
2. Building SVM/SVR models and

3. Rule generation.

4.2.1 Feature Selection using SVM-RFE

SVM-RFE (Recursive Feature Elimination) (Guyon, 2002) algorithm is employed for
feature selection purpose. Nested subsets of features are selected in a sequential backward
elimination manner, which starts with all the feature variables and removes one feature
variable at a time. At each step, the coefficients of the weight vector w of a linear SVM are
used to compute the feature ranking score. The feature say, the i feature with the smallest
ranking score c; = (W)? is eliminated, where w represents the corresponding component in
the weight vector w. Using ¢ = (w)? as the ranking criterion corresponds to removing the
feature whose removal changes the objective function the least. This objective function is
chosen to be J = % ||w||* in SVM-RFE. Appendix A presents a more detailed description of
SVM-RFE algorithm.

4.2.2 Building SVM/SVR Models

SVM and SVR models are developed for classification and regression tasks respectively.
Classification accuracy is the main driving element for developing the SVM model. The
predictive accuracy measured in terms of Root Mean Squared Error (RMSE) for regression
problems is the driving element to build SVR model. The developed models are then used
for predicting the target values of the training instances. The actual target values of the

training set are then replaced by the predictions of SVM/SVR models and a new modified
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training set Case-P dataset is obtained. Case-P dataset is modified training set with
corresponding predicted target values of the training instances where the predictions are
obtained using SVM/SVR models.

4.2.3 Rule Generation

During rule generation phase we analyzed Case-P dataset. Rules are generated using two
machine learning techniques viz. DT and CART and two soft computing techniques viz.
ANFIS and DENFIS. Rules are generated for each of the 10 folds in the 10-fold cross
validation method using 80% training data (see Section 1.7 in Chapter 1). Generated rules
are then tested against the validation set and the results are presented in Results and
discussions section as explained in section 1.7 of chapter 1. Prediction accuracy of the
rules is determined in terms of accuracy for classification problems and RMSE for

regression problems on

Training Data @

Training
(Reduced Features)

SVM/ SVR
\

Predictions of SVM/SVR

U A

Replace the target values of |
| the training instances by the |
predictions of the developed |
| svMm/sVR models |

e o o — — —————

validation set.

Figure 4.1: First Phase of the proposed hybrid (Predictions of SVM/SVR)
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Figure 4.2: Rule generation phase

Note: In the earlier study we used only support vectors i.e. Case-SA dataset, here in the
present study we used all the training data i.e. Case-P.

4.3 Problems Analyzed

We chose publicly available benchmark datasets such as iris and Wine, medical diagnosis
dataset i.e. Wisconsin Breast Cancer, bankruptcy prediction in banks datasets viz., Spanish
banks, Turkish banks, US banks and UK banks datasets as classification problems.
Classification datasets analysed in this research study are presented in Table 4.1.
Information about the classification datasets analyzed is presented in Appendix C. Table
4.2 presents the details of the division of the datasets into Training and Validation sets. For
regression analysis datasets are obtained from UCI machine learning repository

(http://archive.ics.uci.edu/ml/) and StatLib (http://lib.stat.cmu.edu/datasets/) repository.

Table 4.1: Classification dataset Information

Dataset Total instances | Features | # of Classes
IRIS 150 4 3
Wine 178 13 3
WBC 683 9 2

Spanish Banks 66 9 2
Turkish Banks 40 12 2
US Banks 129 5 2
UK Banks 60 10 2
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Table 4.2: Bankruptcy prediction dataset division into Training and Validation

Dataset | Eeatures Total instances Training (80%) Validation (20%)
# | Bankrupt | Healthy | # | Bankrupt | Healthy | # | Bankrupt | Healthy
Spanish 9 66 29 37 53 23 30 13 6 7
Turkish 12 40 18 22 32 14 18 8 4 4
uUsS 5 130 66 64 104 52 51 26 13 13
UK 10 60 30 30 48 24 24 12 6 6

The datasets viz., Auto MPG, Body Fat, Boston Housing, Forest Fires and Pollution are

used to evaluate the efficiency of the proposed approach for solving regression problems.

4.3.1 Auto MPG dataset

This dataset concerns city-cycle fuel consumption in miles per gallon. This dataset
contains 398 instances with eight features. This dataset is available in UCI machine
learning repository (Asuncion and Newman 2007). The features are described in Table C.5
in Appendix C.

4.3.2 Body Fat dataset
This dataset is obtained from StatLib repository http://lib.stat.cmu.edu. It estimates the

percentage of body fat determined by underwater weighing and various body
circumference measurements for 252 men (Penrose, Nelson and Fisher 1985). Its features

are described in Table C.6 in Appendix C.

4.3.3 Boston Housing dataset

This dataset is obtained from UCI machine learning repository (Asuncion and Newman
2007). It concerns housing values in suburbs of Boston and contains 506 instances with 17

features. Table C.7 in Appendix C presents the feature description.

4.3.4 Forest Fires dataset

This dataset is also obtained from UCI machine learning repository (Asuncion and
Newman, 2007). This is a difficult regression task where the aim is to predict the burned

area of forest in the northeast region of Portugal by using meteorological and other data.
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This dataset contains 517 instances with 13 features and the features information is
described in Table C.8 in Appendix C.

4.3.5 Pollution dataset
This dataset is obtained from StatLib repository http:/lib.stat.cmu.edu. This dataset

contains 60 instances with 16 features (McDonald and Schwing, 1973). Table C.9 in
Appendix C presents the description of features.

4.4 Results and Discussions

MATLAB is used for SVM/SVR and ANFIS algorithms. DENFIS is implemented under
the software package Neucom_Student (www.theneucom.com) and CART (Brieman et al.
1984) is implemented as a package available at (http://www.salford-systems.com/). The

results obtained using all the classification datasets with and without feature selection are
presented in Table 4.3 through Table 4.17. Results using regression data with full features
and with reduced features are tabulated in Table 4.18 through Table 4.27. 10-fold cross
validation is performed throughout the study, and the results obtained against the

validation set are presented here.

4.4.1 Classification Problems

DT and CART are employed to generate rules for solving classification problem. Table 4.3
presents the average results for iris data. It is observed that the proposed hybrid
SVM+CART using Case-P dataset obtained better accuracy of 94.67% which represents
the knowledge learnt by SVM. One rule for each class of iris flower is obtained. It is
observed that the corresponding hybrids SVM+DT and SVM+CART Yyielded slightly less
accuracy than that of stand-alone DT and CART, respectively. The rules extracted using
SVM+CART using Case-P dataset is presented in Table 4.4. It is also observed that
SVM+CART vyielded better results compared to SVM+DT hybrid. It is observed that
decompositional rule extraction approach presented in chapter 3 yielded 6 rules for iris
dataset (see Table 3.1 and Table 3.2 of Chapter 3) whereas in the present study only 3 rules

are extracted with acceptable decrease in the accuracy resulting in better
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comprehensibility. Considering accuracy of the system, it is observed that the approach
presented in Chapter 3 perform better than that of the approach presented in this Chapter.

Table 4.3: Average results obtained using IRIS data on validation set

Technique Accuracy
SVM 96.33
DT 93
SVM+DT (Case-P) 92
CART 95.33
SVM+CART (Case-P) 94.67

Table 4.4: Rule set extracted using SVM+CART (Case-P) for Iris data (all features)

Rule # Antecedents Class
1 If Petal-Length <= 2.45 Iris — Setosa
2 If Petal-Length > 2.45 and Petal-Width <= 1.75 | Iris — Versicolor
3 If Petal-Length > 2.45 and Petal-Width > 1.75 Iris — Virginica

Average results obtained using Wine dataset are presented in Table 4.5. It is observed that
using full featured data, SVM+CART vyielded 94.86% accuracy. Three different sets of
reduced features i.e. 7, 8 and 9 features are formed and the experiments are repeated again.
The most important features selected in wine datasets are Flavanoids, Proline, Color
Intensity, Alcohol, Hue, OD280/0OD315 of Diluted Wines, Malic Acid, Alcalinity of Ash
and Ash. It is observed from the empirical results that proposed approach with reduced
feature yielded more than 94% accuracy. Rules obtained from SVM+CART using Case-P
dataset with 8 features are presented in Table 4.6. It is observed from the Results and
discussions of Chapter 3 that the proposed decompositional approach yielded 14 rules
using wine dataset (see Table 3.1 and Table 3.3 of Chapter 3), whereas in the current study
the proposed pedagogical approach with reduced features yielded 4 rules only. Considering
accuracy of the system, the approach presented in this chapter yielded low accuracy

compared to the approach presented in Chapter 3.
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Table 4.5: Average results on Validation set using all and reduced features of Wine data

# Features Technique Accuracy
SVM 94.29
DT 94.83
- :t\tljlres SVM+DT (Case-P) 93.72
CART 98.86
SVM+CART (Case-P) 94.86
SVM 94.58
DT 95.71
7 SVM+DT (Case-P) 93.43
CART 99.14
SVM+CART (Case-P) 94
SVM 94.58
DT 95.71
8 SVM+DT (Case-P) 93.43
CART 99.14
SVM+CART (Case-P) 94.57
SVM 94.58
DT 95.71
9 SVM+DT (Case-P) 93.43
CART 99.14
SVM+CART (Case-P) 94.57

Table 4.6: Rule set extracted using SVM+CART (Case-P) for Wine data (8 features)

Rule # Antecedents Consequent

1 If Proline <= 842.5 and OD280/0D315 Of Diluted Wines <= B
2.125 and Alcalanity Of Ash <=18.25
9 If Proline <= 842.5 and OD280/0D315 Of Diluted Wines <= C
2.125 and Alcalanity Of Ash > 18.25
If Proline <= 842.5 and OD280/0D315 Of Diluted Wines >

2.125
4 If Proline > 842.5 A

Dealing with application problems like medical diagnosis and bankruptcy prediction,
sensitivity and specificity of the classifier is also calculated, where sensitivity is the
percentage of number of correctly classified bankrupt banks to the total number of
bankrupt banks and the specificity is the percentage of number of correctly classified non-

bankrupt banks to the total number of non-bankrupt banks. Receiver Operating
51



Characteristics (ROC) graph (Fawcett 2006) is to depict the trade-off between sensitivity
and false positive rates of classifiers. The idea behind area under Receiver Operating

Characteristics curve is that “bigger the area under curve, better the classifier is”.

Average results obtained using WBC dataset are presented in Table 4.7. It is observed that
the proposed hybrid SVM+CART using Case-P dataset outperformed other classifiers,
yielding 77.86% accuracy, 77.86% sensitivity, 76.67% specificity and AUC of 7726.5
considering all the features. The most important features selected are Uniformity of Cell
Size, Single Epithelial Cell Size, Bare Nuclei, Bland Chromatin, Mitoses and Uniformity of
Cell Shape. Using 5 most important features the hybrid SVM+CART using Case-P yielded
accuracy of 74.02%, sensitivity of 71.11%, specificity of 74.09% and AUC of 7260. It is
observed from the t-distribution values that the stand alone CART and other classifiers are
statistically not significant. Rules extracted using SVM+CART with 5 important features

are presented in Table 4.8.

Using AUC criteria the classifiers are compared with t-test at n;+n,-2=10+10-2=18
degrees of freedom the classifiers are compared at 10% level of significance. We tested if
the difference in performances is statistically significant. The value of t-test for 18 degrees
of freedom at 10% level of significance is 1.73. That means, if the t-test value between two
different classifiers is more than 1.73, then we can say that the difference between
techniques is statistically significant and otherwise not significant. Final column in the
results table presents the t-test values obtained considering AUC of the classifier tested.
The classifier selected as best is presented with hyphen. It is observed from t-test values
that our proposed hybrid approaches perform similar to the stand-alone classifiers. 4 rules
were extracted for normal cases and 3 rules were extracted for cancer cased. It is also

observed from the rules that only 3 rules for cancer cases yielded better sensitivity.
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Table 4.7: Average results on Validation set using all and reduced features of WBC data
# Features Technique Accuracy | Sensitivity | Specificity | AUC | t-test
SVM 79.476 79.48 71.11 7529.5
All DT 73.083 78 73.41 7570 | 0.2849
Features SVM+DT (Case-P) 77.444 77.44 72.73 7568.6 | 0.2686
CART 74.964 78 73.41 7570 | 0.2849
SVM+CART (Case-P) 77.86 77.86 76.67 7726.5 -
SVM 68.498 56.91 70.81 6386
DT 71.951 53.02 77.05 6503.5 | 1.4591
4 SVM+DT (Case-P) 72.987 52.55 77.49 6502 | 1.4788
CART 73.986 75.78 73.07 7442.5 -
SVM+CART (Case-P) | 73.983 70.91 75.34 7312.5 | 0.2055
SVM 66.691 54.32 67.02 6067
DT 71.579 52.18 75.57 6387.5 | 1.6445
5 SVM+DT (Case-P) 71.385 53.09 14.77 6393 | 1.6467
CART 74.061 75.56 73.30 7443 -
SVM+CART (Case-P) 74.02 71.11 74.09 7260 | 0.2894
SVM 69.325 61.68 70.11 6589.5
DT 70.978 50.36 75.80 6308 | 1.7758
6 SVM+DT (Case-P) 67.719 48.68 71.93 6030.5 | 2.2322
CART 73.76 76.67 72.27 7447 -
SVM+CART (Case-P) 72.5 70.67 74.32 7249.5 | 0.3142
Table 4.8: Rule set extracted using SVM+CART (Case-P) for WBC data (5 features)
R;Ie Antecedents Consequent
1 If Bland Chromatin <= 2.5 and Uniformity of Cell Size <= 1.5 and Bare Cancer
Nuclei <= 1.5 and Single Epithelial Cell Size <= 2.5
5 If Bland chromatin <= 2.5 and Uniformity of Cell Size <= 1.5 and Bare Normal
Nuclei <= 1.5 and Single Epithelial Cell Size > 2.5
If Bland chromatin <= 2.5 and Uniformity of Cell Size <= 1.5 and Bare
3 . Normal
Nuclei > 1.5
4 If Uniformity of Cell Size > 5.5 and Single Epithelial Cell Size <= 4.5 Normal
and Bland chromatin < 5.5
5 If Uniformity of Cell Size > 5.5 and Single Epithelial Cell Size <= 4.5 Cancer
and Bland chromatin > 5.5 and Bland chromatin <= 9.5
5 If Uniformity of Cell Size > 5.5 and Bland chromatin > 2.5 and Bland Normal
chromatin <= 9.5 and Single Epithelial Cell Size > 4.5
7 | If Uniformity of Cell Size > 5.5 and Bland chromatin > 9.5 Cancer
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Results obtained using Spanish banks data are presented in Table 4.9. Using Spanish banks
dataset it is observed from the results that the hybrids SYM+DT and SVM+CART using
Case-P perform better than their corresponding standalone DT and CART approaches
using. 6 most important feature selected are Reserves/Loans, Cost of Sales/Sales, Cash
Flows/Loans, Current Assets-Cash/Total Assets, Current Assets/Total Assets and Net
Income/Total Equity Capital. The proposed hybrid SVM+CART using Case-P with 6 most
important features yielded the best accuracy of 94.62% with 86.66% sensitivity, 100%
specificity and AUC of 9333. Table 4.10 presents the rules extracted from SVM+CART
using Case-P with 6 most important features. It is observed in the current study is that only
two rules are extracted which yielded 94.62% accuracy, whereas in the previous study (see
Chapter 3) the highest accuracy yielded was 92.31% only and the number of rules

extracted is 14.

Table 4.9: Average results using all and reduced features of Spanish banks data

# Features Technique Accuracy | Sensitivity | Specificity | AUC t-test
SVM 92.31 83.33 100 9166.5
All DT 85.39 68.34 100 8417 | 4.8229
Features SVM+DT (Case-P) 89.23 76.67 100 8833.5 | 2.0764
CART 91.54 83.33 98.18 9075.5 | 1.3816
SVM+CART (Case-P) 92.31 83.33 100 9166.5 -
SVM 87.69 76.67 96.37 8652
DT 86.16 70.00 100 8500 | 4.9195
4 SVM+DT (Case-P) 86.16 81.67 92.86 8726.5 | 2.1755
CART 91.54 81.66 100 9083 | 0.7171
SVM+CART (Case-P) 92.31 83.33 100 9166.5 -
SVM 86.09 73.33 96.37 8485
DT 86.16 70.00 100 8500 | 4.9195
5 SVM+DT (Case-P) 92.31 83.33 100 9166.5 0
CART 91.54 81.66 100 9083 | 0.7171
SVM+CART (Case-P) 92.31 83.33 100 9166.5 -
SVM 92.31 83.33 100 9166.5
DT 86.16 70.00 100 8500 5.46
6 SVM+DT (Case-P) 92.31 83.33 100 9166.5 1.51
CART 91.54 81.66 100 9083 1.81
SVM+CART (Case-P) 94.62 86.66 100 9333 -
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It is observed that feature selection using SVM-RFE not only improves the accuracy of the
system but also yields less number of rules resulting in high comprehensibility. Based on t-
test value it is observed that our proposed approach turned out to be statistically significant
and yielded the best accuracy as well.

Table 4.10: Rule set extracted using SVM+CART (Case-P)
for Spanish banks data (6 features)

Rule # Antecedents Consequent
1 if CS/S <=0.89835 Non-Bankrupt
2 if CS/S > 0.89835 Bankrupt

Table 4.11 presents the results obtained using Turkish banks dataset. It is observed from
the results that the hybrid SVM+DT using Case-P dataset with full features yielded best
results among the hybrids extracting rules. The proposed hybrid SVM+DT with full
features yielded 86.25% accuracy, 72.5% sensitivity, 100% specificity and 8625 AUC.
The most important 8 selected features are Interest Expenses/Average Profitable Assets,
(Share Holders’ Equity + Total Income)/(Deposits + Non-Deposit Funds), Interest
Income/Interest Expenses, (Share Holders’ Equity + Total Income)/Total Assets,
Networking Capital/Total Assets, Interest Expenses/Total Expenses, Interest
Expenses/Average Non-Profitable Assets and (Share Holders’ Equity + Total
Income)/(Total Assets + Contingencies and Commitments). It is observed based on the t-

test values obtained is that the classifiers behave similarly i.e. statistically not significant.

Table 4.12 shows the rule set extracted using the hybrid SVM+DT using Case-P
considering 8 most important features. It observed that number of rules extracted is very
low, only 2 rules are extracted for bankrupt banks yielding the sensitivity of 62.5%. It is
observed that the proposed approach in Chapter 3 yielded 100% accuracy whereas in this
study the proposed approach yielded highest accuracy of 86.25% only. As Turkish dataset
is smallest in this category, no much difference is observed between rules extracted in

Chapter 3 and rules extracted in current study in this chapter.
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Table 4.11: Average results using all and reduced features of Turkish banks data

# Features Technique Accuracy | Sensitivity | Specificity | AUC t-test
SVM 86.25 82.5 90 8625
DT 86.25 72.5 100 8625 | 0.2898
All Features SVM+DT (Case-P) 86.25 72.5 100 8625 | 0.4114
CART 88.75 72.5 100 8625 -
SVM+CART (Case-P) 85 75 87.5 8125 | 2.1302
SVM 87.5 75 100 8750
DT 85 72.5 100 8625 | 0.2898
6 SVM+DT (Case-P) 80 65 95 8000 | 2.5797
CART 87.5 75 100 8750 -
SVM+CART (Case-P) 78.75 65 95 8000 | 2.2043
SVM 81.25 70 92.5 8125
DT 90 77.5 100 8875 -
7 SVM+DT (Case-P) 73.75 52.5 100 7625 3.1924
CART 87.5 75 100 8750 | 0.3349
SVM+CART (Case-P) 76.25 52.5 100 7625 | 3.1924
SVM 87.5 75 100 8750
DT 81.25 62.5 100 8125 1.6214
8 SVM+DT (Case-P) 81.25 65 97.5 8125 1.8246
CART 87.5 75 100 8750 -
SVM+CART (Case-P) 80 62.5 97.5 8000 | 2.2043

Table 4.12: Rule set extracted using SVM+DT (Case-P)
for Turkish banks data (8 features)

Rule # Antecedents Consequent
1 If NC/TA<=-3.2 Bankrupt
2 If NC/TA >-3.2 and Il/IE > 143.9 Non-Bankrupt
3 If NC/TA >-3.2 and II/IE <= 143.9 Bankrupt

As the features available for US banks data are 5 only, we did not employ feature selection
for this dataset. Instead Case-P dataset is analyzed during the study in this chapter.
Average results obtained using US banks data are presented in Table 4.13. It is observed
from the empirical results that the proposed hybrid SVM+CART using Case-P dataset
yielded 91.92% accuracy, 94.62 sensitivity, 86.93% specificity and 9077.2 AUC. It is
observed that using Case-SA dataset (see Chapter 3) the number of rules extracted are more
but yielded better accuracy of 96.15% whereas despite extracting less rules the proposed

approach in the current study did not yield better accuracy. The rules extracted from the
56




hybrid SVM+CART using Case-P are presented in Table 4.14. The t-test values indicate

that the difference in the classifiers is statistically insignificant i.e. classifiers performed

similarly.
Table 4.13: Average results of US banks dataset on Validation set
Technique Accuracy | Sensitivity | Specificity | AUC t-test
SVM 93.46 95.39 91.54 9346.15
DT 92.31 94.62 90.00 9231 0
SVM+DT (Case-P) 91.15 94.62 86.93 9077.2 | 0.912
CART 92.31 94.62 90.00 9231 -
SVM+CART (Case-P) 91.92 94.62 86.93 9077.2 | 0.912
Table 4.14: Rule set extracted using SVM+CART (Case-P)
for US banks data (all features)
Rule # Antecedents Consequent
1 if RE/TA <=0.2537 and ME/TA <= 0.5483 Bankrupt
2 if ME/TA > 0.5483 and RE/TA <= 0.1478 and EIT/TA <= 0.1649 Bankrupt
3 if ME/TA > 0.5483 and RE/TA <= 0.1478 and EIT/TA > 0.1649 Non-Bankrupt
4 if ME/TA > 0.5483 and RE/TA > 0.1478 and RE/TA <= 0.2537 Non-Bankrupt
5 if RE/TA >0.2537 and EIT/TA <=-0.00145 Bankrupt
6 if RE/TA >0.2537 and EIT/TA >-0.00145 Non-Bankrupt

Table 4.15 presents the average results obtained using UK bank dataset. It is observed
from the results that the proposed hybrid SVM+CART using all features yielded 72.5%
accuracy with 70% sensitivity, 73.33% specificity and 7166.8 AUC. t-test statistics

indicate that all the classifiers tested using UK banks data are statistically insignificant, i.e.

every classifier is performing similar.
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Table 4.15: Average results on Validation using all and reduced features of UK banks data

# Features Technique Accuracy | Sensitivity | Specificity | AUC t-test
SVM 76.66 73.33 80 7666.5
DT 73.33 73.33 71.67 7250 -
All Features | SVM+DT (Case-P) 70 70 70 7000 | 0.3367
CART 73.33 60 80 7000 |0.3141
SVM+CART (Case-P) 72.5 70 73.33 7166.8 | 0.1121
SVM 66.67 63.34 70 6667
DT 60 63.33 65 6416.5 | 0.9854
5 SVM+DT (Case-P) 66.67 55 68.33 6166.5 | 1.4244
CART 72.5 65 80 7250 -
SVM+CART (Case-P) 65 55 70 6250 | 1.2836
SVM 65.83 63.34 68.34 6584
DT 66.67 60 81.66 7083 | 0.1085
6 SVM+DT (Case-P) 64.16 63.33 65 6416.5 | 0.9451
CART 71.97 63.33 80 7166.5 -
SVM+CART (Case-P) 66.15 55 73.33 6416.5 | 0.9898
SVM 65.83 60 71.67 6583.5
DT 69.17 63.34 75 6917 | 0.3222
7 SVM+DT (Case-P) 68.53 55 75 6500 | 0.7763
CART 71.67 63.33 80 7166.5 -
SVM+CART (Case-P) 70.84 65 73.33 6916.5 | 0.3219

The most important 7 selected features for UK bank data are Current Assets-Stock/Current

Liabilities, LAG(Number of days between account year end and the date of annual report),

Funds Flow/Total Liabilities, Current Assets-Current Liabilities/Total Assets, Current

Assets/Current Liabilities, Current Liabilities/Total Assets and Sales. Using reduced
feature set data it is observed that the hybrid SVM+CART using Case-P with 7 most

important features obtained the accuracy of 70.84%, sensitivity of 65%, specificity of
73.33% and AUC of 6916.5. It is observed that less number of rules is extracted using

reduced feature data without losing much accuracy of the system. Rules extracted using the

reduced set of features is presented in Table 4.16.
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Table 4.16: Rule set extracted using SVM+CART (Case-P)
for UK banks data (6 features)

Rule # Antecedents Consequent
1 if LAG <=264.5 Non-Bankrupt
2 if LAG > 264.5 and CA-S/CL <=1.01755 Bankrupt
3 if LAG > 264.5 and CA-S/CL > 1.01755 Non-Bankrupt

A rule set is considered to display a high level of fidelity if it can mimic the behaviour of
the machine learning technique from which it was extracted i.e. SVM in our study.
Average fidelity obtained is presented in Table 4.17 below. It is observed based on the
fidelity that our proposed approaches behave more than 97% exactly like SVM for all the
classification problems tested in this study. It is also observed that the proposed hybrid

approach yielded high fidelity for classification problems with reduced features.

Table 4.17: Average Fidelity of SVM+DT and SVM+CART hybrids

Dataset (# features) | SVM+DT | SVM+CART
Iris (all) 99.26 98.5
Spanish (all) 97.9 98.95
Spanish (4) 89.53 96.67
Spanish (5) 97.92 98.31
Spanish (6) 97.71 98.31
Turkish (all) 96.92 98.62
Turkish (6) 98.26 98.91
Turkish (7) 97.59 100
Turkish (8) 97.22 98.57
UK (all) 97.5 95.81
UK (5) 96.95 96.72
UK (6) 97.4 97.17
UK (7) 97.22 97.96
US (all) 98.27 96.43
WABC (all) 95.5 93.09
WBC (4) 96.06 94.44
WBC (5) 95.7 94.14
WBC (6) 95.98 93.86
Wine (all) 98.15 99.75
Wine (7) 98.61 98.98
Wine (8) 98.45 99.22
Wine (9) 98.45 99.22
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At this juncture, it is worthwhile to compare the results of the present study with that of the
study presented in Chapter 3. In Chapter 3 we presented a decompositional rule extraction
approach from SVM, where fuzzy rules are extracted and applied to bankruptcy prediction
in banks. In the present study we employed SVM-RFE for feature selection and proposed a
pedagogical rule extraction approach whereas the study in Chapter 3 does not employ any
feature selection algorithm. It is observed that more number of fuzzy rules are extracted
using full feature data compared to that of the rules extracted using reduced features data.
The fidelity yielded by the proposed hybrid approach with reduced features in this study is
higher than that of the fidelity obtained using all features (see Table 3.12 of Chapter 3).

4.4.2 Regression Problems

The datasets considered for regression analysis are Auto mpg, Body fat, Boston housing,
Forest fires and Pollution. Dealing with regression problems CART, ANFIS and DENFIS
are used for rule generation purpose. The accuracy of the rules on a test and validation
dataset for prediction problems is measured in terms of the Root Mean Squared Error
(RMSE). Subset of features is selected using SVM-RFE (Guyon et al. 2002) and the
efficiency of the selected features is evaluated using the rules extracted. Rules are extracted
using CART, ANFIS and DENFIS using Case-P dataset resulting in the hybrids
SVR+CART, SVR+ANFIS and SVR+DENFIS.

Table 4.18 shows the average RMSE obtained using Auto MPG dataset with all features
and with reduced features as well. The most important 4 important feature selected are
Displacement, Weight, Model year and Origin. It is observed that the hybrid SVR+CART,
SVR+ANFIS and SVR+DENFIS using Case-P performed better than their corresponding
stand alone techniques. Looking at the overall results it is observed that SVR+CART using
Case-P with 3 features yielded best prediction accuracy with RMSE value of 0.0153 where
as the SVR+CART using Case-P with all the features yielded RMSE of 0.0235. Sample
rules extracted using 3 features of Auto MPG data are presented in Table 4.19 and total

rules extracted are presented in Table D.2 in Appendix D.
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Table 4.18: Average RMSE obtained using all and reduced features of Auto MPG dataset

# SVR CART SVR+CART ANEIS SVR+ANFIS DENEIS SVR+DENFIS
features Case-P Case-P Case-P
All 0.0109 | 0.0484 0.0235 0.1607 0.1207 0.3134 0.107
3 0.01226 | 0.04769 0.0153 0.1009 0.1109 0.0973 0.1112
4 0.01167 | 0.04767 0.01751 0.1138 0.108 0.253 0.1998
Table 4.19: Sample Rule set extracted using SVR+CART (Case-P)
for Auto MPG dataset (3 features)
R;Ie Antecedents Prediction
If Displacement <= 0.114987 and Model Layer <= 0.625 and
1| Weight <= 0.12617 0.55459
If Displacement <= 0.114987 and Model Layer <= 0.625 and
2| Weight > 012617 0.486769
If Displacement <= 0.114987 and Model Layer > 0.625 and
3| Weight <= 0.147292 0.64483

Average RMSE obtained using Body fat data is presented in Table 4.20. The RMSE
obtained using the hybrid SVR+DENFIS using Case-P with all the features is 0.0085. The

7 most important subsets of the features selected are Density determined from underwater

weighing, Weight (Ibs), Height (inches), Hip circumference (cm), Knee circumference

(cm), Neck circumference (cm), Abdomen 2 circumference (cm), Chest circumference (cm),

Biceps (extended) circumference (cm). It is observed from the results obtained that the

hybrid SVR+DENFIS using Case-P with 5 most important features outperforms other

classifiers yielding RMSE 0.0045. It is observed that number of rules extracted using

reduced feature data is less than that of using full feature data. Rules extracted from the

hybrid SVR+DENFIS using Case-P with 5 features are presented in Table 4.21.

Table 4.20: Average RMSE obtained using all and reduced features of Body fat dataset

# SVR CART SVR+CART ANEIS SVR+ANFIS DENEIS SVR+DENFIS
features Case-P Case-P Case-P
All 0.00014 | 0.0134 0.0163 0.057 0.0137 0.0311 0.0085
5 0.000026 | 0.1288 0.01505 0.0146 0.0052 0.0037 0.0045
7 0.000032 | 0.01337 0.02535 0.0138 0.0058 0.0042 0.0051
9 0.000039 | 0.01342 0.01514 0.0221 0.0061 0.0961 0.0054
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Table 4.21: Rule set extracted using SVR+DENFIS (Case-P)
for Body Fat dataset (5 features)

Rule Antecedents Prediction
If DEN is GMF(0.50, 0.67) and W is GMF(0.50, 0.21) and H is GMF(0.50,
0.75) and HC is GMF(0.50, 0.21) and KC is GMF(0.50, 0.40) Y =2.04
If DEN is GMF(0.50, 0.28) and W is GMF(0.50, 0.37) and H is GMF(0.50, | -1.04*DEN
0.05) and HC is GMF(0.50, 0.49) and KC is GMF(0.50, 0.58) +0.00*W
If DEN is GMF(0.50, 0.26) and W is GMF(0.50, 0.58) and H is GMF(0.50, | -0.03*H
0.79) and HC is GMF(0.50, 0.63) and KC is GMF(0.50, 0.42) +0.00*HC
If DEN is GMF(0.50, 0.25) and W is GMF(0.50, 0.95) and H is GMF(0.50, | -0.03*KC
0.86) and HC is GMF(0.50, 0.95) and KC is GMF(0.50, 0.95)

* GMF(x, y) indicates Gaussian Membership function with mean x and variance y.

Average results obtained using Boston Housing data are presented in Table 4.22. It is
observed from the results that the hybrid SVR+CART using Case-P, considering all the
features obtained the best RMSE of 0.0216. The 9 most important features selected are ZN:
proportion of residential land zoned for lots over 25,000 sg.ft., RM: average number of
rooms per dwelling, DIS: weighted distances to five Boston employment centres,
PTRATIO: pupil-teacher ratio by town, LSTAT: % lower status of the population, TAX:
full-value property-tax rate per $10,000, B: 1000(Bk - 0.63)"2 where Bk is the proportion
of blacks by town, RAD: index of accessibility to radial highways and NOX: nitric oxides
concentration (parts per 10 million). Using 5 most important features the RMSE obtained
by SVM+CART using Case-P dataset is 0.0352. Sample rules extracted using
SVR+CART with Case-P dataset with all features are presented in Table 4.23 and the

actual rules extracted are presented in Table D.3 in Appendix D.

Table 4.22: Average RMSE obtained using all and reduced features
of Boston Housing dataset

All 0.0101 | 0.0656 0.0216 0.5636 0.1068 1.1477 0.0198
5 0.0116 | 0.0645 0.0352 0.0943 0.108 0.4619 0.1092
7 0.0103 | 0.0603 0.0573 0.0902 0.1024 0.1171 0.1034
9 0.0091 | 0.0511 0.0363 0.1347 0.0982 0.1443 0.1319
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Table 4.23: Sample Rule set extracted using SVR+CART (Case-P)

for Boston Housing dataset (all features)

Rule

4 Antecedents Predictions
1 If PTRATIO <=0.75 and RM <= 0.55 and LSTAT <= 0.158527 0.460798
2 (I)f.;I'RATIO <=0.75and RM <= 0.55 and LSTAT > 0.16 and LSTAT <= 0.407351
3 | IFLSTAT <=0.27 and PTRATIO <= 0.75and RM > 0.55and RM <= 0.62 | 0.494458

Table 4.24 presents the prediction accuracies obtained using Forest fires data, with and

without feature selection. It is observed from the obtained prediction accuracies that the

hybrid using Case-P performs better than their corresponding stand-alone techniques.

Using Forest fires dataset 8 most important feature subsets are extracted viz., X - x-axis

spatial coordinate within the Montesinho park map: 1 to 9, Month, DC - Drought Code,

RH - relative humidity, wind - wind speed in km/h, rain - outside rain in mm/m2, day and

ISI - Initial Spread Index. SVR+CART hybrid using Case-P dataset outperform all other

techniques tested with 7 most important features and obtained RMSE of 0.0005. Sample

rules extracted using the hybrid SVR+CART using Case-P dataset with 7 most important

features are presented in Table 4.25 and total rules are presented in Table D.4 in Appendix

D.

Table 4.24: Average RMSE obtained using all and reduced features of Forest Fires dataset

# + + +

All 0.0001 0.0418 0.00058 0.3462 0.0097 0.2513 0.0097
6 0.000096 | 0.0537 0.0006 0.0359 0.0098 0.0186 0.0098
7 0.000096 | 0.1028 0.0005 0.1785 0.0099 0.0197 0.0099
8 0.000183 | 0.0522 0.00067 0.3825 0.0105 0.0206 0.0099
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Table 4.25: Sample Rule set extracted using SVR+CART (Case-P)
for Forest Fires dataset (7 features)

R;Ie Antecedents Prediction
1 If X-Axis <= 0.6875 and Month <= 0.681818 and Wind <= 0.077778 0.00328504
9 If Month <= 0.681818 and X-Axis <= 0.1875 and RH <= 0.705882 and 0.00267747
Wind > 0.077778 and Wind <= 0.677778 and DC <= 0.111528 '
If Month <= 0.681818 and X-Axis <= 0.1875 and Wind > 0.077778 and

3 | Wind <=0.677778 and DC > 0.111528 and DC <= 0.755365 and RH <= 0.00300294
0.329412 and Day <= 0.0833335

4 If Month <= 0.681818 and X-Axis <= 0.1875 and Wind > 0.078 and Wind 0.00287374
<=0.68 and RH <=0.33 and Day > 0.08 and DC > 0.11 and DC <= 0.69 '

Average RMSEs obtained using pollution dataset is presented in Table 4.26. The selected 9
most important feature are JANT Average January temperature in degrees F, JULT
Average July temperature in degrees F, EDUC Median school years completed by those
over 22, NONW % non-white population in urbanized areas, 1960, POOR % of families
with income<$3000, HC Relative hydrocarbon pollution potential, NOX Same for nitric
oxides, PREC Average annual precipitation in inches, POPN Average household size,
HOUS % of housing units which are sound and with all facilities and DENS Population
per sq. mile in urbanized areas, 1960 in order of their importance. It is observed that the
hybrids SVR+CART, SVR+ANFIS and SVR+DENFIS using Case-P performed better
than their corresponding standalone CART, ANFIS and DENFIS using all features and
reduced features as well. Best prediction accuracy is obtained by SVR+CART using Case-
P with all the features i.e. RMSE of 0.039. Rules extracted using the hybrid SVR+CART

with all the features are presented in Table 4.27.

Table 4.26: Average RMSE obtained using all and reduced features of Pollution dataset

All 0.006 | 0.1127 0.0399 0.1034 0.0946 0.1395 0.077
7 0.00931 | 0.1198 0.0492 0.3444 0.0929 0.0878 0.0962
9 0.00138 | 0.1022 0.0769 0.1689 0.1193 0.0987 0.0906
11 0.0021 | 0.1013 0.0911 0.1144 0.0984 0.0796 0.0899
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Table 4.27: Rule set extracted using SVR+CART (Case-P)
for Pollution dataset (all features)

Rule # Antecedents Prediction

If NONW <= 0.401857 and EDUC <= 0.893939 and
L | Hous <=0.468619 0611489

If NONW <= 0.401857 and EDUC <= 0.893939 and

2 | HOUS > 0.468619 0.464645
3 | IfNONW <= 0.401857 and EDUC > 0.893939 0.300484
4 | IFNONW > 0.401857 0.655993

4.4.3 Overall observations

For classification problems, it is observed that using iris and wine data the hybrids
SVM+CART using Case-P dataset yielded better accuracy compared to the hybrid
SVM+DT. For Spanish banks data, the hybrid SVM+CART using Case-P dataset performs
the best. Using UK banks data and WBC data, it is observed that the hybrid SVM+CART
using Case-P performs best when all the features are considered. It is observed that
reduced feature data helps in extracting smaller rules and less number of rules without
compromising the prediction accuracy of the system. It is observed from the results
obtained for regression problems that the hybrids SVM+CART, SVM+ANFIS and
SVSM+DENFIS using Case-P outperform their corresponding stand-alone CART, ANFIS

and DENFIS using all features and reduced features as well.

4.5 Conclusions

In this chapter a pedagogical rule extraction method is presented. Feature selection using
SVM-RFE is employed and reduced feature data is then used for rule generation purpose.
DT and CART are employed for extracting rules to solve classification problems whereas
CART, ANFIS and DENFIS are employed to extract rules to solve regression problems.
For classification problems, mixed results are obtained where without much compromise
to accuracy comprehensibility of the system is achieved. For benchmark problem like iris,
wine it is observed that the hybrid rule extraction performed equally well with SVM. For
Spanish bank dataset it is the hybrid SVM+CART using Case-P dataset performed the
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best. When all the features are considered it is the hybrid SVM+CART using Case-P
performed best for UK banks data and WBC data. AUC of the classifiers are considered to
calculate t-test values, it is observed based on t-test values that our proposed hybrids are
statistically insignificant compared with the best classifier. It is concluded that the
proposed approach mimic the behaviour of SVM model more than 97% correctly for all
classification problems analyzed in the present study. It is concluded from regression
results that the proposed hybrids SVM+CART, SVM+ANFIS and SVM+DENFIS using
Case-P obtained the best prediction accuracy compared to their corresponding stand-alone
CART, ANFIS and DENFIS using all features and with reduced feature set as well.

Using the predictions of SVM/SVR for rule generation we ensure that these rules actually
mimic the behaviour of trained SVM/SVR models. The following conclusions are made

from the current work.

= Using SVM-RFE for feature selection improves the prediction accuracy for
classification and regression problems.

= Less number of rules is generated using the reduced set of features without
compromising the accuracy of the model.

= The antecedents per rule also become less while improving the accuracy.

= The proposed hybrid approach always performs better than the corresponding

stand-alone approaches tested, specifically for regression analysis.
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Part 111

Eclectic/
Hybrid
Approach



Chapter 5

Rule Extraction from SVM for Data Mining
on Unbalanced Datasets

This Chapter presents an eclectic rule extraction technique which analyzes medium scale
unbalanced dataset pertaining to finance. At the outset the motivation for the proposed
approach is presented. Introduction to customer relationship management (CRM) is then
presented and literature of churn prediction problem is reviewed in the next section.
Subsequent section presents the proposed approach in detail. The proposed approach can
also be considered as an application of analytical CRM. Fourth section provides the details
about the literature to deal with unbalanced datasets. Dataset description and Results and

discussions is presented in the following sections. Final section concludes the chapter.

5.1 Motivation

It is observed that rule extraction from SVM has been successfully applied for small scale
and balanced problems. On the other hand SVM has shown superior performance dealing
with large and unbalanced datasets. No rule extraction approach is reported in literature for
analyzing medium scale and unbalanced datasets. Further, NBTree (Naive Bayes Tree)
algorithm was never employed to generate rules from SVM. In many finance applications
it is observed that all or more than 90% of the data belong to one class and very few
instances are available for the other class usually the most important class and objective of
the study. It is observed that the standard intelligent algorithms are biased towards majority
class and ignore minority class data. This chapter presents an eclectic rule extraction
technique which analyzes medium scale and highly unbalanced dataset i.e. churn
prediction in bank credit card customers. The objective of the study is to discover about-
to-churn bank credit card customers. It is of high importance to know in advance about

such customers and take proper steps to retain them. Hence, rule extraction for solving
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churn prediction problems provides better understanding about the customer needs and
behaviour. Rules extracted using SVM for churn prediction problem can also be used as an
early warning system that alerts the management about “about-to-churn” customers’
behaviour. This is a very important application of analytical Customer Relationship
Management (CRM) in finance.

5.2 Customer Relationship Management (CRM)

CRM is a process or methodology used to learn more about customers’ need and
behaviours in order to develop stronger relationship with them. CRM involves the
continuous use of refined information about current and potential customers in order to
anticipate and respond to their needs and draws on a combination of business process and
Information Technology to discover the knowledge about the customers and answer
questions like, “who are the customers?”, “what do they do?” and “what do they like?”.
Therefore the effective management of information and knowledge is central and critical to
the concept of CRM for;

e Product tailoring and service innovation (web-sites tailored to customer needs, taste
experience and the development of mass customisation)

e Providing a single and consolidated view of the customer

e Calculating the lifetime value of the customer

e Designing and developing personalized transactions

e Multichannel based communication with the customer

e Cross-selling/up-selling various products to customers

Various definitions of CRM put emphasis on different perspectives. CRM’s technological
perspective was stressed in (Yuan and Chang, 2001; Peppers and Rogers, 1995; Shaw et
al., 2001; Verhof and Donkers, 2001), its knowledge management perspective was
emphasized in (Massey, Montoya-weins and Holcom, 2001) and its business re-

engineering and continuous improvement perspective was presented in (Anton, 1996).

We can think about CRM at three levels, Strategic, Analytical and Collaborative.
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Strategic CRM: It is focused on development of a customer-centric business culture.
Product, production and selling are the three major business orientations identified by
Kotler (Kotler, 2000).

Analytical CRM: Analytical CRM builds on the foundation of customer information.
Customers’ data may be found in enterprise wide repositories, sales data (purchasing
history), financial data (payment history and credit score), marketing data (campaign
response, loyalty scheme data) and service data. With the application of Data Mining, the
bank/service organisation can then analyze this data and intelligent analysis provides
answers to questions, such as, “who are our most valuable customers?”, “which customer
have the highest propensity to switch to competitors?”, “which customers would be most

likely to respond to particular offer?” and so on.

Collaborative CRM: Staff members from different departments can share information
collected when interacting with customers. Collaborative CRM's ultimate goal is to use
information collected by all departments to improve the quality of services provided by the

company (Edward 2007).

Churn prediction problem is an analytical CRM application and using rules extracted from
SVM service providers can get transparent and efficient insight about their customers and

can make better policies to retain existing customers.

5.3 Churn Prediction Problem

Over the decade and half, the number of customers with banks and financial companies is
increasing by the day and this has made the banks conscious of the quality of the services
they offer. The phenomenon, called ‘churn’ i.e. shifting loyalties from one service provider
to another occurs due to reasons such as availability of latest technology, customer-friendly
bank staff, low interest rates, proximity of geographical location, varied services offered,
etc. Hence, there is a pressing need to develop models that can predict which existing

‘loyal’ customer is going to churn out or attrite in near future.
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Service organisations need to be proactive in understanding the customers’ current
satisfaction levels before they attrite (Bolton, 1998). Research indicates that the online
bank customers are less price-conscious than traditional bank customers with less
probability of churning out (Mols, 1998). Targeting customers on the basis of their
(changing) purchase behaviour could help the organisations do better business and loyalty
reward programmes helps the organizations build stronger relationships with customers
(Bolton et al. 2000).

In the financial services industry two “critical” churn periods are identified (Lariviére, and
Van den Poel, 2004), the first period is the early years after becoming a customer and the
second period is after being a customer for some 20 years. A comparative study on
Logistic Regression and Neural Network for subscriber data of a major wireless carrier is
carried out (Mozer et al., 2000) and it is concluded that using sophisticated neural net $93
could be saved per subscriber.

Machine learning techniques such as Multilayer Perceptron, Hopfield Neural network, Self
Organising Map (Smith and Gupta, 2000), Decision Tree (Richeldi and Perrucci 2002;
Euler, 2005; Chu, Tsai and Ho, 2007; Wezel and Potharst, 2007; Yuan and Chang, 2001;
Wang et al., 2009), Multivariate Regression Analysis (Bloemer, Ruyter and Peeters, 1998),
Multilayer perceptron, C4.5 decision trees, hierarchical neuro-fuzzy systems and a data
mining tool named rule evolver based on genetic algorithms (GAs) (Ferreira et al., 2004),
logistic regression and random forest (Buckinx, and Van den Poel, 2005; Mutanen, 2006;
Neslin et al., 2006; Hung, Yen, and Wang, 2006; Xie et al., 2009), emergent self-
organising feature maps (ESOM) (Ultsch, 2002), Neural Networks (Mozer et al. 2000),
SVM (Coussement and Van den Poel 2008; Zhao and Xing-hua 2008; Huang et al. 2010),
one-class SVM (Zhao et al. 2005), SVM-RFE (Cao and Shao 2008), hybridization of
neural network with genetic algorithms (Hadden et al., 2007; Pendharkar, 2009), ensemble
with majority voting (Kumar and Ravi 2008), Hybrid Neural Networks (Tsai, and Lu,
2009) and Generalized Additive Models (Coussement et al., 2009) are employed to solve
churn prediction problems. Glady, Baesens, and Croux (2009) proposed a churn prediction

model using customer life time value (CLV), which is defined as the discounted value of
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future marginal earning, based on customers’ activity. Hu (2005) presented a comparative
study of different machine learning algorithms. According to (Lemon, While, and Winer,
2002), “the trend in marketing towards building relationships with customers continues to
grow and marketers have become increasingly interested in retaining customers over the
long run”. Hyung-Su and Young-Gul (2009) suggested a performance measurement

framework called CRM score card to diagnose and asses a firm’s CRM practice.

Churn prediction problem is one of the most important applications of analytical CRM in
finance. Banks would be interested to know their about-to-churn customers and the
proposed rule extraction approach do not only provide better predictions but also
comprehensibility of the system is improved. Feature selection using SVM-RFE algorithm
in the first phase reduces the dimensionality of the data by yielding the key features in the
data. Thus, less number of rules and smaller rules is extracted resulting in the improvement
of the comprehensibility of the system to the user. During the research study in this
chapter, various balancing techniques are employed such as, random undersampling,

random oversampling, SMOTE to balance the dataset.

5.4 Proposed Eclectic Rule Extraction Approach

Churn prediction in bank credit card customers’ problem is solved using the proposed
approach. The churn prediction dataset is highly unbalanced with 93:7 class distributions
where 93% of the samples are available for loyal customers and only 7% of the data is
available to learn about churn customers. The churn prediction dataset is obtained from
Chile in 2004, information about the dataset features is presented in Table C.10 in
Appendix C. Balancing techniques such as, SMOTE, random undersampling, random
oversampling and combined undersampling and oversampling are employed. The
efficiency of SVM for feature selection and rule extraction from SVM using unbalanced
and balanced data is analyzed. Extracting support vectors and feature selection using SVM
in tandem results in vertically and horizontally reduced data. This newly generated data is

then used for rule generation.
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The proposed hybrid approach is composed of three phases and is depicted in Figure 5.1.
1. Feature selection using SVM-RFE.
Support vector extraction using SVM.
Rule generation using NBTree.

5.4.1 Feature Selection using SVM-RFE

SVM-RFE (Recursive Feature Elimination) (Guyon, 2002) algorithm is employed for
feature selection purpose. Nested subsets of features are selected in a sequential backward
elimination manner, which starts with all the features variables and removes one feature
variable at a time. At each step, the coefficients of the weight vector w of a linear SVM are
used to compute the feature ranking score. The feature say, the i feature with the smallest
ranking score c; = (W)? is eliminated, where w represents the corresponding component in
the weight vector w. Using ¢ = (w)? as the ranking criterion corresponds to removing the
feature whose removal changes the objective function the least. This objective function is
chosen to be J = % ||w|* in SVM-RFE.

5.4.2 Support Vector Extraction using SVM

Dealing with churn prediction data, sensitivity of the classifier is considered the most
important factor for developing the SVM model and for extracting support vectors. Later,
the corresponding actual target values of support vectors are replaced by the predicted
target values of SVM, resulting in Case-SP dataset whereas support vectors with
corresponding actual target values is called Case-SA dataset. For comparative study, the
corresponding actual target values of training instances are also replaced by the predictions
of SVM model, resulting in Case-P dataset. By using the newly generated Case-P and
Case-SP we ensure that the rules extracted actually represent the knowledge learnt by the
SVM.

5.4.3 Rule Generation using NBTree

NBtree (Kohavi, 1996) is employed for rule generation purpose. It attempts to utilize the
advantages of both decision trees (i.e. segmentation) and naive bayes (evidence
accumulation from multiple features). A decision tree is built with univariate splits at each

node, but with Navie-Bayes classifiers at the leaves instead of the predictions for single
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class. It is concluded that NBTree’s induction process is useful for larger datasets (Kohavi,
1996). Rules are generated under 10-fold cross validation method of testing and the
generated rules are later tested against the validation set.
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Figure 5.1: Rule extraction using selected features of data

Note. Case - P: training set with corresponding Predicted target values.
Case - SA: Support vectors with corresponding Actual target values.
Case - SP: Support vectors with corresponding Predicted target values.

5.5 Dataset Description

The churn prediction dataset is obtained from a Latin American Bank that suffered from an

increasing number of churns with respect to their credit card customers and decided to

improve its retention system. Two groups of variables are available for each customer:

sociodemographic and behavioural data, which are described in Table C.10 in Appendix C.
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The dataset comprises of 22 variables, with 21 predictor variables and 1 class variable. It
consists of 14814 instances, of which 13812 instances are pertaining to loyal customers
and 1002 instances represent churned customers. Thus, there are 93.24% loyal customers
and 6.76% churned customers. Hence, the dataset is highly unbalanced in terms of the

proportion of churners versus nonchurners (Business Intelligence Cup 2004).

5.6 Data Imbalance Problem

In many real time problems, almost all the instances belong to one class, while far fewer
instances are labelled as the other class, usually the more important class. It is obvious that
traditional classifier seeking an accurate performance over a full range of instances are not
suitable to deal with imbalanced learning task, since they tend to classify all the data into
majority class, which is usually not the objective of the study and less important. Research
studies (Weiss, 1995; Fawcett and Provost, 1997; Jackowicz and Stephens, 2002; Kubat et
al., 2004; Visa and Ralescu, 2005) show that many standard machine learning approaches

result in poor performance, specifically dealing with large unbalanced datasets.

Class imbalance problem exists in many application domains, such as telecommunications
(Hilas, 2009), detection of oil spoils in satellite radar images (Kubat et al., 2004), learning
word pronunciation (Davel and Bernard, 2004), text classification (Sebastiani, 2002), risk
management (Galindo and Tamayo, 2000), information retrieval (Chen, 1995), medical
diagnosis (Kononenko, 2001), intrusion detection (Lee et al., 1999) and fraud detection
(Sanchez et al., 2009).

5.6.1 Literature Review of Techniques Dealing with Unbalanced Data

Since late 1960’s, researchers put their efforts towards developing strategies to deal with
class imbalance problems and proposed various methodologies towards dealing with such
imbalance problems. Methods to deal with imbalanced problems include, resizing training
set, adjusting misclassification costs and recognition based learning. Resizing training set
is a simple strategy that includes, oversampling minority class samples (Ling and Li, 1998)
and downsizing majority class samples (Kubat and Matwin, 1997). Cost sensitive

classifiers (Domingos, 1999) have been developed to handle the problem with different
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misclassification error costs, but may also be used for unbalanced dataset. Recognition
based learning approach learn rules from the minority class examples with or without using
the examples of minority class (Kubat et al., 2004).

In the earliest stages of this research, undersampling using condensed nearest neighbour
(CNN) (Hart, 1968), Edited Nearest Neighbor (ENN) (Wilson 1972), Selective
undersampling using Tomak-Links concept (Kubat and Matwin 1997), ENN with
Neighbourhood cleaning rule (Laurikkala 2001) are proposed. Further, Chawla et al.,
(2002) proposed SMOTE (Synthetic Minority Oversampling TEchnique), where synthetic
(artificial) samples are generated rather than oversampling by replacement.

Maloof (2003) reported that sampling has the same results as moving the decision
threshold or adjusting the cost matrix. Estabrooks et al., (2004) conducted a study to
evaluate the effectiveness of oversampling and undersampling. They concluded that
combining different expressions of re-sampling approach is an effective solution. Detailed
review reports were presented (Provost, 2000; Monard and Batista, 2002; Weiss 2004;
Kotsiantis et al., 2006; Kumar and Ravi 2008; Guo et al., 2009), discussing about the
issues related to the problem solving using machine learning techniques when provided

with unbalanced training data.

Combination of undersampling and oversampling is then proposed by Ling and Li, (1998).
They used lift analysis instead of classification accuracy to measure a classifiers
performance. They found that the combination of oversampling and undersampling does
not provide any significant improvement in the life index. Weiss and Provost, (2001)
suggested that a progressive, adaptive sampling strategy be developed that incrementally
requested new samples based on the improvement in the classifiers performance. They
employed C4.5 algorithm and considered error rate and AUC of the algorithm to generate

new samples.

Weiss and provost (2003) proposed a heuristic, budget sensitive, progressive sampling
algorithm for selecting training data that approximates optimum. They argued that, though

the heuristically determined class distribution associated with the final training set is not
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guaranteed to yield the best performing classifier. The classifier indeed using this class

distribution performs well in practice.

Researchers have emphasised the use of clustering based preprocessing methods as an
alternative for sampling of the data. Batista et al., (2004b) proposed two hybrid sampling
techniques named, SMOTE+TOMEK Links and SMOTE+ENN for overlapping datasets,
for better defined class clusters among majority and minority classes. Jo and Japkowicz,
(2004) presented a cluster based oversampling approach. Later, Batista et al., (20044,
2004b) proposed a hybrid sampling approach combining CNN rule with Tomek-links.

Application of boosting to deal with unbalanced problems is then proposed by Guo and
Viktor, (2004). They proposed boosting method with various oversampling techniques to
deal with hard to classify examples and concluded that boosting approach improves the
prediction accuracy of the classifier. Huang et al., (2004) presented Biased Minimax
Probability Machine to resolve the imbalance problem.

Han et al., (2005) proposed borderline SMOTE, which identifies minority samples at
borderline and apply SMOTE. This is the only technique proposed to over-sample the
borderline minority samples. Cohen et al., (2006) proposed k-means based undersampling
method and Agglomerative Hirarchical Clustering (AHC) based oversampling method to
deal with unbalanced datasets. Later, Liu et al., (2006) proposed SMOTE-Bootstrap hybrid
(SMOTE-BU) method to deal with unbalanced data. Where, SMOTE is applied to over-
sample the minority instances and Bootstrap is applied to under-sample the majority

instances.

In recent past, Guo et al., (2009) proposed different approaches based on four levels
according to the phases in the learning. Changing the class distribution mainly by re-
sampling, feature selection, manipulating classifier internally at classification level and

ensemble learning for the final classification.

5.6.2 Random Undersampling

Undersampling is a technique in which some of the samples belonging to the majority
class are removed randomly and combined with the minority class samples. For example,
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25% undersampling means that the majority class is reduced to 25% of its original size in
other words, 25% of the available majority class instances are removed randomly from
data. 50% undersampling means that the majority class is reduced to 50% of its original

size.

5.6.3 Random Oversampling

Oversampling is a technique in which the samples belonging to the minority class are
replicated a few times and combined with the majority class samples. For example, 100%
oversampling means that the minority class instances are replicated once in other words,
minority class instances are doubled, and 200% oversampling means that the minority
class is replicated twice.

5.6.4 Synthetic Minority Oversampling Technique (SMOTE)

SMOTE is an approach in which the minority class is oversampled by creating synthetic
(or artificial) samples, rather than by oversampling with replacement. The minority class is
oversampled by taking out each sample and introducing synthetic samples along the line
segments that join any/all of the k minority class nearest neighbours. SMOTE is used to
widen the data region that correponds to minority samples. This approach effectively

forces the decision region of the minority class to become more general (Chawla et al.,
2004).

5.7 Results and Discussions

Many business decision makers place high emphasis on sensitivity alone because higher
sensitivity leads to greater success in correctly identifying potential churners and thereby
contributing to the bottom-line of the fundamental CRM viz., retaining extant loyal
customers. Consequently in this chapter, sensitivity is accorded top priority ahead of
specificity and accuracy. Therefore, we evaluate and discuss the performance of our
proposed hybrid approach SVM+NBTree using Case-SP with respect to sensitivity alone.
SVM-RFE algorithm is employed for feature selection and six features are selected those
are, CRED_T (Credit in month T), CRED_T-1 (Credit in month T-1), CRED_T-2 (Credit in

month T2), NCC_T (Number of Credit Cards in month T), NCC_T-2 (Number of Credit
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Cards in month T2) and T_WEB_T (Web Transaction in month T). Balancing methods of
random undersampling, random oversampling, combination of undersampling and
oversampling and SMOTE are employed and an extensive study is carried out. Empirical
results obtained by the proposed hybrid using the dataset including all features and with
reduced features are presented in Table 5.1 through 5.11.

Table 5.1 presents the results obtained using original unbalanced data. When all the
features in data are considered, it is observed that the hybrid SVM+NBTree using Case-SP
dataset yielded the best sensitivity of 75.45%. Using the unbalanced data with reduced
features the proposed hybrid SVM+NBTree using Case-SP dataset obtained the sensitivity
of 82.45% whereas SVM+NBTree using Case-P dataset yielded the highest sensitivity of
84.7%. Thus, feature selection has indeed helped in improving the sensitivity of the hybrid
approaches. It is observed that proposed hybrid using reduced feature data yielded better
sensitivity compared to the corresponding hybrid using full features of the data. Hybrid
SVM+NBTree using Case-P dataset yielded best sensitivity but the number of rules
extracted is above hundred, thus the comprehensibility of the system is very poor, hence it
is not advisable to use. Whereas the proposed approach SVM+NBTree using Case-SP
dataset yielded marginally less sensitivity compared to SVM+NBTree using Case-P
dataset and the number of rules extracted is approximately twenty only resulting in

improved comprehensibility of the system.

Table 5.1: Average results obtained using original unbalanced data

Model Full features Reduced Features
Sens* | Spec* | Acc* | Sens* | Spec* | Acc*
SVM 64.65 | 80.63 | 79.55 | 82.85 | 72.25 | 74.79
NBTree 62.7 99.07 | 96.62 | 52.7 99.33 | 96.17
SVM+NBTree (Case-P) | 67.65 84.9 83.74 | 84.7 7459 | 75.25
SVM+NBTree (Case-SA) 0 100 93.25 0 100 93.25
SVM+NBTree (Case-SP) | 75.45 | 79.03 | 78.79 | 82.45 | 75.89 | 76.34

Sens* = Sensitivity; Spec* = Specificity; Acc* = Accuracy;

Table 5.2 presents the results obtained using 25% undersampling data. It is observed that
the hybrid SVM+NBTree using Case-SP dataset yielded best sensitivity of 79.25% among

all the cases tested considering all the feature of the data. When the reduced feature of the
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dataset is considered the proposed approach SVM+NBTree using Case-SP dataset yielded
81.2% sensitivity, which is slightly less than the sensitivity obtained by the hybrid
SVM+NBTree using Case-P dataset i.e. 82.2%. Yet again, feature selection improved the
sensitivity of all the hybrid methods compared to other corresponding hybrids using full

features. It is also observed that using proposed approach the number of rules extracted are
less.

Table 5.2: Average results obtained using 25% under-sampled data

Model Full features Reduced Features
Sens* | Spec* | Acc* | Sens* | Spec* | Acc*
SVM 7175 | 7842 | 77.92 | 825 | 75.58 | 76.06
NBTree 64.75 | 98.71 | 96.41 | 59.4 | 98.08 | 95.48
SVM+NBTree (Case-P) | 78.25 | 78.64 | 78.61 | 82.2 | 76.16 | 76.57
SVM+NBTree (Case-SA) 0 100 93.25 0 100 93.25
SVM+NBTree (Case-SP) | 79.25 | 76.71 | 76.87 | 81.2 | 70.98 | 71.67

Sens* = Sensitivity; Spec* = Specificity; Acc* = Accuracy;

Table 5.3 presents the results obtained using 50% undersampling data. It is observed that
considering all the features of the data, the hybrid SVM+NBTree using Case-SP set
yielded the best sensitivity of 87.25%. Whereas the proposed hybrid SVM+NBTree using
Case-SP set with reduced feature set obtained the sensitivity of 78.95%. It is observed that
50% undersampling degrades the performance of the hybrids with reduced features and the

proposed approach SVM+NBtree using Case-SP dataset stands best in the list.

Table 5.3: Average results obtained using 50% under-sampled data

Model Full features Reduced Features
Sens* | Spec* | Acc* | Sens* | Spec* | Acc*
SVM 7835 | 7284 | 73.21 | 775 91.78 | 90.85
NBTree 69.4 98.21 | 96.26 | 70.5 96.33 | 94.59
SVM+NBTree (Case-P) 81 75.12 | 75.45 | 77.65 91.9 90.42
SVM+NBTree (Case-SA) | 0.05 99.99 | 93.24 0 100 93.25
SVM+NBTree (Case-SP) | 87.25 | 69.83 | 70.99 | 78.95 | 91.19 | 90.37

Sens* = Sensitivity; Spec* = Specificity; Acc* = Accuracy;

When undersampling is employed it is observed that using 25% undersampling with

reduced feature data yielded better sensitivity where as using 50% undersampling the
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hybrid using full features data performed the best. Using 50% undersampling the class
distribution ratio become 87:14, where 87% represent loyal customers’ instances and 14%

of the data represent churned customers.

Results obtained using 100% oversampling data are presented in Table 5.4. It is observed
that the sensitivity obtained by the hybrid SVM+NBTree using Case-SP set with all the
features and with reduced features yielded sensitivities of 81.95% and 82.6% respectively.
The hybrid SVM+NBTree using Case-P set with reduced features obtained slightly higher
sensitivity with 82.8%. It is observed that using 100% oversampling also the proposed
approach SVM+NBTree using Case-SP dataset yielded the best sensitivity and it also
extracted less number of rules. Whereas the hybrid SVM+NBTree using Case-P dataset
with reduced features yielded more number of rules resulting in poor comprehensibility,

despite yielding similar results with SVM+NBTree using Case-SP dataset with reduced

features.
Table 5.4: Average results obtained using 100% over-sampled data

Model Full features Reduced Features
Sens* | Spec* | Acc* | Sens* | Spec* | Acc*
SVM 747 | 77.21 | 77.03 | 81.95 | 86.12 | 85.79
NBTree 64.9 | 98.11 | 95.87 | 71.45 | 96.51 | 94.82
SVM+NBTree (Case-P) | 78.65 | 78.36 | 78.34 | 82.8 | 86.33 | 86.09
SVM+NBTree (Case-SA) 0.4 99.14 | 92.47 0 100 93.25
SVM+NBTree (Case-SP) | 81.95 | 73.86 | 74.41 | 82.6 | 83.35 | 83.3

Sens* = Sensitivity; Spec* = Specificity; Acc* = Accuracy;

Table 5.5 presents the results obtained using 200% oversampling data. The sensitivity
yielded by the hybrid SVM+NBTree using Case-SP dataset with all the features is 82.5%.
With reduced features the proposed hybrid SVM+NBTree using Case-SP dataset yielded
the best sensitivity of 88.35%. Once again feature selection improved the sensitivity of the
hybrid. It is observed that feature selection helps the hybrid SVM+NBTree using Case-SP

dataset to learn better about churners and yielded better sensitivity.
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Table 5.5: Average results obtained using 200% over-sampled data

Model Full features Reduced Features
Sens* | Spec* | Acc* | Sens* | Spec* | Acc*
SVM 776 | 75.83 | 75.94 | 86.5 | 77.54 | 78.15
NBTree 66.1 | 97.28 | 9518 | 729 | 96.06 | 945
SVM+NBTree (Case-P) | 79.15 | 76.86 | 77.01 | 86.05 | 77.92 | 78.47
SVM+NBTree (Case-SA) | 6.65 99.7 | 93.42 0 100 93.25
SVM+NBTree (Case-SP) | 825 | 75.77 | 76.23 | 88.35 | 72.72 | 73.6

Sens* = Sensitivity; Spec* = Specificity; Acc* = Accuracy;

Table 5.6 shows the results obtained using 300% oversampling data. It is observed that
with all the feature of the data the hybrid SVM+NBTree using Case-SP set yielded the
sensitivity of 78.3%, whereas the sensitivity obtained with reduced features is 85.3%. The
sensitivity yielded by SVM+NBTree using Case-P set is 85.9% but the number of rules

extracted are high in number. Yet again sensitivity of the hybrid is improved after feature
selection is performed.

Among various experiments conducted using different oversampling percentages, it is
observed that the hybrids using 200% over-sampled data yielded the best sensitivity. Using
200% oversampling the distribution of the classes in the dataset become 82%:18% where

82% of the instances are available for loyal customers and 18% instances are available for
churned customers.

Table 5.6: Average results obtained using 300% over-sampled data

Model Full features Reduced Features
Sens* | Spec* | Acc* | Sens* | Spec* | Acc*
SVM 64.1 91.21 | 89.29 | 86.1 72.35 | 73.09
NBTree 63.58 | 97.29 | 9498 | 734 95.41 | 93.92
SVM+NBTree (Case-P) | 68.75 | 93.85 | 91.14 | 85.9 74.11 | 75.17
SVM+NBTree (Case-SA) 0 100 93.25 0 100 93.25
SVM+NBTree (Case-SP) | 78.3 84.89 | 84.45 | 85.3 68.14 | 69.36

Sens* = Sensitivity; Spec* = Specificity; Acc* = Accuracy;

Tables 5.7 and 5.8 show the results obtained using the dataset which is balanced using the
combination of undersampling and oversampling. Table 5.7 presents the results obtained
using the combination of 25% undersampling and 100% oversampling. It is observed that
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the hybrid SVM+NBTree using Case-P dataset yielded the best sensitivity of 71.07% with
all the features. With reduced features, it is observed that the proposed hybrid
SVM+NBTree using Case-SP dataset obtained an improved and best sensitivity of 86.95%
and reduced rule set as well.

Table 5.7: Average results obtained using 25% under + 100% over sampled data

Model Full features Reduced Features
Sens* | Spec* | Acc* | Sens* | Spec* | Acc*
SVM 68.41 | 77.17 | 7758 | 85.95 | 78.99 | 79.5
NBTree 68.6 97.5 | 9555 | 71.65 | 96.17 | 94.52
SVM+NBTree (Case-P) | 71.07 | 79.68 | 80.92 | 85.75 | 80.05 | 80.44
SVM+NBTree (Case-SA) 0 100 93.25 0 100 93.25
SVM+NBTree (Case-SP) | 69.5 | 75.76 | 75.22 | 86.95 | 76.59 | 77.3

Sens* = Sensitivity; Spec* = Specificity; Acc* = Accuracy;

Results obtained using the combination of 50% undersampling and 200% oversampling are
presented in Table 5.8. It is observed that the hybrid SVM+NBTree using Case-SP dataset
yielded the best sensitivity of 78.25% using all the features. It is observed that the
proposed hybrid SVM+NBTree using Case-SP dataset using reduced features yielded an
improved sensitivity of 86%, which is almost equal to the sensitivity obtained using the
hybrid SVM+NBTree using Case-P set i.e. 86.1%. As the number of rules extracted using
Case-SP dataset is less than that of the rules extracted using Case-P dataset, it is advisable
to use the hybrid SVM+NBTree using Case-SP dataset. Once again feature selection

improves the sensitivity of the rules extracted.

Table 5.8: Average results obtained using 50% under + 200% over sampled data

Model Full features Reduced Features
Sens* | Spec* | Acc* | Sens* | Spec* | Acc*
SVM 69 78.16 | 77.49 | 85.97 | 74.72 76.1
NBTree 72.2 94.17 | 92.62 | 76.5 93.53 | 92.38
SVM+NBTree (Case-P) | 74.22 | 82.75 | 80.62 | 86.1 76.04 | 76.66
SVM+NBTree (Case-SA) | 71.85 | 82.77 | 82.06 0 100 93.25
SVM+NBTree (Case-SP) | 78.25 | 71.53 | 72.04 86 72.61 | 73.43

Sens* = Sensitivity; Spec* = Specificity; Acc* = Accuracy;
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Results obtained using SMOTE are presented in Table 5.9. It is observed that using all
features the hybrid SVM+NBTree using Case-SP dataset obtained the best sensitivity of
79.7%. The proposed hybrid SVM+NBTree using Case-SP dataset with reduced features
yielded the best sensitivity of 91.85%. Thus, once again feature selection improved the
sensitivity of all the hybrids. It is observed that balancing using SMOTE improves the
performance of the proposed approach. It is also observed that less number of rules is
extracted using proposed hybrid SVM+NBTree using Case-SP dataset and the rules
extracted using SMOTE data are presented in Table 5.10.

Table 5.9: Average results obtained using SMOTE

Model Full features Reduced Features
Sens* | Spec* | Acc* | Sens* | Spec* | Acc*
SVM 724 | 87.16 | 86.17 | 91.05 | 70.03 | 71.45
NBTree 63.95 | 96.55 | 94.35 | 75.35 | 93.92 | 92.67

SVM+NBTree (Case-P) | 74.15 | 88.8 | 87.83 | 91.3 | 71.23 | 72.38
SVM+NBTree (Case-SA) | 61.05 | 59.01 | 59.21 49.2 56.77 | 56.26
SVM+NBTree (Case-SP) | 79.7 | 83.71 | 83.11 | 91.85 | 67.12 | 68.67
" Sens* = Sensitivity; Spec* = Specificity; Acc* = Accuracy;

A rule set is considered to display a high level of fidelity if it can mimic the behaviour of
the machine learning technique from which it was extracted i.e. SVM in our study. Apart
from accuracy, sensitivity and specificity, fidelity also is an important quantity to measure
the quality of the rules. Fidelity yielded by various classifiers tested during this study are
presented in Table 5.11. It is observed that, using SMOTE the hybrid SVM+NBTree using
Case-SP dataset with all the features yielded that best fidelity of 93.46%. In other words,
in this case the hybrid SVM+NBTree behaves 93.46% times same as the SVM. With
reduced features the hybrid SVM+NBTree using Case-SP dataset using 50%
undersampling data yielded the best fidelity of 97.63%. The proposed approach
SVM+NBTree using Case-SP with reduced features using 50% undersampling data
behaves 97.63% exactly as SVM from which rules are extracted. It is observed that the
rules extracted using reduced feature data behave much similar to SVM compared to the

case when they are extracted using full feature data.
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Table 5.10: Rule set extracted using SMOTE data with reduced features

Rule # Antecedents Consequent

1 If CRED_T-2 <=98.379 and CRED_T-1 <=99.626 and NCC_T <= 1.529 Churner
and CRED_T <=607.095and T_WEB_T <= 13.628

5 If CRED_T-2 <=98.379 and CRED_T-1 <=99.626 and NCC_T <=1.529 non-Churner
and CRED_T > 607.095

3 If CRED_T-2 <=98.379 and CRED_T-1<=99.626 and NCC_T > 1.529 Churner

4 If CRED T-2<=98.379 and CRED T-1>95.849and T WEB T <= 145 Churner

5 If CRED T-2<=98.379 and CRED_T-1>95.849and T WEB_T > 145 non-Churner

5 If CRED_T-2 <=98.379 and CRED_T-1 > 99.626 and CRED_T-1 <=104.8 Churner
and NCC_T-2<=1.071

; If CRED_T-2 <=98.379 and CRED_T-1 > 99.626 and CRED_T-1 <=104.8 non-Churner
and NCC_T-2>1.071
If CRED_T-2 <=98.379 and CRED_T-1 > 104.8 and CRED _T-1 <=

8 161.026 - - non-Churner

9 If CRED_T-2 <=98.379 and CRED_T-1 > 104.8 Churner

10 If CRED T-2 >98.379 non-Churner

11 If CRED_T-2<=98.379 and CRED_T-1>95.849and T_ WEB_T <=14.5 Churner
and CRED T <=593.854

12 If CRED_T-2<=98.379 and CRED_T-1>95.849and T_ WEB_T <=14.5 Churner
and CRED T <=593.854 and NCC_T <= 0.936

13 If CRED_T-2<=98.379 and CRED_T-1>95.849and T_WEB_T <=14.5 Churner
and CRED T >593.854 and NCC_T > 0.936

14 If CRED T-2<=98.379 and CRED_T-1>95.849and T WEB_T > 14.5 non-Churner

Table 5.11: Average fidelity of the proposed SVM+NBTree using Case-SP

Sampling technique Full Features Reduced Features
Unbalanced 79.46 93.58
SMOTE 93.46 91.95
25% Undersampling 85.04 89.82
50% Undersampling 80.6 97.63
100% Oversampling 83.22 94.88
200% Oversampling 86.62 90.48
300% Oversampling 87.66 86.91
25% Undersampling +
100% Oversampling 71.54 92.36
50% Undersampling +
200% Oversampling 78.34 90.52

It is observed that the hybrid SVM+NBTree using Case-SA yielded the worst sensitivity

when compared to other classifiers. The reason for such results is that the instances which

85




stand-alone NBTree could not correctly classify and standalone SVM could correctly
classify indeed turned out to be the support vectors. Further, among these support vectors,
many instances belong to churned customers. This fact is the reason behind Case-SP

yielding better sensitivity compared to Case-SA dataset.

It is observed from the rules extracted that using the proposed hybrid SVM+NBTree using
Case-SP dataset and reduced features, the credit value of the customers and the number of
online transactions a customer performs, are the main driving elements for determining a
customer to be loyal or churner. Most of the rules say that the customers with less value of
the credit in any of the month may churn in future. Rules also indicate that the customers
using internet (i.e. online transactions) less often may also churn in near future. Further,
rules also imply that customers with high credit value and customers using online

transactions are supposed to be loyal customers.

5.8 Conclusions

In this chapter a hybrid rule extraction approach from SVM is presented to predict churn in
bank credit card customers. Since the dataset at hand is a highly unbalanced with 93.24%
loyal and 6.76% churned customers, balancing techniques such as undersampling,
oversampling, combinations of undersampling and oversampling and SMOTE are
employed to balance the data. While solving the problems like churn prediction sensitivity
is accorded high priority. Accordingly, by considering sensitivity alone, it is observed that
the proposed hybrid SVM+NBTree using Case-SP with reduced features and balanced by
SMOTE vyielded the best sensitivity of 91.85%. The number of rules extracted using Case-
SP data with reduced features is very less compared to the rules extracted using full feature

data, resulting in improved comprehensibility of the system.
The following conclusions are made from this work;

» Feature selection using SVM-RFE selected the key features of the data.

» The number of support vectors extracted is also very less.
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Case-SP dataset represents the knowledge of SVM with respect to feature
selection, support vector extraction and predicted class labels of support vector
instances. Thus this method falls under eclectic approaches.

Using Case-SP dataset makes rule extraction process faster.

Because of the less number of features and instances i.e. Case-SP set, the number
of rules extracted and the antecedents per rule is small, resulting in better
comprehensibility of the system.

Using Case-P and Case-SP it is ensured that the extracted rules indeed represent
the knowledge learnt by the SVM.

The extensive study done in this chapter can be considered as the study about the
efficiency of SVM to deal with large scale unbalanced data.
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Chapten 6

Modified Active Learning Based Approach for
Rule Extraction from SVM

This Chapter presents an eclectic active learning based rule extraction approach which
involves active learning to modify the training data. In the beginning section of the chapter
motivation behind the proposed approach is presented. Later, section two provides the
details about the proposed approach and active learning. Next sections in this chapter
present the details of problems analyzed followed by Results and discussions. Final section
concludes the chapter.

6.1 Motivation

Recently, Martens et al., (2009) proposed an active learning based rule extraction approach
to generate rules from SVM. The basic principle of their proposed approach is the
generation of synthetic data near support vector points. Later, these extra synthetic samples
are combined with training set and the actual target values are replaced by the predictions
given by the trained SVM. Finally, this modified data is used to train Decision Tree and
RIPPER to generate rules. The efficiency of the proposed algorithm was evaluated on
benchmark datasets and small scale datasets only. It is observed that real world
applications usually have medium scale and unbalanced nature of samples. When the size
of the data increases, the method proposed by Martens et al., (2009) is not feasible and
there is possibility of generating more number of rules. More number of rules may provide
transparency to the black box but it degrades the comprehensibility of the system. During
the research study in this chapter modifications to ALBA (Martens et al., 2009) are
proposed and the efficiency of the proposed approach is evaluated using medium scale
unbalanced dataset. The finance applications analyzed using MALBA are; Churn

prediction in bank credit card customers and Fraud detection in automobile insurance. The
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financial problems solved during this research study is highly unbalance and medium
scale.

6.2 Modified Active Learning Based Approach for Rule
Extraction

In this research work, we propose a modified active learning based (MALBA) rule
extraction procedure to extract rules from SVM using NBTree (Naive Bayes Tree)
(Kohavi, 1996). The proposed approach is based on the Active Learning Based Approach
proposed by Martens et al., (2009). They (Martens et al., 2009) used uniform distribution
function to generate extra instances, which are supposed to be near support vectors as it is
based on the distance calculated between the training instances and support vector
instances. In this study we employed various distributions such as Normal Distribution and
Logistic Distribution separately for generating extra synthetic data near support vectors
instances. Later, these extra instances are clubbed with support vectors set instead of
training set and predictions are obtained for newly generated data and support vectors. This
modified data is then used to generate rules using NBTree. For comparative study rules are

also generated using DT.

The proposed algorithm is composed of three phases, feature selection phase, active
learning phase and rule generation phase. The proposed approach is depicted in Figure
6.1. As the real world datasets are high dimensional in nature, hence feature selection using
SVM-RFE is employed to reduce the features set during feature selection phase. Later this
reduced feature data is used in active learning phase to generated synthetic instances near
support vectors. During rule generation phase the newly generated synthetic data with

support vectors is used. Active learning phase consists of four steps as given below;

6.2.1 Featuer Selection phase
SVM-RFE (Guyon 2002) algorithm is employed for feature selection purpose which tries

to extract key features from the data.
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6.2.2 Active Learning Phase
Training data = Dy

Using all features and reduced features separately, build SVM model. Sensitivity is
accorded high priority to develop SVM model.

Step 1: Train SVM and obtain the support vectors using training data Dy,

Calculate the average distance distancex of training data to support vectors, in each

dimension k.

Step 2: for k=1tondo
distance, = 0
for all support vectors SV; do

for all training data instance d in Dy do

distancey = distancey + |dx - SVl

end for
end for
] distance
distance, = ——— %
#SVs+N,
end for

Proposed modified active learning based approach for generating synthetic instances.
Generate extra data instances based on the average distance. The idea behind generating
extra instances using distance is to make sure about the closeness of the generated
instances to the support vectors set. Various MALBA architectures using normal and

logistic distribution functions are employed separately.

Step 3: Randomly generate an extra data instance x; close to support vectors
Generating extra instances in the range of -1 to 1
for i =1 to 500/1000 do

fork=1tondo
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disance,

X; 1 =sv(j,k)+{(2*rand ~1)x } (0 <rand < 1]

end for

end for

Generating extra instances using Logistic distribution function

for i = 1 to 500/1000 do
fork=1tondo
Xik = rand;
end for
end for
for i =1 to 500/1000 do
fork=1tondo
Uik = 1/ (1+exp(-Xix));
end for

end for

Generating extra instances using Normal distribution function (Box-Muller 1958)
for k =1to ndo
for i =1 to 500/1000 do
Yik = sqrt(-2 x log(xix)) X cos(2 X pi X (Xi+1K));
Yirrk = SArt(-2 X log(xi,)) X sin(2 X pi X (Xi+1.));
end for

end for
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Obtain class labels for generated data and support vectors set using the trained SVM

model as an oracle.

Step 4: Provide a class label y; for extra generated instances and support vector set using
the trained SVM as oracle.

6.2.3 Rule Generation Phase

NBTree and DT algorithms are employed using modified dataset and efficiency of the
rules is then evaluated in terms of accuracy, fidelity and number of rules.

~ Feature Selection Phase ~
Training set Training set
\ Full features ReecCed features

Active Learning Phase

\

J

Support Vectors

l Step 3

Data generated
using mALBA

v

[ SVs + Generated data)

’ p
Modified Training set

Test / Validation —»[ Tree / Rules ]

Predictions /

\ Rule Generation Phase

Figure 6.1: Architecture of the proposed rule extraction approach
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The current study in this study is different from ALBA (Martens et al., 2009) approach in

several ways, such as;

e They generated the instances using {(rand —-0.5)*

6.3

d'saﬂ}, which generated the

instances near support vectors in the range of -0.5 to 0.5, whereas in this research

study we used [(Z*rand _1)Xd|sa%} , which generates the data around the

support vectors in the range of -1 to 1, therefore the region around support vector
set is increased.

They appended the generated data to training set, whereas in this study the
generated data is appended to the support vectors set. Hence, the complexity of the
rule extraction approach is minimized without compromising the performance of
the classifier.

They employed C4.5 and RIPPER for rule generation purpose, whereas in this
study we employed NBTree and J48 (decision tree) for rule generation.

They employed only uniform distribution for extra data generation purpose,
whereas in this study, we employed Normal Distribution function and Logistic
Distribution function for data generation.

They analyzed benchmark and small scale problems only, whereas in this research
study, we analyzed real time finance applications viz., Churn prediction in Bank
credit card customers’ and Fraud detection in automobile insurance. The datasets
analysed in this study are unbalanced in nature and are medium scale in size.

They did not evaluate the efficiency of feature selection using SVM, whereas in

this study the efficiency of SVM for feature selection is also analysed.

Finance applications analyzed

Two most important finance applications are analyzed in this research study those are

churn prediction in bank credit card customers and fraud detection in automobile

insurance. The churn prediction dataset is obtained from Business Intelligence Cup 2004.
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The details about this dataset are provided in Section 5.5 in Chapter 5. Fraud detection in
automobile insurance dataset is obtained from Pyle (1999). This dataset is also highly
unbalanced with 94% legitimate and 6% fraudulent customers’ data. Description and pre-

processing of the insurance fraud dataset is presented below;

6.3.1 Fraud Detection in Automobile Insurance Dataset

This is the only available fraud detection dataset in automobile insurance and it is provided
by Angoss Knowledge Seeker software Pyle (1999). This dataset contains 11338 records
from January 1994 to December 1995, and 4083 records from January 1996 to December
1996. It has a 6% fraudulent and 94% legitimate cases, with an average of 430 claims per
month. The original dataset has 6 numerical features and 25 categorical features, including
the binary class label (fraud or legal). Description of original fraud detection dataset is
presented in Table 6.1.

6.3.2 Pre-Processing

It is observed that the age feature in the dataset appeared twice (see Table 6.1, row 12 and
24) in numerical and categorical form as well. Hence, the age feature with numerical
values is removed from the data to reduce the complexity caused by too many unique
values it possesses. Further, the features Year, Month, Week of the month and Day of week
represent the date of the accident and the features Month claimed, Week of the month
claimed and Day of week claimed represent the date of the insurance claim. Thus, a new
feature Gap is derived from seven features, those are; Year, Month, Week of the month,
Day of week, Month claimed, Week of the month claimed and Day of week claimed. The
feature Gap represents the time difference between the accident occurrence and insurance
claim. Thus 24 variables which included some derived variables are selected for further
study and are presented in Table 6.2. Hence, we have 15420 samples with 24 predictor

variables and 1 class variable.
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Table 6.1: Feature Information of the Insurance data used (Pyle 1999)

# Feature name Description

1 | Month Month in which accident took place

2 | Week of Month Accident week of month

3 | Day of Week Accident day of week

4 | Month Claimed Claim month

5 | Week of Month Claimed | Claim week of month

6 | Day of Week Claimed Claim day of week

7 | Year 1994,1995 and 1996

8 | Make Manufacturer of the car(19 companies)

9 | Accident Area Rural or Urban

10 | Gender Male or Female

11 | Marital Status Single, Married, Widow and Divorced

12 | Age Age of policy holder

13 | Fault Policy Holder or Third Party

14 | Policy Type Type of the policy (1 to 9)

15 | Vehicle Category Sedan, Sport or Utility

16 | Vehicle Price Price of the vehicle with 6 categories

17 | Rep. Number ID of the person who process the claim(16 ID’s)
18 | Deductible Amount to be deducted before claim disbursement
19 | Driver Rating Driving Experience with 4 categories

20 | Days: Policy Accident Days left in policy when accident happened
21 | Days: Policy Claim Days left in policy when claim was filed

22 | Past number of Claims Past number of claims

23 | Age of Vehicle Vehicle’s age with 8 categories

24 | Age of Policy Holder Policy holder’s age with 9 categories

25 | Policy Report Filed Yes or no

26 | Witness Presented Yes or no

27 | Agent Type Internal or External

N
[ee]

Number of Supplements

Number of supplements

29 | Address Change Claim No of times change of address requested
30 | Number of Cars Number of cars

31 | Base Policy(BP) All perils, Collision or Liability

32 | Class Fraud found (yes or no)
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Table 6.2: Feature Information of the pre-processed Insurance data

# Feature name Description

1 | Gap Time difference of accident and insurance claim
2 | Make Manufacturer of the car(19 companies)

3 | Accident Area Rural or Urban

4 | Gender Male or Female

5 | Marital Status Single, Married, Widow and Divorced

6 | Fault Policy Holder or Third Party

7 | Policy Type Type of the policy (1 to 9)

8 | Vehicle Category Sedan, Sport or Utility

9 | Vehicle Price Price of the vehicle with 6 categories

10 | Rep. Number ID of the person who process the claim(16 ID’s)
11 | Deductible Amount to be deducted before claim disbursement
12 | Driver Rating Driving Experience with 4 categories

13 | Days: Policy Accident | Days left in policy when accident happened

14 | Days: Policy Claim Days left in policy when claim was filed

15 | Past number of Claims | Past number of claims

16 | Age of Vehicle Vehicle’s age with 8 categories

17 | Age of Policy Holder Policy holder’s age with 9 categories

18 | Policy Report Filed Yes or no

19 | Witness Presented Yes or no

20 | Agent Type Internal or External

21 | Number of Supplements | Number of supplements

22 | Address Change Claim | No of times change of address requested

23 | Number of Cars Number of cars

24 | Base Policy(BP) All perils, Collision or Liability

25 | Class Fraud found (yes or no)

yield a more accurate global tool.

6.3.3 Literature survey of fraud detection problem
Fawcett and Provost (1997) proposed automatic design of user profiling methods for the
purpose of fraud detection. They employed data mining techniques and concluded that the
automatic approach performs better than hand-crafted methods for detecting frauds. A
meta classifier system is proposed for fraud detection (Stolfo et al., 1997a, 1997b). This

merges the results obtained from local fraud detection tools at different corporate sites to

Chan et al. (1999) and Stolfo et al. (2000) proposed an extension to this approach i.e.

scalable distributed data mining model to evaluate classification techniques using a
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realistic cost model. They reported that, it significantly improved the performance of data

mining algorithms in stand-alone mode and in combination as well.

Many intelligent techniques were proposed and applied for fraud detection problem. such
as, Association Rule Mining and Radial Basis Function Network (Brause et al., 1999),
Fuzzy Logic Control (FLC) (Stefano and Giesella, 2001), Principal Component Analysis
(Brockett et al., 2002), AdaBoosted naive Bayes (Viaene et al., 2004) and so on. Later,
Phua et al. (2004) proposed a fraud detection method using stacking-bagging approach
which involves Backpropagation Neural Network (BPNN) with naive Bayesian (NB) and
C4.5 algorithms. They demonstrated that stacking-bagging performs slightly better than
the best performing bagged algorithm i.e. C4.5. Wheeler and Aitken (2000) and Phua et
al., (2005) have explored multiple classification techniques for fraud detection.

It is observed that using only support vectors set would do the rule extraction, but
generating synthetic instances near support vectors without changing the decision
boundary of SVM provides more samples for rule generation algorithm to learn from.
Hence, more data is fed to rule generating algorithm and it is observed that the more

generalized rules are generated.

To evaluate and compare the efficiency of the proposed approach, five different methods
leading to creation of five different datasets are prepared and used for rule generation

purpose as follows;

Original ALBA (range [-0.5 to 0.5], Training set)

ALBA (SVs) (range [-0.5 to 0.5], Support Vectors set)
MALBA (range [-1 to 1], Support Vectors set)

MALBA (Norm) (Normal Distribution, Support Vectors set)
MALBA (Logistic) (Logistic Distribution, Support Vectors set)

o M D

Dataset 1 in the above list corresponds to the original ALBA proposed by Martens et al.
(2009), where extra instances are appended to training set. ALBA works well with smaller
datasets and an extensive study is presented by Martens et al. (2009). The main drawback

of their approach is that real world problems are unbalanced and medium sized, where
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appending the extra instances to training set would make the rules complex and there is a
possibility that it generates incomprehensible rules. In this study a modified ALBA is
proposed where extra instances are appended to support vectors set only instead of training
set. Two different financial problems are solved using the proposed approach and the
datasets are highly imbalance and medium scale. Datasets 2-5 in the above list represents
the experiments where generated data is appended to support vector set only. It is observed
from the empirical study that appending the generated data to support vectors set and using

it for rule generation purpose produces more generalized and comprehensible rules.

6.4 Results and Discussions

Identifying potential churners correctly is the basic intension of many business decision
makers. Hence, they place high emphasis on sensitivity alone which contributes towards
the bottom-line of the fundamental customer relationship management (CRM).
Consequently in this chapter also, sensitivity is accorded top priority ahead of specificity
and accuracy. We used the SVM library viz., LibSVM (Chan and Lin, 2001) for SVM
model building and support vector extraction. LibSVM is an integrated software for
support vector classification and is developed in MATLAB. Data generation using
MALBA is implemented in MATLAB. RapidMiner4.5 community edition (Mierswa et al.,
2006) is used for generating NBTree and DT (J48).

Average results of the experiments under 10-fold cross validation, against validation set, t-
test values based on sensitivity, time taken and the number of rules extracted are presented
in results tables. Using sensitivity, the classifiers are compared using t-test at nj+n,-
2=10+10-2=18 degrees of freedom at 10% level of significance. The tabulated value of t-
test for 18 degrees of freedom at 10% level of significance is 1.73. That means, if the
computed t-test value between two different classifiers is more than 1.73, then we can say
that the difference between techniques is statistically significant and otherwise not
significant. Hyphen in the Tables for t-test values represents the best classifier. Tables 6.3
through 6.16 show the average results obtained using rules extracted from NBTree. Results

obtained from DT are presented in Tables 6.17 through 6.28. The tree obtained using
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NBTree has naive bayes classifiers at leaf nodes that indicates the probability of each class
available in the dataset used instead of prediction of any single class. For better
understanding of the tree we modified the rules and the class with higher probability
assigned by the naive bayes classifier at leaf node is considered the consequent of the rule.

6.4.1 Churn Prediction using SVM+NBTree

Table 6.3 and 6.4 present the average results obtained using 500 and 1000 extra instances
for Churn Prediction problem using all the features of the data, respectively. It is observed
that the proposed approach MALBA with 500 extra instances yielded highest sensitivity of
79.35%, which is statistically significant and better compared to SVM and original ALBA
(Martens et al., 2009). Time taken and the number of rules extracted using NBTree is 5.2
seconds and 11.1, respectively.

Table 6.3: Average Results of Churn Prediction SVM+NBTree (500 Extra Instances)

Model ______ Validation _
Sensitivity | Specificity | Accuracy | t-test | Time | Rules

SVM 64.65 80.63 7955 [4.786| 7.9
ALBA 67.7 84.52 83.38 |[3.125| 39.1 | 31.8
ALBA(SVs) 76.55 82.74 82.32 |0.755| 14.7 | 13.3
MALBA 79.35 79.16 79.17 - 52 | 111
MALBA(Norm) 78.45 81.63 81.4 0.288 | 145 | 14.3
MALBA(Logistic) 74.05 80.18 79.75 |[1.445] 128 | 19

Table 6.4: Average Results of Churn Prediction SVM+NBTree (1000 Extra Instances)

Model —— V_a!idation -
Sensitivity | Specificity | Accuracy | t-test | Time | Rules
ALBA 68.05 84.75 83.62 2407 | 52 27.6
ALBA(SVs) 73.25 82.93 82.27 0.978 | 17.5 | 13.9
MALBA 75.9 83.3 82.87 0239 | 6.9 | 12.9
MALBA(Norm) 76.63 82.72 82.31 - 13.7 | 12.7
MALBA(Logistic) 75.2 79.62 79.53 0519 | 123 | 17.6

Using SVM-RFE feature selection is carried out and 6 most important features are
selected. The selected features are; CRED_T (Credit in month T), CRED_T-1 (Credit in
month T-1), CRED_T-2 (Credit in month T-2), NCC_T (Number of Credit Cards in month
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T), NCC_T-2 (Number of Credit Cards in month T-2) and T_WEB_T (Number of web
transactions in month T) (refer Table C.10 in Appendix C). Tables 6.5 and 6.6 present the
average results yielded using 500 and 1000 extra generated instances with reduced features
for Churn prediction problem, respectively. It is observed that our proposed approach
MALBA with 1000 extra instances outperforms other classifiers tested and yielded highest
sensitivity of 84.6%. t-test values show that the hybrids are not statistically significant i.e.
all the hybrids using reduced features and extra instances behave similarly. It is observed
from the results that feature selection prior to rule generation improves the performance of
the rules. Rules obtained by MALBA using NBTree with reduced feature set is presented
in Table 6.7.

Table 6.5: Average Results of Churn Prediction Feature Selection +
SVM+NBTree (500 Extra Instances)

Model ______ Validation _
Sensitivity | Specificity | Accuracy | t-test | Time | Rules

SVM 82.85 74.25 7479 0.849| 3.8
ALBA 84.00 74.79 75.41 - 14 46.8
ALBA(SVs) 82.55 75.13 7563 |1574| 6.3 | 19.6
MALBA 83.18 75.77 76.43 | 0527 | 6.3 | 22.8
MALBA(Norm) 82.30 75.08 7557 |1.156| 6.1 20
MALBA(Logistic) 83.35 74.56 75.15 |0.443| 58 | 14.9

Table 6.6: Average Results of Churn Prediction Feature Selection +
SVM+NBTree (1000 Extra Instances)

Model —— V_a!idation -
Sensitivity | Specificity | Accuracy | t-test | Time | Rules
ALBA 84.40 74.16 74.85 ]0.121| 16.8 | 48.1
ALBA(SVs) 83.30 74.34 7495 [0.972| 6.6 | 24.6
MALBA 84.60 73.32 74.14 - 49 | 21.2
MALBA(Norm) 82.15 75.36 75.82 1.799 | 6.3 | 21.4
MALBA(Logistic) 82.95 75.36 75.87 1.267| 6 16
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Table 6.7: Rule Extracted for Churn Prediction using NBTree (Reduced Features)

Rule Antecedents Consequent

#
1 If CRED-T <= 594.94 and CRED-T-2 <= 96.005 and Churn
CRED-T-1 <=100.12

2 If CRED-T <= 594.94 and CRED-T-2 <= 96.005 and Churn
CRED-T-1 > 100.12 and CRED-T-1 <= 147.9

If CRED-T <= 594.94 and CRED-T-2 <= 96.005 and

3 | CRED-T-1 > 100.12 and CRED-T-1 > 147.9 Non-Churn

4 If CRED-T is [579 to 594.94] and CRED-T-2 > 96.005 and Churn
T-WEB-T <= 8.5 and CRED-T-1 <= 122.5
If CRED-T is [579 to 594.94] and CRED-T-2 > 96.005 and

> | T-WEB-T <= zg.s and CRED-]T-l >122.5 Non-Churn

5 If CRED-T is [579 to 594.94] and CRED-T-2 > 96.005 and Churn
T-WEB-T <= 8.5

7 If CRED-T <=594.94 and CRED-T-2 is [96.005 to 105.2] and Non-Churn
T-WEB-T > 8.5

8 If CRED-T > 594.94 Non-Churn

It is also observed that rules using full features of the data considers customer’s margin as
the most important element to decide about about-to-churn customers. Feature selection
using SVM-RFE selects customers’ credit information as important and is an important
factor to know about-to-churn customers. 4 rules are extracted for churner class and 4 rules
are extracted for non-churner class. It is also observed that web transaction done by a
customer during current and previous month also plays very important role in churn

prediction in credit card customers.

The fidelity obtained using original ALBA and various MALBA hybrids for Churn
Prediction problem with full and reduced features is presented in Table 6.8. It is observed
that with full features, proposed hybrid rule extraction techniques behave more than 80%
like SVM and with reduced features the fidelity obtained is more than 93%. In other
words, hybrids with reduced features behave more like SVM compared to that of the

behaviour of the hybrid using all the features of the data.
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Table 6.8: Average Fidelity for Churn Prediction SVM+NBTree

Model Full Features Feature Selection
500 1000 500 1000
ALBA 83.28 81.64 95.89 95.89
ALBA(SVs) 80.88 79.03 93.9 93.47
MALBA 82.65 79.1 93.58 91.92
MALBA(Norm) 82.16 82.42 93.63 93.59
MALBA(Logistic) | 80.91 80.36 93.65 94.2

6.4.2 Insurance fraud detection using SVM+NBTree

Tables 6.9 and 6.10 present the average results obtained using NBTree for automobile
insurance fraud detection problem with 500 and 1000 extra instances using full features of
the data, respectively. It is observed that using 500 extra instances our proposed approach
MALBA yielded best sensitivity of 75.73%. It has taken 6.2 seconds time to generate rules
and average number of rules extracted are 10. Based on the t-test values it is observed that
using full features of the data MALBA stands best and its performance is statistically

significant as well.

Top seven features selected for Results and discussions are; Make, Accident Area, Marital
Status, Fault, Vehicle Category, Age of Vehicle and Base Policy. Average results obtained
using 500 and 1000 instances with reduced features are presented in Table 6.11 and 6.12,
respectively. It is observed that our proposed approach MALBA yielded best sensitivity of
88.48% with 1000 extra instances and consumed least time of 3.5 seconds for extracting on
average 17 rules. It is observed that again hybrids’ performance is better with reduced
features than that of the corresponding hybrids’ performance using full features of the data.
Rules extracted by MALBA using NBTree with reduced feature set is presented in Table
6.13. It is observed from the rules that marital status, vehicle and base policy are the

feature playing vital role in deciding about the fraud.
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Table 6.9: Average Results of Insurance Fraud Detection
using SVM+NBTree (500 Extra Instances)

Model ______ Validation _
Sensitivity | Specificity | Accuracy | t-test | Time | Rules
SVM 70.76 63.20 63.65 |3.554| 6.8
ALBA 70.65 62.68 63.16 |3.082| 51.3 | 29
ALBA(SVs) 74.70 60.46 61.34 |0.537| 135 | 10.9
MALBA 75.73 59.76 60.62 - 6.2 10
MALBA(Norm) 73.41 59.91 60.72 1.793 | 16.1 18
MALBA(Logistic) 74.35 59.24 60.15 0.873 | 21.1 16
Table 6.10: Average Results of Insurance Fraud Detection
using SVM+NBTree (1000 Extra Instances)
Model _____ Validation _
Sensitivity | Specificity | Accuracy | t-test | Time | Rules
ALBA 70.22 62.74 63.19 1575 | 62.3 44
ALBA(SVs) 74.11 58.78 59.42 0.236 | 18 16.1
MALBA 75.21 54.69 55.97 - 13.2 15
MALBA(Norm) 74.29 59.15 60.06 0.271 | 27 28
MALBA(Logistic) 75.05 58.33 59.84 004 | 239 | 17

Table 6.11: Average Results of Insurance Fraud Detection Feature Selection

SVM+NBTree (500 Extra Instances)

Model —— V_a!ic_jation -
Sensitivity | Specificity | Accuracy | t-test | Time | Rules
SVM 87.68 56.36 58.21 0.209 | 3.7

ALBA 88.00 56.27 58.17 0.118 | 12.6 30
ALBA(SVs) 88.43 55.13 57.19 - 5.8 | 12.2
MALBA 88.22 55.64 57.59 0.059| 2.5 13
MALBA(Norm) 88.00 55.74 57.67 0.119| 8.6 16
MALBA(Logistic) 88.16 54.77 56.73 |0.074| 9.8 15

Table 6.12: Average Results of Insurance Fraud Detection Feature Selection

SVM+NBTree (1000 Extra Instances)

Model —— V_a!idation -
Sensitivity | Specificity | Accuracy | t-test | Time | Rules
ALBA 87.84 56.56 58.44 | 0.177 | 12.9 26
ALBA(SVs) 88.05 55.33 57.29 0.115| 6.3 | 153
MALBA 88.48 55.60 57.57 - 3.5 17
MALBA(Norm) 88.11 55.88 57.82 0.103 | 9.8 18
MALBA(Logistic) 88.38 55.34 57.34 10.028 | 10.6 16
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It is observed from the results that the proposed hybrid MALBA using reduced feature data

and 1000 extra instances yielded the best sensitivity of 88.48%. Once again it is observed

that the hybrids using reduced feature data perform better than that of their corresponding

hybrids with full feature data. Based on t-test values it is observed that all the hybrids using

reduced feature data behave similarly i.e. hybrids using reduced feature are statistically

insignificant.
Table 6.13: Rules Extracted for Insurance Fraud Detection
using NBTree (reduced features)
R;Ie Antecedents Consequent
1 If Marital Status is Single and Base Policy is All Perils and non-Eraud
Age of Vehicle is Less than 6 years then
2 | If Marital Status is Single and Base Policy is Collision/Liability then Fraud
If Marital Status is Single and Base Policy is All Perils and
3 Age of Vehicle is Moregthan 6 years then ’ non-Fraud
If Marital Status is Married/Widow/Divorced and Manufacturer is
4 | Top 9 from manufacturers list and Vehicle Category is Sedan and Fraud
Fault is of Policy Holder
If Marital Status is Married/Widow/Divorced and Manufacturer is
5 | Top 9 from manufacturers list and Vehicle Category is Sedan and non-Fraud
Fault is of Third Party
If Marital Status is Married/Widow/Divorced and Manufacturer is
6 | Top 9 from manufacturers list and Vehicle Category is Sports/Utility Fraud
and Age of Vehicle is More than 3 years
7 If Marital Status is Married/Widow/Divorced and Manufacturer is Fraud

After 9th in the list

Fidelity obtained using Insurance Fraud detection data with and without feature selection is

presented in Table 6.14. It is observed based on fidelity that using reduced features the

hybrids perform more than 97% exactly like SVM and with full features slightly more than
87% only.
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Table 6.14: Average Fidelity for Insurance Fraud Detection SVM+NBTree

Model Full Features Feature Selection
500 1000 500 1000
ALBA 92.78 92.81 99.47 99.5
ALBA(SVs) 89.22 88.25 96.93 97.09
MALBA 88.82 88.97 97.08 96.69
MALBA(Norm) 88.13 87.78 97.27 97.48
MALBA(Logistic) | 87.87 88.4 97.04 | 96.77

6.4.3 Churn Prediction using SVM+DT

Rules are also extracted using decision tree algorithm as well. Tables 6.15 and 6.16 present
the results obtained using 500 and 1000 extra instances with full feature data for Churn
prediction problem, respectively. It is observed that with 500 extra instances the proposed
approach MALBA (Norm) yielded best sensitivity of 77.25%. The time taken to generate
rules using 500 extra instances using MALBA (Norm) is 10.3 seconds and the average
number of rules extracted are 46.8. based on t-test value it is observe that using 500 extra
instances MALBA (Norm) outperformed stand-alone SVM, original ALBA and ALBA
(SVs). Whereas using 1000 extra instances it is observed hat all the hybrids perform

similarly and MALBA (Logistic) stands best with 77.2% sensitivity.

Table 6.15: Average Results of Churn Prediction

using SVM+DT (500 Extra Instances)

Model —— V_a!idation -
Sensitivity | Specificity | Accuracy | t-test | Time | Rules
SVM 64.65 80.63 7955 [5414| 7.9

ALBA 65.2 82.65 81.48 |4.541| 37.6 | 117.3
ALBA(SVs) 72.7 80.38 79.25 1.725| 10.7 | 92.9
MALBA 75.05 75.99 76.43 ]0.914| 104 | 85.5
MALBA(Norm) 77.25 82.64 82.28 - 10.3 | 46.8
MALBA(Logistic) 75.2 83.19 82.71 0531 | 9.9 29
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Table 6.16: Average Results of Churn Prediction
using SVM+DT (1000 Extra Instances)

Model ______ Validation _
Sensitivity | Specificity | Accuracy | t-test | Time | Rules

ALBA 64.05 83 81.72 4,123 | 40.3 | 127
ALBA(SVs) 71.65 79.71 79.17 1.679 | 10.4 | 109.5
MALBA 72.85 81.3 80.7 1432 | 11.1 | 96.5
MALBA(Norm) 76.1 82.91 82.45 0.337 | 11 54.9
MALBA(Logistic) 77.2 80.58 80.35 - | 102 | 32.9

Tables 6.17 and 6.18 present the average results obtained using 500 and 1000 extra
instances with reduced features for Churn prediction problem, respectively. It is observed
that the proposed hybrid MALBA (SVs) with 1000 extra instances yielded best sensitivity
of 83.4%, whereas MALBA (SVs) with 500 extra instances yielded sensitivity of 83.05%.
It is observed that the hybrid perform better with reduced features compared to
corresponding hybrids’ performance with full features. Based on t-test values it is observed
that all the classifiers using reduced features perform similarly only. Table 6.19 presents
the sample rules extracted using DT with reduced feature data for Churn prediction
problem. Similar kind of results observed when rules are generated using NBTree and
rules generated using DT. Hybrids using reduced feature data perform better than their

corresponding hybrids using full feature data.

Table 6.17: Average Results of Churn Prediction Feature Selection
SVM+DT (500 Extra Instances)

Model —— V_a!idation -
Sensitivity | Specificity | Accuracy | t-test | Time | Rules
SVM 82.85 74.25 74.79 0.206 | 3.8

ALBA 81.90 74.59 75.09 1.167| 7.3 | 77.8
ALBA(SVs) 83.05 75.46 75.97 - 5.8 25
MALBA 82.35 76.44 76.84 |0.655| 5.8 | 30.1
MALBA(Norm) 82.30 76.36 76.76 | 0.794| 58 | 26.2
MALBA(Logistic) 82.85 75.50 76.00 |0.211| 58 | 184
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Table 6.18: Average Results of Churn Prediction Feature Selection
SVM+DT (1000 Extra Instances)

Model ______ Validation _
Sensitivity | Specificity | Accuracy | t-test | Time | Rules

ALBA 81.75 74.50 74.99 2.031| 7.6 93.1
ALBA(SVs) 83.40 71.47 72.26 - 58 | 36.1
MALBA 82.89 75.32 75.83 | 0.061| 5.78 | 40.78
MALBA(Norm) 82.00 75.41 75.85 146 | 5.8 39.1
MALBA(Logistic) |  82.55 75.41 75.89 |1.078| 58 | 19.5

Rules extracted using DT also imply that among 6 selected features it is Credit value and
Web transactions in current and previous month plays an important role in predicting

churn in bank credit card customers.

Table 6.19: sample Rules Generated for Churn Prediction using DT with reduced features

R;Ie Antecedents Consequent
1 If CRED-T <=594.78 and CRED-T-2 <=97.81 and T- Churner
WEB-T <=5
5 If CRED-T <=594.78 and CRED-T-2 <=97.81 and T- non-Churner
WEB-T >5
If CRED-T <=594.78 and CRED-T-2 > 97.81 and
3 Churner

CRED-T-1<=92.81

4 If CRED-T <=594.78 and CRED-T-2 > 97.81 and Churner
CRED-T-1>92.81

If CRED-T >=580.6 and CRED-T <=594.78 and CRED-
5 | T-2>=97.81 and CRED-T-2 <=102.7 and CRED-T-1 Churner
>=092.81 and CRED-T-1 <=95.31 and T-WEB-T <=1

If CRED-T >=580.6 and CRED-T <=594.78 and CRED-
6 |T-2>=97.81and CRED-T-2 <= 102.7 and CRED-T-1 > | non-Churner

92.81

The fidelity obtained using full features and reduced features are presented in Table 6.20. It
is observed based on fidelity that reduced feature data yielded better fidelity i.e. more than
92% compared to full feature data i.e. more than 83% only. Considering fidelity also it is
observed that hybrids with reduced features behave more like SVM than that of hybrids

with all features.
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Table 6.20: Average Fidelity for Churn Prediction SVM+DT

Full Features Feature Selection

Model 500 | 1000 500 1000
ALBA 84.46 | 8566 | 96.78 | 96.9
ALBA(SVs) 8249 | 83.01 | 9295 | 91.39
MALBA 83.46 | 837 | 9403 | 93.19
MALBA(Norm) | 83.73 | 84.37 | 93.94 | 93.87
MALBA(Logistic) | 82.24 | 83.15 | 93.967 | 94.11

6.4.4 Insurance fraud detection using SVM+DT

Tables 6.21 and 6.22 present the average results obtained using 500 and 1000 extra
instances using DT, respectively. It is observed that our proposed hybrid MALBA with
500 extra instances yielded best sensitivity of 74.27%. It consumed 8.8 seconds to extract
rules and it extracted 48 rules on average. t-test value indicate that the classifiers analyzed

perform similar only i.e. all the classifiers are statistically insignificant.

Table 6.21: Average Results of Insurance Fraud Detection
using SVM+DT (500 Extra Instances)

Model —— V_a!ic_jation -

Sensitivity | Specificity | Accuracy | t-test | Time | Rules

SVM 70.76 63.20 63.65 2.033| 6.8
ALBA 71.24 63.19 63.67 1.565 | 40.8 | 187
ALBA(SVs) 72.76 61.57 62.25 |0.752| 8.8 | 50.2
MALBA 74.27 61.00 62.08 - 8.8 48
MALBA(Norm) 71.35 62.87 63.38 1.281| 8.8 49
MALBA(Logistic) 72.49 61.39 62.06 |0.801| 8.8 48

Table 6.22: Average Results of Insurance Fraud Detection
using SVM+ DT (1000 Extra Instances)

Model —— V_a!idation -
Sensitivity | Specificity | Accuracy | t-test | Time | Rules
ALBA 69.62 63.65 64.00 1.578 | 45 196
ALBA(SVs) 70.97 62.25 62.77 0.974| 88 | 63.6
MALBA 73.68 59.13 60.00 - 8.8 67
MALBA(Norm) 70.70 62.29 62.80 1.192 | 8.8 70
MALBA(Logistic) 71.08 61.80 62.36 0.99 | 8.8 64
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Tables 6.23 and 6.24 present the average results obtained using 500 and 1000 instances
with reduced features for insurance fraud detection problem, respectively. It is observed
that our proposed hybrid MALBA (Logistic) with 500 extra instances yielded best
sensitivity of 87.99%, whereas the proposed MALBA with 1000 extra instances stand
second in the list with 87.89% sensitivity. The average time taken for MALBA (Logistic)
to generated rules is 4.7 seconds and the average number of rules extracted are 17. Table
6.25 presents the rules extracted using MALBA (Logistic) with reduced features. Once
again it is observed that hybrid with reduced feature yielded better sensitivity compared to
their corresponding hybrid with full feature.

Table 6.23: Average Results of Insurance Fraud Detection
Feature Selection+SVM+DT (500 Extra Instances)

Model ______ Validation _
Sensitivity | Specificity | Accuracy | t-test | Time | Rules

SVM 87.68 56.36 58.21 |0.086| 3.7
ALBA 87.78 56.48 58.36 | 0.056 | 5.7 37
ALBA(SVs) 87.84 55.96 57.87 0.042 | 4.7 16.3
MALBA 87.67 56.03 57.92 |0.089| 4.7 17
MALBA(Norm) 87.62 56.58 58.44 |0.101| 4.7 21
MALBA(Logistic) 87.99 56.58 58.46 - 4.7 17

Table 6.24: Average Results of Insurance Fraud Detection
Feature Selection SVM+DT (1000 Extra Instances)

Model —— V_a!idation -
Sensitivity | Specificity | Accuracy | t-test | Time | Rules
ALBA 87.57 56.48 58.34 0.09 | 5.7 41
ALBA(SVs) 87.62 56.37 58.25 |0.074| 4.7 | 23.3
MALBA 87.89 55.81 57.74 - 4.7 24
MALBA(Norm) 87.77 57.22 59.02 0.032 | 4.7 26
MALBA(Logistic) 87.84 56.31 58.20 |0.015| 4.7 22
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Table 6.25: Rules Extracted for Insurance Fraud Detection using Decision Tree

Rule

Antecedents

Consequent

If Policy Holder is at Fault and Base Policy is All Perils and
Vehicle Category is Sedan

non-Fraud

If Policy Holder is at Fault and Base Policy is All Perils and
Vehicle Category is Sports/Utility and Age of Vehicle is Less than 7

Fraud

If Policy Holder is at Fault and Base Policy is All Perils and
Vehicle Category is Sports/Utility and Age of Vehicle is More than 7 and
Accident Area is Rural and Manufacturer is Top 4 in the list

non-Fraud

If Policy Holder is at Fault and Base Policy is All Perils and
Vehicle Category is Sports/Utility and Age of Vehicle is More than 7 and
Accident Area is Rural and Manufacturer is After Top 4 in the list

Fraud

If Policy Holder is at Fault and Base Policy is All Perils and
Vehicle Category is Sports/Utility and Age of Vehicle is More than 7 and
Accident Area is Urban

Fraud

If Third Party is at Fault

non-Fraud

If Policy Holder is at Fault and Base Policy is Collision/Liability and
Vehicle Category is Sedan and Base Policy is All Perils/Collision and
Marital Status is Single

non-Fraud

If Policy Holder is at Fault and Vehicle Category is Sedan and
Marital Status is Married/Widowed/Divorced and
Manufacturer is Top 3 in the list and Age of Vehicle is Less than 6

Fraud

If Policy Holder is at Fault and Vehicle Category is Sedan and
Marital Status is Married/Widowed/Divorced and
Manufacturer is Top 3 in the list and Age of Vehicle is More than 6

non-Fraud

10

If Policy Holder is at Fault and Vehicle Category is Sedan and
Marital Status is Married/Widowed/Divorced and
Manufacturer is After Top 3 in the list

Fraud

11

If Policy Holder is at Fault and Base Policy is Collision/Liability and
Vehicle Category is Spots/Utility

Fraud

12

If Policy Holder is at Fault and Base Policy is Collision/Liability and
Vehicle Category is Sedan and Base Policy is Liability

Fraud

Average fidelity obtained is presented in Table 7.26. It is observed that the fidelity

obtained using reduced feature is much better with more than 97.7% than that of the

fidelity yielded using full feature data and it is more than 88.15% only. It is observed from

the results that hybrids perform best with reduced features than that of the hybrids using

full features.
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Table 6.26: Average Fidelity for Insurance Fraud Detection SVM+DT

Full Features Feature Selection

Model 500 | 1000 | 500 | 1000
ALBA 91.66 | 91.68 | 9957 | 99.56
ALBA(SVs) | 8837 | 8892 | 97.71 | 97.72
MALBA 88.15 | 8539 | 97.81 | 97.81
MALBA(Norm) | 88.43 | 8588 | 98.19 | 98.08
MALBA(Logistic) | 88.63 | 88.08 | 97.89 | 97.93

6.4.5 Overall Observations

It is observed that the data generated using MALBA with Normal distribution perform
better than the original ALBA (Martens et al., 2009), where generated instances were
combined with training set. Generated instances with training set results in increase in the
number of instances in training set and add to the complexity of the rule extraction

algorithm.

It is observed that the time consumed and the number of rules extracted using proposed
hybrids ALBA with support vector set, MALBA, MALBA using Normal distribution and
MALBA using Logistic distribution are very much less compared to the original ALBA
(Martens et al., 2009).

It is observed that the hybrids perform better with reduced feature data as compared to full
feature set with respect to sensitivity, number of rules, size of the rules and the time taken

for rule extraction.

It is observed from the empirical results that rules generated using NBTree perform better

compared to that of the rules extracted using DT in the following ways;
e The accuracy obtained by NBTree rules is better than that of DT.
e The time taken for NBTree generation is less than that of DT.

e The number of rules extracted using NBTree are less than that of DT.
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The length of the rules extracted using NBTree is smaller compared to that of DT

generated rules.

Comprehensibility of the rules is increased and the knowledge representation of

trained SVM is improved with small length and less number of rules.

It is observed that rules can provide better comprehensibility to the management and

management can consider these rules as early warnings and can make proper and in time

policies to avoid huge losses because of the churn.

It is observed from the rules that for Churn prediction problem, the Credit in the
account during current month and previous two months are the main driving

elements to determine customer churn.

It is also observed that web transactions during current month and previous month
also sometimes helps in deciding customer churning, likewise management can

take precautionary steps to avoid such churns.

Credit card transactions in current month also indicate churn propensity of

customers.

For Fraud detection problems also it is the comprehensibility of the system which matters a

lot for the service providing industry like Banks and Insurance Agency. Because of the

feature selection in first step, the rules generated are small and less in number resulting in

improved comprehensibility of the system.

It is observed based on the rules extracted that, Marital Status and Base policy are

the main driving elements for frauds.
It is observed that fraud is more likely with unmarried or single customers.

It is also observed that most of the accidents, claims and frauds are about Sports or
Utility vehicles only, whereas claims for Sedan category vehicles tend to be non-

frauds.
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e It is also observed that when the accident took place because of the third party
instead of the policy-holder, it tends to be a non-fraud case, whereas if the fault is
of the policy-holder then there may be chance of fraud.

6.5 Conclusions

In this chapter, we presented a research study about the modified active learning based
approach (MALBA) for rule extraction from SVM to solve customer Churn prediction in
Bank Credit Cards and Insurance Fraud detection. In this study we employed feature
selection using SVM-RFE algorithm during first phase, then extra instances are generated
during active learning phase and during final phase rule extraction is employed. For
Results and discussions in this chapter, we implemented original ALBA (Martens et al.
2009), MALBA, MALBA using Normal distribution and MALBA using Logistic
distribution. Rules are extracted using NBTree and DT separately. These rules can also be
considered as early warning system by the management. Churn prediction dataset is highly
unbalanced data with 93% good customers and 7% churned customers. Insurance fraud
detection dataset is also highly unbalanced with 94% legitimate cases and 6% fraudulent
cases. While solving the problems like churn prediction in bank credit card customers and
insurance fraud detection, sensitivity is accorded high priority by the experts. Accordingly,
by considering sensitivity alone, it is observed that the proposed rule extraction approach
using reduced features yielded better sensitivity compared to the hybrids with full features.
The number of rules and the size of the rules is small because of the reduced number of

features, resulting in the improvement of comprehensibility of the system.
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Chapten 7

Rule Extraction from SVR for Solving
Regression Problems

This Chapter presents an eclectic rule extraction approach proposed for solving regression
problems. First section presents the motivation behind the proposed approach. Proposed
approach is then presented in detail in second section. Brief description about the datasets
used for empirical study is presented in the next section. Fifth section discusses the results

and the implications. Final section concludes the chapter.

7.1 Motivation

It is observed that SVM is evolved to solve regression problems as well and is called as
SVR (Support Vector Regression). SVR solves regression problems based on the concept
of SVM introduced by Vapnik (1995) as described in Appendix A. Over the last decade,
different algorithms for extracting rules from SVM for solving classification problems
have been developed. However, rule extraction from SVR for solving regression problems
is never reported earlier. Further, the efficiency of Classification And Regression Tree
(CART), Adaptive Network based Fuzzy Inference System (ANFIS) and Dynamic
Evolving Fuzzy Inference System (DENFIS) to deal with regression problems and to
produce human comprehensible model was never analyzed in the literature of rule
extraction from SVM. In this chapter a hybrid approach for extracting rules from SVR to
solve regression problems is presented. CART, ANFIS and DENFIS are employed for

generating rules to solve regression problems.
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7.2 Proposed Eclectic Rule Extraction Technique

Despite superior performance of SVR for forecasting problems, it develops a black box
model. In this chapter we present a novel eclectic approach for extracting rules from SVR.
The proposed rule extraction procedure is carried out in two phases;

1. Extraction of support vectors and SVR predictions. Later, actual target values of the
support vectors are replaced by the predictions obtained using the developed SVR
model.

2. Rule generation using machine leaning techniques.

7.2.1 Extraction of Support Vectors and SVR Predictions

Support vectors are extracted from the given training set as an outcome of SVR training.
The predictive accuracy measured in terms of Root Mean Squared Error (RMSE) obtained
by SVR is computed and the set of support vectors corresponding to the experiments that
yielded the lowest RMSE are considered for the next phase of the hybrid. The dataflow for
phase 1 is depicted in Figure 7.1.

Training Set @

Support Vectors

ase SA: Support vectors an ase SP: Support Vectors an
| casesA:s d | | casesp:s Vi d |
|  corresponding Actual Target | | Target values predicted by SVR |

Figure 7.1: Phase 1 of the proposed hybrid
(Extraction of Support Vectors and SVR Predictions)

Two different datasets are constructed using the support vectors. Dataset Case-SA dataset
consists of the support vectors and their corresponding actual target values given in the

dataset. Dataset Case-SP dataset consists of the support vectors and the corresponding
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predicted target values of SVR. Using Case-SP dataset it is ensured that the rules generated
during phase 2 are indeed extracted from SVR and represents the knowledge learnt by
SVR during training.

7.2.2 Rule Generation

It is observed from the literature that researchers depend on decision tree alone for rule
generation purpose and for solving classification problems only. During this study
techniques viz., CART, ANFIS and DENFIS are explored and employed for rule
generation purpose to solve regression problems. Rules are generated using both Case-SA
dataset and Case-SP datasets. Figure 7.2 depicts phase 2 (rule generation) of the proposed
hybrid rule extraction method. Prediction accuracy of the rules is determined in terms of
Root Mean Squared Error (RMSE), the idea of error is that the lower the RMSE value,
higher the prediction rate is.

CART/ANFIS/
DENFIS

Validation

Y

Rules / Tree ]

v

Prediction Error
Root Mean Squared Error
(RMSE)

Figure 7.2: Phase 2 of the proposed hybrid (Rule Generation)

7.3 Problem Analyzed

We chose publicly available benchmark datasets for regression analysis from UCI machine
learning repository and StatLib (Data, Software and News from the Statistics Community)
repository. The datasets viz., Auto MPG, Body Fat, Boston Housing, Forest Fires and
Pollution are used to evaluate the proposed hybrid rule extraction procedure for solving

regression problems. Table 7.1 presents the feature and instance information about the
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datasets analysed in this research study. Table 7.2 presents the division of datasets
analysed into training and validation set as explained in Section 1.7 of Chapter 1.

Table 7.1: Dataset Information

Dataset Total instances | Features | Target Variable
Auto MPG 398 8 Miles Per Gallon
Body Fat 252 15 Body Mass Index
Boston Housing 506 14 MEDV
Forest Fires 517 13 Area effected
Pollution 60 16 Air pollution

Table 7.2: Division of the datasets into Training and Validation

Dataset Total instances | Training (80%) | Validation (20%)
Auto MPG 398 320 78
Body Fat 252 200 52
Boston Housing 506 500 106
Forest Fires 517 410 107
Pollution 60 50 10

7.4 Results and Discussion

Data mining tool RapidMiner is used for employing SVR algorithm. For rule generation
purpose, Salford Systems” CART software is employed. ANFIS is employed in MATLAB
and DENFIS is employed in NeuCom software. For developing SVR model all the kernels
such as Linear, Polynomial, RBF and Sigmoid were employed and SVR vyielding the least
error is selected for extraction of support vectors. Table 7.3 presents the average RMSE
values obtained by SVR. The kernel which yielded best accuracy is then selected to extract

support vectors set and is represented in boldface font in the table.

The proposed approach first extracts support vectors and the target values of these support
vectors are replaced by the predictions of SVR resulting in Case-SP dataset. Support
vectors with actual corresponding target values are called Case-SA dataset. The efficiency
of the proposed hybrid rule extraction procedure i.e. SVR+CART, SVR+ANFIS and
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SVR+DENFIS using Case-SP dataset is compared with stand-alone CART, ANFIS and
DENFIS and the hybrids SVR+CART, SVR+ANFIS and SVR+DENFIS using Case-SA
dataset. Extensive experiments are conducted on five benchmark datasets viz., Auto MPG,
Body Fat, Boston Housing, Forest Fires and Pollution, to demonstrate the effectiveness of
the proposed approach in generating accurate regression rules. Results tables presents the
results yielded on validation set only. As CART, ANFIS and DENFIS are also employed
in stand-alone fashion their respective RMSE for Case-SP dataset are not available.

Table 7.3: Average RMSE values by SVR for UCI benchmark datasets

Linear Polynomial RBF Sigmoid
RMSE | SVs | RMSE | SVs | RMSE | SVs | RMSE | SVs
Auto MPG 0.0814 | 144 | 0.0808 | 150 | 0.098 | 141 | 0.0815 | 144
Body Fat 0.0189 | 106 | 0.0441 | 106 | 0.1124 | 90 | 0.019 | 105
Boston Housing | 0.1115 | 188 | 0.0857 | 199 | 0.1468 | 183 | 0.1115 | 188
Forest Fires 0.0515 | 227 | 0.0518 | 242 | 0.0515 | 228 | 0.0515 | 228
Pollution 0.1187 | 28 | 0.1352 | 33 | 0.1416 | 25 | 0.1185 | 28

Dataset

Table 7.4 presents the average RMSE values for Auto MPG dataset using various
classifiers. As Polynomial kernel yielded the lowest RMSE of 0.0808 and hence the
support vectors extracted using polynomial kernel are used for rule generation purpose.
Our proposed hybrid SVR+CART using Case-SP dataset yielded highest prediction
accuracy against validation set with RMSE of 0.0274. It is observed that our propose
hybrid approach perform better than that of SVR algorithm from where the support vectors
are extracted and rules are generated. This implies that more generalized rules are
extracted. Further, it is also observed that rules extracted using Case-SP dataset perform
better than their corresponding Case-SA datasets. Furthermore, the Case-SP dataset
represents the knowledge of SVR in the form of predictions. The hybrids SVR+CART,
SVR+ANFIS and SVR+DENFIS with Case-SA dataset obtained the poorer RMSE values.
Table 7.5 presents sample rules extracted using SVR+CART and all the 26 rules are
presented in Table D.5 of Appendix D. It is observed from the rules that weight of the
vehicle, horse power and year of making are the most important features and play

important role in calculating mile per gallon feature.
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Table 7.4: Average RMSE values using Auto MPG dataset

Model Case-SA | Case-SP
CART 0.0484 NA
SVR + CART 0.0642 0.0274
DENFIS 0.3134 NA
SVR + DENFIS 0.1781 0.1604
ANFIS 0.1607 NA
SVR + ANFIS 0.937 0.1185

Table 7.5: Sample Rules Set using SVR + CART for Auto MPG dataset

R;Ie Antecedents Consequent
01 if WEIGHT <= 0.415226 and HORSEPOWER <= 0.146739 and 0473147

ORIGIN <= 0.75 and MODEL_YEAR <= 0.541667
if WEIGHT <= 0.415226 and ORIGIN <= 0.75 and
02 |MODEL_YEAR > 0.541667 and MODEL_YEAR <= 0.875 and 0.636408
HORSEPOWER <= 0.0380435

if WEIGHT <= 0.415226 and ORIGIN <= 0.75 and
03 |MODEL_YEAR > 0.541667 and MODEL_YEAR <= 0.875 and 0.529263
HORSEPOWER > 0.0380435 and HORSEPOWER <= 0.14673
if WEIGHT <= 0.415226 and HORSEPOWER <= 0.146739 and
ORIGIN <=0.75 and MODEL_YEAR > 0.875

04 0.619481

For Body fat dataset Linear kernel yielded the best prediction accuracy with RMSE of
0.0189 (see Table 7.3) and the extracted set of support vectors using linear kernel are then
used in the rule generation phase. Our proposed hybrid SVR+DENFIS with Case-SP
dataset yielded highest prediction accuracy on validation data with RMSE of 0.0048. It is
observed that SVR+DENFIS yielded the least RMSE compared to SVR itself. This also
implies that the more generalised rules are extracted using the proposed hybrid approach. It
is also observed that proposed hybrid with Case-SP dataset perform better than the hybrids
using Case-SA datasets. The rules extracted using SVR+DENFIS show GMF(X, y) i.e.
Gaussian Membership Function (mean, variance) in the antecedent part of the rule with all
the features. The prediction function does not change but the mean and variance values of
the features in the antecedent part changes. The rules extracted using the proposed hybrid
SVR+DENFIS with Case-SP dataset are 46. Sample rule set is presented in Table 7.7

below and full rule set is presented in Table D.6 of Appendix D.
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Table 7.6: Average RMSE values using Body Fat dataset

Model Case-SA | Case-SP
CART 0.0134 NA
SVR + CART 0.0314 0.0195
DENFIS 0.0311 NA
SVR + DENFIS 0.0201 0.0048
ANFIS 0.057 NA
SVR + ANFIS 0.052 0.047

Table 7.7: Sample Rules Set using SVR + CART for Body Fat dataset

R;Ie Antecedents Prediction

if X1 is GMF(0.50,0.34) and X2 is GMF(0.50,0.71) and X3 is
GMF(0.50,0.49) and X4 is GMF(0.50,0.73) and X5 is GMF(0.50,0.68)

01 and X6 is GMF(0.50,0.55) and X7 is GMF(0.50,0.54) and X8 is
GMF(0.50,0.39) and X9 is GMF(0.50,0.45) and X10 is GMF(0.50,0.44)
and X11 is GMF(0.50,0.30) and X12 is GMF(0.50,0.73) and X13 is
GMF(0.50,0.67) and X14 is GMF(0.50,0.53) Y =1.99
if X1 is GMF(0.50,0.35) and X2 is GMF(0.50,0.23) and X3 is - 0.99* X1
GMF(0.50,0.53) and X4 is GMF(0.50,0.83) and X5 is GMF(0.50,0.50) |+ 0.01* X3

02 and X6 is GMF(0.50,0.46) and X7 is GMF(0.50,0.48) and X8 is - 0.01* X4
GMF(0.50,0.50) and X9 is GMF(0.50,0.63) and X10 is GMF(0.50,0.67) | + 0.01 * X7
and X11 is GMF(0.50,0.24) and X12 is GMF(0.50,0.75) and X13 is + 0.01* X8
GMF(0.50,0.69) and X14 is GMF(0.50,0.19) - 0.01*X10

03

if X1 is GMF(0.50,0.78) and X2 is GMF(0.50,0.55) and X3 is
GMF(0.50,0.20) and X4 is GMF(0.50,0.76) and X5 is GMF(0.50,0.17)
and X6 is GMF(0.50,0.29) and X7 is GMF(0.50,0.26) and X8 is
GMF(0.50,0.20) and X9 is GMF(0.50,0.29) and X10 is GMF(0.50,0.19)
and X11 is GMF(0.50,0.20) and X12 is GMF(0.50,0.28) and X13 is

GMF(0.50,0.42) and X14 is GMF(0.50,0.14)

GMF(x, y); Gaussian Membership Function with mean x and variance y

Table 7.8 presents the average results obtained using Boston Housing dataset. As
Polynomial kernels yielded lowest RMSE of 0.0857 (See Table 7.3) and hence the support

vectors extracted using polynomial kernel are used in rule generation phase. The proposed
hybrid SVR+CART with Case-SP dataset yielded highest prediction accuracy with RMSE
of 0.0568. It is observed that SVR+CART using Case-SP dataset performed best

compared to that of SVR from where support vectors and rules are extracted. It is also

observed that the proposed hybrid using Case-SP dataset perform better than their
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corresponding hybrids using Case-SA dataset. Further it is observed that stand-alone
CART, ANFIS and DENFIS perform better than the hybrids using Case-SA dataset. Using
Boston Housing data also it is observed that our proposed hybrid approach yielded better
and generalized rules. Table 7.9 presents sample rules extracted using the proposed hybrid
SVR+CART using Case-SP dataset. Full rule set is presented in Table D.7 in Appendix D.

Table 7.8: Average RMSE values using Boston Housing dataset

Model Case-SA | Case-SP
CART 0.0657 NA
SVR + CART 0.0784 0.0568
DENFIS 1.1477 NA
SVR + DENFIS 0.4263 0.3101
ANFIS 0.5635 NA
SVR + ANFIS 0.7204 0.1509

Table 7.9: Sample Rules Set using SVR + CART for Boston Housing dataset

R;Ie Antecedents Prediction
01 if CRIM <= 0.059321 and LSTAT <= 0.104305 and 0.522726

RM <= 0.620617

if CRIM <= 0.059321 and LSTAT <= 0.104305 and
02 |RM > 0.620617 and RM <= 0.661142 0.580579

03 if CRIM <= 0.059321 and LSTAT > 0.104305 and 045106
LSTAT <= 0.164045 and RM <= 0.573864 '
if CRIM <= 0.059321 and LSTAT > 0.104305 and
04 |LSTAT <=0.164045 and RM > 0.573864 and RM 0.505173

<=0.661142

Table 7.10 presents the average RMSE values obtained using Forest Fires dataset. Using
this data RBF kernel yielded the lowest RMSE 0.0515 (See Table 7.3) and the support
vectors extracted using RBF kernel are selected for rule generation phase of the proposed
hybrid. The hybrid SVR + CART with Case SP obtained best prediction accuracy with
RMSE of 0.00031. The rules extracted using the hybrid SVR+CART with Case SP are
presented in Table 7.11. It is observed that the hybrid SVR+CART using Case-SP dataset
yielded the least RMSE compared to that of the stand-alone CART, ANFIS, DENFIS and

hybrids using Case-SA datasets. The rules extracted using SVR+CART show that month
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and rain are the two most important factors to predict the forest fires. It is also observed
once again that the rules generalizes well and proposed approach extract least number of
rules resulting in improved comprehensibility of the system.

Table 7.10: Average RMSE using Forest Fires dataset

Model Case-SA | Case-SP
CART 0.042 NA
SVR + CART 0.0442 0.00031
DENFIS 0.2516 NA
SVR + DENFIS 0.252 0.0099
ANFIS 0.3462 NA
SVR + ANFIS 0.099 0.0098

Table 7.11: Complete set of Rules using SVR+CART for Forest Fires dataset

Rule
#

Antecedents Prediction

1 [if MONTH <= 0.863636 and RAIN <= 0.578125 |0.00346333
2 |if MONTH <= 0.863636 and RAIN >0.578125 |0.00667844
3 |if MONTH > 0.863636 0.00532111

Table 7.12 presents the results obtained using Pollution data. As the sigmoid kernel
yielded the lowest prediction error using pollution data (See Table 7.3) the support vectors
extracted using the sigmoid kernel are used for rule generation. The hybrid SVR+DENFIS
with Case-SP dataset outperforms other approaches with RMSE value of 0.0765. Table
7.13 presents sample rules and total 26 rules extracted using the proposed hybrid
SVR+DENFIS with Case-SP dataset are presented in Table D.8 of Appendix D. It is
observed from the empirical results that once again the proposed hybrid approach
SVR+DENFIS using Case-SP dataset yielded best prediction accuracy compared to stand-
alone approaches, hybrid using Case-SA dataset and SVR as well. The rules extracted rules
DENFIS carry GMF(x, y) in antecedents part of the rules which is Gaussian Membership

Function with mean x and variance y.

122



Table 7.12: Average RMSE values using Pollution dataset

Model Case-SA Case-SP
CART 0.1127 NA
SVR + CART 0.1512 0.0854
DENFIS 0.1395 NA
SVR + DENFIS 0.2499 0.0765
ANFIS 0.1034 NA
SVR + ANFIS 0.1145 0.0956

Table 7.13: Sample set of Rules using SVR+CART for Pollution dataset

R;Ie Antecedents Prediction

if X1 is GMF(0.50,0.82) and X2 is GMF(0.50,0.59) and X3 is
GMF(0.50,0.69) and X4 is GMF(0.50,0.35) and X5 is GMF(0.50,0.88)
and X6 is GMF(0.50,0.39) and X7 is GMF(0.50,0.05) and X8 is

01 |GMF(0.50,0.25) and X9 is GMF(0.50,0.95) and X10 is GMF(0.50,0.34)| _ ¥ = 1.30
and X11 is GMF(0.50,0.91) and X12 is GMF(0.50,0.09) and X13is | * 0-38 " X1
GMF(0.50,0.13) and X14 is GMF(0.50,0.55) and X15 is -0.20% X2
GMF(0.50,0.31) - 813 . ij
if X1 is GMF(0.50,0.64) and X2 is GMF(0.50,0.34) and X3 is 012 %6
GMF(0.50,0.37) and X4 is GMF(0.50,0.82) and X5 is GMF(0.50,049) | _ (0o « 3o
and X6 is GMF(0.50,0.93) and X7 is GMF(0.50,0.70) and X8 is + 0.6 % X8

02 [GMF(0.50,0.40) and X9 is GMF(0.50,0.11) and X10 is GMF(0.50.0.77)| ; &1 g
and X11 is GMF(0.50,0.13) and X12 is GMF(0.50,0.07) and X131is | * >, 700
GMF(0.50,0.13) and X14 is GMF(0.50,0.48) and X15 is .03+ 11
GMF(0.50,0.39) 003 %12
if X1 is GMF(0.50,0.68)and X2 is GMF(0.50,0.24) and X3 is £ 0.02 * X13
GMF(0.50,0.15) and X4 is GMF(0.50,0.95) and X5 is GMF(0.50,0.53) |, 015 * x 14
and X6 is GMF(0.50,0.64) and X7 is GMF(0.50,0.54) and X8 is 001 * XI5

03

GMF(0.50,0.29) and X9 is GMF(0.50,0.05) and X10 is GMF(0.50,0.46)
and X11 is GMF(0.50,0.28) and X12 is GMF(0.50,0.05) and X13 is
GMF(0.50,0.05) and X14 is GMF(0.50,0.09) and X15 is
GMF(0.50,0.39)

GMF(x, y); Gaussian Membership Function with mean x and variance y

It is observed from the experiments that the proposed hybrids SVR+CART, SVR+ANFIS
and SVR+DENFIS with Case-SP dataset obtained better prediction accuracies, compared
to other hybrids SVR+CART, SVR+ANFIS and SVR+DENFIS with Case-SA dataset and
stand-alone CART, ANFIS and DENFIS. It is also observed from the experiments that the
hybrid SVR+CART with Case-SP dataset obtained the best prediction accuracy in case of
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Auto MPG, Boston Housing and Forest Fires datasets and SVR+DENFIS with Case-SP
dataset obtained best results for Body Fat and Pollution datasets. Stand-alone CART,
ANFIS and DENFIS performed better compared to the hybrid SVR+CART, SVR+ANFIS
and SVR+DENFIS with Case-SA dataset, because stand-alone approaches use all the
training samples to learn where as hybrids using Case-SA dataset utilize only support
vector set with corresponding actual target values. Further, it is observed that more
generalized rules are generated using the proposed approach i.e. Case-SP dataset and rules
extracted using Case-SP dataset yielded less error than that of SVR using which support

vectors are extracted.

7.5 Conclusions

In this chapter, we propose a new hybrid rule extraction approach for solving regression
problems using SVR. The proposed approach involves two major phases. During first
phase, support vectors are extracted from SVR and the predictions are obtained for those
support vectors using trained SVR. The dataset of extracted support vectors with actual
corresponding actual target values available is referred to as Case-SA dataset, whereas in
Case-SP dataset the corresponding target values are replaced by the predictions given by
SVR. Later these modified support vectors are fed to one of CART, ANFIS and DENFIS
separately in second phase i.e. rule generation phase. Using Case-SP dataset we are
ensuring that the rules generated during second phase are indeed extracted from SVR.
From the analysis it is concluded that the proposed hybrid SVR+CART, SVR+ANFIS and
SVR+DENFIS with Case-SP dataset achieved higher accuracy than the accuracies
obtained using stand-alone CART, ANFIS, DENFIS, hybrids SVR+CART, SVR+ANIFS
and SVR+DENFIS with Case-SA dataset. Stand-alone CART, ANFIS and DENFIS
achieved better accuracy compared to the hybrids SVR+CART, SVR+ANFIS and
SVR+DENFIS using Case-SA dataset. It is concluded that, using the proposed hybrid
approach more generalized rules are extracted and these rules perform better than that of
SVR. We conclude that the proposed hybrid is a viable alternative to generating rules from

SVR for solving regression problems.
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Chapter §

Overall Conclusions and Future Directions

Although Support Vector Machines have been used to develop highly accurate
classification and regression models in various real-world problem domains, the most
significant barrier is that, they generate models that are difficult to understand. The
procedure to convert these opaque models into transparent models is called rule extraction.
This thesis investigates the task of extracting comprehensible models from trained SVMs

for solving classification and regression problems, thereby alleviating this limitation.

This thesis investigates various ways to extract the knowledge learnt by trained SVM. In
the research work presented in this thesis, we proposed various rule extraction approaches
to represent the knowledge learnt by SVM and we solved problems in banking and finance
using the rules extracted. There are two dimensions to the rule extraction approach (i) rule
extraction using SVM and (ii) rule extraction from SVM. During rule extraction using
SVM, SVM s used as a pre-processor only, where only support vectors are extracted
resulting in Case-SA dataset. During rule extraction from SVM, the trained SVM is used
for prediction purpose as well, resulting in two variants of the datasets i.e. Case-P and
Case-SP, where Case-P represents the training data with SVM predictions and Case-SP
represents the support vector set with SVM predictions, respectively. However, feature
selection using SVM-RFE algorithm spans both the dimensions. The thesis addresses both
the dimensions equally. The modified data is the replica of the knowledge learnt by SVM
during training. Later, modifications to active learning based approach are proposed for

solving data mining problems in finance.

This thesis also investigates the efficiency of our proposed rule extraction approach in
solving the problem of Bankruptcy Prediction in Banks. Bankruptcy prediction in banks
and corporate firms is the most researched area in the field of finance. Bank management

would be interested in the comprehensibility of the algorithms used for predictions. We
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extracted fuzzy rules for bankruptcy prediction problems using fuzzy rule based systems
and the efficiency of the fuzzy rules is then compared with the rules extracted using
Decision Tree. It is observed from the results that fuzzy rules perform better than decision

tree rules and are more comprehensible in nature.

In this thesis an eclectic approach is proposed to extract rules from SVR for solving
regression problems. No rule extraction approach is proposed for solving regression
problems using SVR in earlier research work in this field. We proposed a rule extraction
from SVR approach for solving regression problem for the first time in literature. We
employed CART, ANFIS and DENFIS for generating rules for regression problems. It is
observed that rules extracted using our proposed approach to solve regression problems
increases the generalization ability of the SVR and produces accurate comprehensible

models.

In real world data mining applications the datasets are highly unbalanced. It is observed
from the literature that standard machine learning techniques tend to learn better about
majority class, thus producing poor prediction accuracy over the minority class and usually
the objective of the study is predicting minority class. We proposed a rule extraction
approach to extract rules for solving such unbalanced and medium scale problems. Churn
prediction in credit card customers’ problems is solved during this study and the dataset
analyzed during this study is unbalanced in nature and medium scale in size. Various
balancing techniques are employed to bring the balance in dataset before extracting rules.
NBTree algorithm is employed to extract rules, which is capable of learning better and
faster for large datasets. It is observed that our proposed rule extraction approach with

SMOTE data produced the most accurate results.

Later, modifications to Active Learning Based Approach (Martens et al., 2009) are
proposed, where extra instances are generated near decision boundary of SVM using
various distributions such as Normal and Logistic. Data mining problems such as Churn
prediction in bank credit card customers’ and fraud detection in Insurance are solved using
MALBA. NBTree algorithm is employed for extracting rules. During this study, we

highlighted the importance of support vectors with newly generated data. Despite using
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unbalanced datasets for analysis, it is observed that our proposed approach yielded better
results than that of the best results reported in literature for these problems. It is also
observed that, when we used artificially generated instances with support vectors instead of
training set, the complexity of the rule extraction procedure is reduced and the extracted
rules are also less in number resulting in high comprehensibility.

Overall, in this thesis various approaches to extract the knowledge of SVM in the form of
if-then rules are presented in all the categories of the framework of decompositional,
pedagogical and eclectic methods of rule extraction. We have analyzed the efficiency of
various rule generating algorithms for extracting rules such as; FRBS, CART, DT, ANFIS,
DENFIS, NBTree. As the problems solved are from banking and finance domain,
management would be interested to have transparent model to understand how a customer
is behaving etc. or the financial health of a bank. Rules extracted can later be used as an
early warning system by the management of the bank and they can take right decisions at
right times to avoid heavy losses to the organization.

Future Directions

A very important topic in this area requiring further investigation is how to extend rule
extraction methods to the case of SVM incremental and active learning, and how to embed
a rule extraction method into an online data mining applications. In these cases, more

attention should be paid to the time complexity of the proposed algorithms.

Performing feature selection using SVM-RFE prior to extract fuzzy rules from SVM could

be another direction for future work.

Time series problems can also be addressed with respect to rule extraction from SVM.
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b pendin /4

Overview of SVM/SVR and SVM-RFE

This section provides the detailed overview of the machine learning techniques used for
rule generation purpose. The techniques discussed in this section are Support Vector
Classification, Support Vector Regression and SVM-Recursive Feature Elimination.

A.1 Support Vector Machine

The theoretical foundation of support vector machine (SVM) is given by statistical
learning theory (Vapnik 1995). SVM was largely developed at AT&T Bell Labs by Vapnik
and co-workers (Boser et al. 1992; Guyon et al. 1993; Cortes and Vapnik 1995; Scholkopf
et al. 1995; Scholkopf et al. 1996; Vapnik et al. 1997). Due to this industrial context, SVM
research has up-to-date had a sound orientation towards real world applications. A
comprehensive tutorial for support vector classifiers has been published by Burges (1998).
Support vector regression (SVR) has shown superior performance in many real time
applications (Muller et al. 1997; Ducker et al. 1997; Stitson et al. 1999; Mattera and haykin
1999; Tay and Cao 2002; Eads et al. 2002; Cao and Tay 2003; Chen and Ho 2005; Lin et
al. 2006). SVM transforms non-linear problems into ones in multidimensional space using
kernel functions and tries to find linear separating hyperplane margin. The problem of
empirical data modelling is germane to many engineering applications. In empirical data
modelling a process of induction is used to build up a model, from which it is hoped to
deduce responses of the system that have yet to be observed. Ultimately the quantity and
quality of the observations govern the performance of the empirical model. By its
observational nature data obtained is finite and sampled, typically this sampling is non-
uniform and due to the high dimensional nature of the problem the data will form only a
sparse distribution in the input space. Consequently the problem is nearly always ill posed

(Poggio et al., 1985) in the sense of Hadamard (1923). Traditional neural network
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approaches have suffered difficulties with generalization, producing models that can
overfit the data. This is a consequence of the optimisation algorithms used for parameter
selection and the statistical measures used to select the “best” model. The foundation of
Support Vector Machines (SVM) have been developed by Vapnik (1995) and are gaining
popularity due to many attractive features, and promising empirical performance. The
formulation embodies the Structural Risk Minimisation (SRM) principle, which has been
shown to be superior (Gunn et al., 1997), to the traditional Empirical Risk minimisation
(ERM) principle that is employed by conventional neural networks. SRM minimises an
upper bound on the expected risk, as opposed to ERM that minimises the error on the
training data. It is this difference which equips SVM with a greater ability to generalise,
which is the goal in statistical learning. SVMs were developed to solve the classification
problem, but recently they have been extended to the domain of regression problems
(Vapnik et al., 1997).

A.l.1l VC Dimension

The VC dimension is a scalar value that measures the capacity of a set of functions. The

VC dimension of a set of functions is p if and only if there exists a set of points {x; |’ ,
such that these points can be separated in all 2p possible configurations, and that no set

{xi }iq:lexists where q > p satisfying this property. Figure A.1 illustrates how three points
in the plane can be shattered by the set of linear indicator functions whereas four points
cannot. In this case the VC dimension is equal to the number of free parameters, but in
general that is not the case; e.g. the function Asin(b, Jhas an infinite VC dimension

(Vapnik, 1995). The set of linear indicator functions in n dimensional space has a VC

dimension equal to n+1.

Figure A.1: VC Dimension Illustration
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A.l.2 Structural Risk Minimisation

Create a structure such that S, is a hypothesis space of VC dimension h then,
S,cS,c..cS,, a.l
SRM consists in solving the following problem

ZEEAN

If the underlying process being modelled is not deterministic the modelling problem
becomes more exacting. Multiple output problems can usually be reduced to a set of single
output problems that may be considered independent. Hence it is appropriate to consider
processes with multiple inputs from which it is desired to predict a single output.

A.1l3 Support Vector Classification

The goal is to produce a classifier that will work well on unseen examples, i.e. it
generalises well. Consider the example in Figure A.2. Here there are many possible linear
classifiers that can separate the data, but there is only one that maximises the margin. This

linear classifier is termed the optimal separating hyperplane.

Figure A.2: Optimal Separating Hyperplane
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AlA4 Linearly Separable Case

Consider the problem of separating the set of training vectors belonging to two separate
classes,

D={(x, Yo ) (X, V1)l xeR,,ye{-11}, a.3
with a hyperplane,
(W, x)+b=0. a.4

The set of vectors is said to be optimally separated by the hyperplane if it is separated
without error and the distance between the closest vector to the hyperplane is maximal.
There is some redundancy in Equation a.4, and without loss of generality it is appropriate
to consider a canonical hyperplane (Vapnik, 1995), where the parameters w, b are
constrained by,

min|(w, x; ) +b|=1. a.5
A separating hyperplane in canonical form must satisfy the following constraints,
Y [(w,x ) +b]21, i=1..,1. a.6

The distance d(w, b; x) of a point x from the hyperplane (w, b) is,
a.7

The optimal hyperplane is given by maximising the margin, p, subject to the constraints of
Equation a.6. The margin is given by, as shown in Figure A.3 below and the learning of the

optimal separating hyperplane is shown in Figure A.4.

131



p(w,b)= min d(w,b; X; )+ minld(w,b; X; )
XiiYi=— XiiYi=:

- KW xi>+b‘+ - KW xi>+b‘

= X Yi=—1 ||W|| XY=l ||V\/||
. i a.8
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Figure A.4: How do SVM choose the margin?
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Hence the hyperplane that optimally separates the data is the one that minimises

()= | 29

The VC dimension, h, of the set of canonical hyperplanes in n dimensional space is

bounded by,
h < min|R?A? n]+1 a.10
where R is the radius of a hypersphere enclosing all the data points.

The solution to the optimisation problem of equation a.9 under the constraints of equation
a.6 is given by the saddle point of the Lagrange Functional (Lagrangian) (Minoux, 1986),

@ 0,0)= > |w _i';ai (y,[fw, ) +b]-1), all

where alpha are the Lagrange multipliers. The Lagrangian has to be minimised with
respect to w, b and maximised with respect to alpha>=0. Classical Lagrangian duality
enables the primal problem, equation a.11, to be transformed to its dual problem, which is

easier to solve. The dual problem is given by,

mng(a) = max(min @(w,b, a)) a.12

a w,b

The minimum with respect to w and b of the Lagrangian, @, is given by,

|
62 =0= Zai y, =0
ob =
a.l3

oD !
_:O:W:E V. X
a alyl 1

i=1

Hence from equation a.11, a.12 and a.13, the dual problem is,

l | | |
mgxw(a):mgx—EZZaiajyiyj<xi,xj>+kz_1:ak, a.14

i-1 j=1
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and hence the solution to the problem is given by,

a” =arg min—Zzllociozjyiyj<xi,xj>+205k a.15

1
« 2973 k=1
with constraints

a,>20 i=1..l

' .16
2.a;¥;=0 :
=1

Solving Equation a.15 with constraints Equation a.16 determines the Lagrange multipliers,

and the optimal separating hyperplane is given by,

|
wW* = Zai YiX

=1 a.17
b* = —%(w*,x, + X, ).

where X, and x; are any support vector from each class satisfying,
a,, o, >0, y,=-1 vy, =1 a.18

The hard classifier is then,

f (x) =sgn((w,x) +b) a.19

Alternatively, a soft classifier may be used which linearly interpolates the margin,

-1:2z2<-1
f(x)=h((w*,x)+b) where h(z)=1 z : -1<z<1 a.20
+1:z>1

This may be more appropriate than the hard classifier of Equation a.19, because it produces
a real valued output between -1 and 1 when the classifier is queried within the margin,

where no training data resides. From the Kuhn-Tucker conditions,
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ai(yi[<w,xi>+b]—1):0, i=1...1, a.21
and hence only points x; which satisfy,
Yi [<W’ Xi>+b]:1 a.22

will have non-zero Lagrangian multipliers. These points are termed support vectors (SVs).
If the data is linearly separable all the SVs will lie on the margin and hence the number of
SVs can be very small. Consequently the hyperplane is determined by a small subset of the
training set. The other points could be removed from the training set and recalculating the
hyperplane would produce the same answer. Hence, SVM can be used to summarise the
information contained in a dataset by the SV produced. If the data is linearly separable the
following equality will hold.

W' -Ya - Yo ¥ Taayy,lxy)

ieSV, ieSV, jeSV,

Hence from Equation a.10 the VC dimension of the classifier is bounded by,

hSmin{Rzz,n}+L a.24

ieSV,

and if the training data X is normalised to lie in the unit hypersphere.

h<1+ min{z ,n}, a.25

ieSVy
A.l5 Linearly Non-Separable Case
There are two approaches to generalising the problem, which are dependent upon prior
knowledge of the problem and an estimate of the noise on the data. In the case where it is
expected (or possibly even known) that a hyperplane can correctly separate the data, a

method of introducing an additional cost function associated with misclassification is

appropriate. Alternatively a more complex function can be used to describe the boundary.

135



To enable the optimal separating hyperplane method to be generalised, Cortes and Vapnik
(1995) introduced non-negative variables, & >0, and a penalty function,

=3¢& o>0 2.26

where the & are a measure of the misclassification errors. The optimisation problem is

now posed so as to minimise the classification error as well as minimising the bound on
the VC dimension of the classifier. The constraints of Equation a.6 are modified for the
non-separable case to,

v lwx)+b]=1-¢&, i=1...,1. a.27

where & >0. The generalised optimal separating hyperplane is determined by the vector

w, that minimises the functional,

d(w, &) = —||vv|| CZ; , a.28

(where C is a given value) subject to the constraints of Equation a.27. the solution to the
optimisation problem of Equation a.28 under the constraints of Equation a.27 is given by

saddle point of the Lagrangian (Minoux, 1986),
1 | |
Dwb,a. &, f)= W +CE D e (v [w'x +b]-1+)-> g 2.29
i i=1 j=1

where alpha, beta are the Lagrange multipliers. The Lagrangian has to be minimised with
respect to w, b, x and maximised with respect to alpha and beta. The dual problem is then

given by,
maxW (a, ) = max(mln ®(w,b, e, &, ﬂ)j a.30

a.p

The minimum with respect to w, b and & of the Lagrangian, @, is given by,
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oD

—=0=

. Zay.

oD

—=0=>w= VX a.31
6W ;alyl 1
aﬂ:o:aﬁﬁi =C

¢

Hence from Equation a.29, a.30 and a.31 the dual problem is,

max W (o max——ZZaa VY (X, J>+Zo¢k, a.32

i=1 j=1

and hence the solution to the problem is given by,

or*=argmin - ZZa <,, J>+Zock, a.33

i=1 j=1

with constraints,
a.34

C can be directly related to a regularisation parameter (Girosi 1997; Smola and Scholkopf,
1998). Blanz et al., (1996) uses a value of C = 5, but ultimately C must be chosen to reflect

the knowledge of the noise on the data.

A.l.6 Feature Space

In the case where a linear boundary is inappropriate the SVM can map the input vector X
into a high dimensional feature space z. By choosing a non-linear mapping a priori, the
SVM constructs an optimal separating hyperplane in this higher dimensional space as
shown in Figure A.5 and Figure A.6. The idea exploits the method of Aizerman et al.,
(1964) which, enables the curse of dimensionality (Bellman, 1961) to be addressed.
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Figure A.5: Mapping Low Dimension Input Space to High Dimensional Feature Space
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Figure A.6: Mapping into Non-Linear Feature Space

There are some restrictions on the non-linear mapping that can be employed, but it turns
out, surprisingly that most commonly employed functions are acceptable. Among
acceptable mappings are polynomials, radial basis functions and certain sigmoid functions.

The optimisation problem of Equation a.33 becomes,

. 1 | | |
a*:argmagnEZZaiajyiyj(xi,xj)—kzzl:ak, a.35

i=1 j=1

where K(x, x’) is the kernel function performing the non-linear mapping into feature space,
and the constraints are unchanged,
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a.36

A hard classifier implementing the optimal separating hyperplane in the feature space is

given by,

f(x):sgn(Zai y K(x,,X)+ b] a.37

ieSVy

where

(w*, x) = 4 y, K(x;,X)

I‘ a.38

== S [Kx %, )+ K(xox )
i=1

The bias is computed here using two support vectors, but can be computed using all the
SVs on the margin for stability (Vapnik et al., 1997). If the Kernel contains a bias term, the

bias can be accommodated within the Kernel, and hence the classifier is simply,

f(x)= sgn[ > aK(x;, x)} a.39
ieSVy

Many employed kernels have a bias term and any finite Kernel can be made to have one

(Girosi, 1997). This simplifies the optimisation problem by removing the equality

constraint of Equation a.36.

The idea of the kernel function is to enable operations to be performed in the input space
rather than the potentially high dimensional feature space. Hence, the inner product does
not need to be evaluated in the feature space. This provides a way of addressing the curse
of dimensionality. However, the computation is still critically dependent upon the number
of training patterns and to provide a good data distribution for a high dimensional problem

will generally require a large training set.
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A.l7 Kernel Functions

The following theory is based upon Reproducing Kernel Hilbert Spaces (RKHS)
(Aronszajn, 1950; Girosi, 1997; Heckman, 1997; Wahba, 1990). An inner product in
feature space has an equivalent kernel in input space,

K (x,x") = {#(x), ¢(x), a.40

provided certain conditions hold. If K is a symmetric positive definite function, which

satisfies Mercer’s Conditions,

K(xx)= Y ot (U (X'), 20, a.41

” K(x,x")g(x)g(x')dxdx’ >0, gelL,, a.42

then the kernel represents a legitimate inner product in feature space. Valid functions that
satisfy Mercer’s conditions are now given, which unless stated are valid for all real x and

x’.

Polynomial

A polynomial mapping is a popular method for non-linear modelling,

K (%, x")= (x,x")". a.43

K(x,x")= ((x x') +1)d . a.44

The second kernel is usually preferable as it avoids problems with the hessian becoming

Zero.

Radial Basis Function

Radial basis functions have received significant attention, most commonly with a Gaussian

of the form,
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12
K(x,x")= exp(— u} a.45

produces a piecewise linear solution which can be attractive when discontinuities are

acceptable.

Multi-Layer Perceptron

The long established MLP, with a single hidden layer, also has a valid kernel

representation,
K (x,x") = tanh(p(x, X'} + g) a.46

for certain values of the scale, p, and offset, g, parameters. Here the SV correspond to the

first layer and the Lagrange multipliers to the weights.

However, this kernel is probably not a good choice because its regularisation capability is
poor, which is evident by consideration of its Fourier transform (Smola and Scholkopf,
1997).

A.1.8 Kernel Selection

It is very much difficult to select or suggest a best mapping for a particular problem? But
with the inclusion of many mappings within one framework it is easier to make a
comparison. As a final caution, even if a strong theoretical method for selecting a kernel is
developed, unless this can be validated using independent test sets on a large number of
problems, methods such as bootstrapping and cross-validation will remain the preferred

method for kernel selection.

Support Vector Machines are an attractive approach to data modelling. They combine

generalisation control with a technique to address the curse of dimensionality. the

formulation results in a global quadratic optimisation problem with box constraints, which

is readily solved by interior point methods. The kernel mapping provides a unifying

framework for most of the commonly employed model architectures, enabling

comparisons to be formed. In classification problems generalisation control is obtained by
141



maximising the margin, which corresponds to minimisation of the weight vector in a
canonical framework. The solution obtained as a set of support vectors that can be sparse.
These lie on the boundary and as such summarise the information required to separate the
data. the minimisation of the weight vector can be used as a criterion in regression

problems, with a modified loss function.

Usually more than one kernel used in the literature to map the input space into feature
space (Cristianini and Shawe-Taylor, 2000). The question is which kernel functions
provide good generalization for a particular problem. One has to use more than one kernel
function for a particular problem in order to resolve this issue. Because of the approximate
mapping of input space to higher dimensional feature space using different kernel
functions, support vectors extracted are different and the number of support vectors varies

as well for each kernel.
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A.2 Support Vector Regression

SVMs can also be applied to regression problems by the introduction of an alternative loss
function (Smola, 1996). The loss function must be modified to include a distance measure.
Various forms of loss functions are shown in Figure A.7. Figure A.8 shows the curve
obtained using soft margin using a linear SVR.
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Figure A.7: (a, b and c) produce no sparseness in the support vectors, to address this issue
Vapnik proposed the loss function in Figure A.7 (d) as an approximation to Huber’s loss

function that enables a sparse set of support vectors to be obtained.
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Figure A.8: The soft margin loss setting of Linear SVR.
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A2l Linear Regression

Consider the problem of approximating the set of data,
D={x,¥,).... (x,y,), xeR"ye®R, a.47
with a linear function,

f(x)=(w,x)+b a.48

The optimal regression function is given by the minimum of the functional,
1, .2 _ '
o(w.¢)= | +CY (& +&7) 2.49

where C is pre-specified value, and &~ and &' are slack variables representing upper and

lower constraints on the outputs of the system.

€ -insensitive Loss Function

using an e-insensitive loss function, Figure 5.1(d),

a.50

Lg(y):{o for [f(x)-y|<e

[f(x)—y|—¢ otherwise

the solution is given by,

max W (cr, o *) max——zz a; —q )<X,, X; +Za o (y, +¢) a.51

* *
a,a a,a i1 j1

or alternatively,

a,a —argmax—%zllzll(a -, Xa -, XX,, J le *)yi +izl=1:(ai +ai*)€

i=1 j=1 i=1
a.b2

with constraints,
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a.53

Solving Equation a.51 with constraints Equation a.53 determines the Lagrange multipliers,

a, a*, and the regression function is given by Equation a.48, where

W= (o -

= a.54
b= —%(v‘v,(xr + X, ).

The Karush-Kuhn-Tucker (KKT) conditions that are satisfied by the solution are,

*

a,a; =0, i=1...1. a.55

Therefore the support vectors are points where exactly one of the Lagrange multipliers is
greater than zero. When epsilon=0, we get the L1 loss function and the optimisation

problem is simplified,

mln ZZ,Bﬂ< . J> Zﬂy, a.56

i=1 j=1
with constraints,
-C<p <C, i=1...,1

IZﬂi =0,

i=1

a.57

and the regression function is given by Equation a.48, where

=1 a.58

145



A2.2 Non-Linear Regression

Similarly to classification problems, a non-linear model is usually required to adequately
model data. In the same manner as the non-linear SVC approach, a non-linear mapping can
be used to map the data into a high dimensional feature space where linear regression is
performed. The kernel approach is again employed to address the curse of dimensionality.

The non-linear SVR solution, using an e-insensitive loss function, is given by,

maxW (e, )= max Ser (y, —e)-an (v, +6)-2 3o —ar o - Kl x))

* *
@ @a” i i=L j=1

a.59

with constraints,

a.60

This determines the Lagrange multipliers, «;, «; and regression function is given by,

f(x)=2(07i —a JK(x,x)+b a.61

SV,

where

(.) = X e —a Kl x)

b=-2 (o — o (K(x,, %, )+ K(x,x,))

a.62

N |-

|
i=1

As with the SVC the equality constraint may be dropped if the kernel constraints a bias
term, b being accommodated within the Kernel function, and the regression function is
given by,

f(0)=>@ - K(x.x) 263
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The optimisation criteria for the other loss functions are similarly obtained by replacing the
dot product with a kernel function. The e-insensitive loss function is attractive because
unlike the quadratic and Huber cost function, where all the data points will be support
vectors, the SV solution can be sparse. The quadratic loss function produces a solution

which is equivalent to ridge regression, or zero™ order regularisation, where the

- 1
regularisation parameter A = <
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A.3 SVM-RFE (SVM-Recursive Feature Elimination)

A good feature ranking criterion is not necessarily a good feature subset ranking criterion.
The criteria DJ(i) (Cost Function) or (w;)® estimate the effect of removing one feature at a
time on the objective function. They become very sub-optimal when it comes to removing
several features at a time, which is necessary to obtain a small feature subset. This problem
can be overcome by using the following iterative procedure that we call Recursive Feature

Elimination:

1. Train the classifier (optimize the weights wi with respect to J).
2. Compute the ranking criterion for all features (DJ(i) or (w;)?).

3. Remove the feature with smallest ranking criterion.

This iterative procedure is an instance of backward feature elimination (Kohavi 1997). For
computational reasons, it may be more efficient to remove several features at a time, at the
expense of possible classification performance degradation. In such a case, the method
produces a feature subset ranking, as opposed to a feature ranking. Feature subsets are

nestedF, cF,---F.

If features are removed one at a time, there is also a corresponding feature ranking.
However, the features that are top ranked (eliminated last) are not necessarily the ones that
are individually most relevant. Only taken together the features of a subset Fm are optimal
in some sense. It should be noted that RFE has no effect on correlation methods since the

ranking criterion is computed with information about a single feature.

SVM-RFE is an application of RFE using the weight magnitude as ranking criterion.
SVM-RFE algorithm is described below;

Inputs:

Training examples X, =[x, X, ---X, =% |

Class labels y=[y1,y2"'yk Y ]T
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Initialize:
Subset of surviving features s =[1,2,---n]
Feature ranked list r=1]

Repeat until s=1]

Restrict training examples to good feature indices X = X,(;,s)
Train the classifier o =SVM —Train(X, y)

Compute the weight vector of dimension length(s) w= Zak Vi X,
k

Compute the ranking criteria ¢, = (w; )?, for all i

Find the feature with smallest ranking criterion f =argmin(c)

Update feature ranked list ~ r=[s(f)r]

Eliminate the feature with smallest ranking criterion s =s(1: f —1, f +1: length(s))

Output:

Feature ranked list r.

As mentioned before the algorithm can be generalized to remove more than one feature per

step for speed reasons.
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Overview of the Transparent Machine

Learning Techniques

This section provides the detailed overview of the machine learning techniques used for
rule generation purpose. The techniques discussed in this section are Fuzzy Rule Based
Systems (FRBS), Decision Tree (DT), Classification and Regression Tree (CART),
Adaptive Network-based Fuzzy Inference Systems (ANFIS), Dynamic Evolving Fuzzy
Inference Systems (DENFIS) and NBTree (Naive Bayes Tree).

B.1 Fuzzy Rule Based Systems (FRBS)

Fuzzy rule based systems have been successfully applied to various control problems
(Sugeno, 1985) where fuzzy rules are usually derived from human experts as linguistic if-
then rules. If the comprehensibility of fuzzy if-then rules by human users is a criterion in
designing a fuzzy rule-based system, a fuzzy partition by a simple fuzzy grid with pre-
specified membership functions is preferable. An example of such partition is given in
Figure B.1, where each axis of a two dimensional pattern space is homogeneously
partitioned by five linguistic values (S: small, MS: medium small, M: medium, ML:
medium large and L: large). It has been often claimed that grid-type fuzzy partitions such
as Figure B.1 cannot handle high dimensional problems with many input variables due to
the curse of dimensionality (Carse et al., 1996). That is, when we use the grid-type fuzzy
partition, the number of fuzzy if-then rules exponentially increases as the number of input
variables increases. Ishibuchi (1999), however, used the grid-type fuzzy partition for
pattern classification problems with many continuous features, because such a fuzzy
partition maintains an inherent advantage of fuzzy rule-based systems. They dealt with the

curse of dimensionality by utilizing “don’t care” as an antecedent fuzzy set and generating
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only a small number of promising fuzzy if-then rules by genetic operations. The antecedent
fuzzy set “don’t care” is represented by an interval-type membership function whose
membership value is always unity in the domain of each feature value (Ishibuchi et al.,

1997). Figure B.2 shows an example fuzzy partition that incorporates with the antecedent

Yo

I
1 X 1.0

fuzzy se “don’t care.”

0

Figure B.1: Example of fuzzy partition by simple fuzzy grid with five linguistic values for
each axis of the 2-D pattern space [0, 1] x [0, 1]

1.0

M X3

MS

don't cane

(.1 1.0

X

Figure B.2: Example of fuzzy partition of the 2-D pattern space [0, 1] x [0, 1] with “don’t

care” as an antecedent fuzzy set.

Ishibuchi et al, (1999) presented a fuzzy rule-based system that is constructed from a set of
labeled samples. The constructed fuzzy rule-based system assigns a new feature vector to
one of given classes. That is, fuzzy rule based systems are application to the same dataset

as non fuzzy classification methods. One advantage of fuzzy rule base systems over other
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classification methods is their comprehensibility. We can easily understand them because
each fuzzy if-then rule is interpreted through linguistic values such as “small” and “large.”

High classification ability is another advantage of fuzzy rule-based systems.

B.1.1 Rule Generation

R;: if x¢ is Ajp and ... and X, is Ajy
then Class C; with CF = CF;

where R; is the label of the j" fuzzy if-then rule, Ay, ..., Aj, is antecedent fuzzy sets on the
unit interval [0, 1], C; is consequent class and CF; is grade of certainty of the fuzzy if-then

rule Rj.

It should be noted that the grade of certainty CF; is different from the fitness value of each
rule. The fitness value is used in a selection operation of the fuzzy classification system

while CF; is used in fuzzy reasoning for classifying new patterns.

As antecedent fuzzy sets, they use five linguistic values as in Figure 1 and “don’t care” in
Figure 2. Thus, for the n-dimensional pattern classification problem, the total number of
fuzzy if-then rules is (5+1)". It is impossible to use all the rules in fuzzy rule based system
when the number of features i.e. n is large. Ishibuchi et al. (1999) tries to search for a set of

a relatively small number of fuzzy if-then rules.

Determination of Cj and CFj

Step 1: calculate the compatibility grade of each training pattern X,=(Xp1, Xp2,..., Xpn) With

fuzzy if-then rule R; by the following product operation:
luj(xp)::ujl(xpl)x'nxzujn(xpn) 3
where u, (xpl) is the membership function of A;.

Step 2: For each class, calculate the sum of the compatibility grades of the training patterns

with the fuzzy if-then rule R;
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ﬂclassh(Rj ): Zﬂj(xp), h =1, 2, .., C 4

Xpe Classh

where c the sum of the compatibility grades of the training patterns in Class h with the
fuzzy if-then rule R;.

Step 3: Find Class hj that has the maximum value of ﬁclassh(R j)

ﬁCIaseﬁ (RJ ): Max{ﬂCIassl(Rj )’ c o Ptasse (Rj )} 5

Step 4: If the consequent class C; is 8, let the grade of certainty CF; of the fuzzy if-then
rule R; be CF; = 0. Otherwise the grade of certainty CF; is determined as follows:

e _ Powa(R)-B)

]

;ﬂclassh (Rj )

where

IEZ Zﬂclassh(Rj)/(C_l) 7
hoh,

B.1.2 Fuzzy Reasoning

When the antecedent fuzzy sets of each fuzzy if-then rule are given, the consequent class
and the grade of certainty can be determined. Let S be the fuzzy if-then rule set. An input
pattern X, to the fuzzy rule-based system with the rule set S is classified by a fuzzy
reasoning method. Ishibuchi et al. (1999) perform the fuzzy reasoning via the single

winner rule. The winner rule R; for the input pattern X, is determined as
#;(x, )-CF = Max{u(x,)-CF; Ry es 10

That is, the winner rule has the maximum product of the compatibility yj(xp) and the

grade of certainty CF;. If more than one fuzzy if-then rule have the same maximum
product but different consequent classes for the input pattern x,, the classification is

rejected. The classification is also rejected if no fuzzy if-then rule is compatible with the
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input pattern x, (4,(x,) = 0 for R; e S). This fuzzy reasoning method based on a single

winner rule leads to simplicity in the credit assignment algorithm in our fuzzy classifier
system, as only one rule is responsible for the classification result of each input pattern. It
is possible to modify our fuzzy reasoning method to account for the situation when
different classes have the same maximum value in (10), and for when no fuzzy if-then rule
is compatible with the input pattern x,. After this modification, classification rates of fuzzy
rule-based systems are improved because rejection rates are decreased. At the same time,
there is an increase in error rates. Thus, such a modification is promising when the penalty

of rejection is not small.

B.1.3  Coding of Fuzzy if-then rules

Ishibuchi et al., 1999 denote five linguistic values and “don’t care” by the following six
symbols (i.e. 1, 2, 3, 4, 5 and #).

S: small

MS:  medium small
M: medium

ML: medium large
L: large

DC: don’t care

Each fuzzy if-then rule can be denoted by a string of these six symbols. For example, a

string “1#3#” denotes a four-dimensional patter classification problem as follows;

If x; is small and x3 is medium then class C; with CF = CF;.

B.14 Outline of Fuzzy Classifier System

Ishibuchi et al., 1999 proposed a fuzzy classifier system based on the heuristics rule
generation procedure discussed in next section. Genetic operations such as selection,
crossover and mutation are used for generating a combination of antecedents fuzzy sets of

each fuzzy if-then rule. the outline of the fuzzy classifiers system is as follows;

Step 1: Generate an initial populations of fuzzy if-then rules;
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Step 2: Evaluate each fuzzy if-then rule in the current population;
Step 3: Generate new fuzzy if-then rules by genetic operations.
Step 4: Replace a part of the current population with the newly generated rules.

Terminate the algorithm if a stopping criteria is satisfied, otherwise return to step 2.

B.1.5 Initial Population

Let us denote the number of fuzzy if-then rules in each population in our fuzzy classifier
system by Nyop. TO construct an initial population, Nyop fuzzy if-then rules are generated by
randomly selecting their antecedent fuzzy sets from the six symbols corresponding to the

five linguistic values and “don’t care”. Each symbol is randomly selected with the

probability of 1/6.

B.1.6 Evaluation of Each Rule

A unit reward is assigned to the winner rule when a training pattern is correctly classified
by that rule. After all the training patterns are examined, the fitness value of each fuzzy if-

then rule is defined as follows by the total reward assigned to that rule
fitness(Rj ): NCP(RJ.) 11

where fitness(R;) is the fitness value of the fuzzy if-then rule Rj and NCP(R;) is the number
of training patterns that are correctly classified by R;. Fitness value of each fuzzy if-then

rule is updated by 11 at each generation.

B.1.7 Genetic Operations for Generating New Rules
In order to generate new fuzzy if-then rules, first a pair of fuzzy if-then rules is selected
from the current population. Each fuzzy if-then rule in the current population is selected

based on the roulette wheel selection with linear scaling;

p(R )= fitness(R; ) fitness ., (S)
Oy Afitness(R; ) fitness,,, (S)f
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where fitnessyin(S) is the minimum fitness value of the fuzzy if-then rules in the current

population S.

From the selected pair of fuzzy if-then rules, two rules are generated by the uniform
crossover for the antecedent fuzzy sets, as illustrated in Figure B.3. Only antecedent fuzzy
sets of the selected pair of fuzzy if-then rules are mated. As crossover operation, mutation
also applied on antecedent part of the fuzzy if-then rule as illustrated in Figure B.4. Using
a pre-specified mutation probability each antecedent fuzzy set of the fuzzy if-then rules
generated by the crossover operation is randomly replaced.

* *
[1]#]3]2]5] ‘ [1]2[3]2 [#]
[#[2[4]1]#] [(#[#[4]1]5]
X1 X2 X3 Xg4 X X1 X2 X3 Xz Xs
Figure B.3: Uniform crossover for antecedent fuzzy sets (* denotes a crossover position)

*

#12[4[1[%] WP [F[F[4]1]5]

X1 X2 X3 Xa X X1 X2 X3 Xz Xs
Figure B.4: Mutation for antecedent fuzzy sets (* denotes a mutation position)

These genetic operations (i.e. selection, crossover and mutation) are iterated until a pre-

specified number of fuzzy if-then rules are newly generated.

B.1.8 Rule Replacement

A prespecified number of fuzzy if-then rules (Nyp) in the current population are replaced
with the newly generated rules by the genetic operations. Ny, rules with the smallest
fitness values are removed from the current population and the newly generated fuzzy if-

then rules are added.

Termination Test

Ishibuchi et al., (1999) used the total number of generations as a stopping condition. The

final solution obtained by this FRBS is the rule set with the maximum classification rate
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for training patterns over all generations. That is, the final solution is not the final
population but the best population. Software package KEEI 1.0 is used to employ FRBS in
this thesis.
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B.2 Decision Tree

In this section, we describe the development of decision trees for classification tasks.
These trees are constructed beginning with the root of the tree and proceeding down to its
leaves. Decision tree is employed using Knime data mining tool.

One approach to the induction task above would be to generate all possible decision trees
that correctly classify the training set and to select the simplest of them (Pearl, 1978b;
Quinlan 1983a). The number of such trees is finite but very large, so this approach would
only be feasible for small induction tasks. The basic structure of ID3 is iterative. A subset
of the training set called the window is chosen at random and a decision tree formed from
it; this tree correctly classifies all objects in the window. All other objects in the training
set are then classified using the tree. If the tree gives the correct answers for all these
objects then it is correct for the entire training set and the process terminates. If not, a
selection of the incorrectly classified objects is added to the window and the process
continues. This way, correct decision trees have been found after only a few iterations.
Empirical evidence suggests that a correct decision tree is usually found more quickly by
this iterative method than by forming a tree directly from the entire training set. O’Keefe
(1983) noted that the iterative framework cannot be guaranteed to converge on a final tree

unless the window can grow to include the entire training set.

Why are decision tree classifiers so popular? The construction of decision tree classifier
does not require any domain knowledge or parameter setting, and there is appropriate for
exploratory knowledge discovery. Decision tree can handle high dimensional data. Their
representation of acquired knowledge in the form of tree is intuitive and generally easy to
assimilate by humans. The learning and classification of decision tree induction are simple
and fast. Generally, decision tree classifiers have good prediction accuracy. However,

successful use may depend on the data at hand.

B.2.1 Classification by Decision Tree Induction

Decision tree induction is the learning of decision trees from class-labelled training

objects. A decision tree is a flow chart like tree structure, where each internal node (non
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leaf node) denotes a test on an feature, each branch represents an outcome of the test, and
each leaf node (terminal node) holds a class label. The topmost node in a tree is the root
node. An example tree is shown in Figure B.5 below;

[ Cost of Sales/Sales ]

<=0.887 >0.887
Non-Bankrupt [ Cash Flow/Loans ]
/\
<=0.009 > 0.009
Bankrupt [ Reserves/Loans ]
<=0.016 >0.016
Bankrupt Non-Bankrupt

Figure B.5: Example Decision Tree for Bankruptcy prediction in Banks

How are decision trees used for classification? Given a tuple X, for which the associated
class label is unknown, the feature values of the tuple are tested against the decision tree. A
path is traced from the root to a leaf node, which holds the class prediction for that tuple.

Decision trees can easily be converted to classification rules.

During the late 1970s and early 1980s, J. Ross Quinlan, a researcher in machine learning,
developed a decision tree algorithm known as 1D3 (lterative Dichotomiser). Quinlan later
presented C4.5 (a successor of ID3), which became a benchmark to which newer

supervised learning algorithms are often compared.

C4.5 adopt a greedy (i.e. non backtracking) approach in which decision trees are

constructed in a top-down recursive divide-and-conquer manner.

The algorithm is called with three parameters: D, attribute list and

Attribute_selection_method. D is a data partition which is the complete set of training
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objects and their associated class labels. Attribute_selection_method specifies a heuristic
procedure for selecting the feature that “best” discriminates the given objects according to

class. Information gain or gini index are the feature selection measures usually employed.

B.2.2 Algorithm:

Generate_Decision_Tree. Generate a decision tree from the training objects of data
partition D.

Input:
v' Data partition, D
v/ attribute_list
v/ Attribute_selection_method

Output: A decision tree.

Method:
1. Create a node N;
2. Ifobjects in D are all of the same class, C then
3. Return N as a leaf node labelled with the class C;
4. If attribute_list is empty then
5.  Return N as a leaf node labelled with the majority class in D; (majority voting)

6. Apply attribute_selection_method(D, attribute list) to find the “best”
splitting_criterion;

7. Label node N with splitting_criterion;

8.  If splitting_attribute is discrete-valued and Multiway splits allowed then // not
restricted to binary trees

9. attribute_list attribute_list — splitting_attribute; // remove
splitting_attribute

10. For each outcome j of splittitng_criterion // partition the objects and grow
subtrees for each partition
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11. Let D; be the set of data objects in D satisfying outcome j; // a partition
12. If Djis empty then
13. Attach a leaf labelled with majority class in D to node N;

14. Else attach the node returned by Generate_decision_tree(D;, attribute_list) to
node N;

End for
15. Return N.

Basic algorithm for inducing a decision tree from training examples

The tree starts as a single node, N, representing the training objects in D (step 1).

If the objects in D are all of the same class, then node N becomes a leaf and is labelled with
that class (step 2 and 3).

Otherwise, the algorithm calls Attribute_selection_method to determine the splitting
criterion. The splitting criterion decides feature to test at node N by determining the “best”

way to separate or partition the objects in D into individual classes (step 6).

The node N is labelled with the splitting criterion, which serves as a test at the node (step
7). A branch is grown from node N for each of the outcomes of the splitting criterion. The
objects in D are partitioned accordingly (step 10 to 11). Based on the nature of the data
there are three possible scenarios. Let A be the splitting feature. A has v distinct values, {a;,

ay, ..., av}, based on the training data.

1. A is discrete-valued: in this case, the outcomes of the test at node N corresponds to
the known values of A. A branch is created for each known value, a; of A and
labelled with that value (Figure B.6 a). Partition D; is the subset of class-labelled
objects in D having value a; of A. Because all of the objects in a given partition
have the same value for A, then A need not be considered in any future partitioning

of the objects. Therefore, it is removed from attribute_list (step 8 and 9).
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2. A is continuous-valued: in this case, the test at node N has two possible outcomes
corresponding to the conditions A< A <= split_point and A>split_point,
respectively. Two branches are grown from N and labelled according to the above

outcomes (Figure B.6 b). The objects are partitioned such that D; holds the subset
of class-labelled objects in D for which A <= split_point, while D, holds the rest.

3. Alis discrete-valued and a binary tree must be produced: the test at node N is of the
form “A belongs SA?”. SA is the splitting subset for A, returned by
Atribute_selection_method as part of the splitting criterion. It is a subset of the
known values of A. If a given object has value a; of A and if a; belongs to SA, then
the test at node N is satisfied. Two branches are grown from N (Figure B.6 c). By
convention, the left branch out of N is labelled yes so that D; corresponds to the
subset of class labelled objects in D that satisfy the test. The right branch out of N
is labelled no so that D, corresponds to the subset of class-labelled objects from D
that do not satisfy the test.

The algorithm uses the same process recursively to from a decision tree for the objects at
each resulting partition, D; of D (step 14).

The recursive partitioning stops only when any one of the following terminating condition
is true:

1. All of the objects in partition D belong to the same class (step 2 and 3).

2. There are no remaining features on which the objects may be further partitioned
(step 4). In this case majority voting is employed (step 5).

3. There are no objects for a given branch, that is, a partition D; is empty (step 12). In
this case a leaf is created with majority class in D (step 13)

The resulting decision tree is returned (step 15)
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Partitioning Scenarios Examples

/N /N

ay < Split Point ay >Split Point < 42000 > 42000

/ N/ N\

/N

©)  ves No Yes No

/ N\ / AN

Figure B.6: Three possibilities for partitioning objects based on the splitting criterion,

shown with examples.

B.2.3 Splitting Rule
In theory there are several impurity functions, but only two of them are widely used in

practice: Gini splitting rule and Twoing splitting rule.

Gini Splitting Rule
Gini splitting rule (or Gini index) is most broadly used rule.
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it)=>"p(k|t)p(lt)

k=1

where k, | 1, ..., K—index of the class; p(k|t) — conditional probability of class k provided
we are in node t.

Ait)= - > pkIt, )+ B p2(kit )+ P pP(klt,)

K K K
k=1 k:l k:l

Therefore, Gini algorithm solves the following problem:

R ;i _-
Xj < Xj JJ=1,.

K K K
arg max {— > p2kit, )+ B pA(k it )+ P p(k Itr)}
k=1 k=1 k=1

Gini algorithm searches for the largest class and isolate it from the rest of the data. it works
well for noisy data.
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B.3 CART

Classification and Regression Tree is a classification method which uses historical data to
construct so-called decision tree. CART methodology was developed in 80s by Breiman,
Freidman, Olshen and Stone (1984). For building decision trees CART uses learning
sample which is a set of historical data with pre-assigned classes for all observations. For
example, learning samples for credit scoring system would be fundamental information
about previous borrows (variables) matched with actual payoff results (classes). Decision
trees are represented by a set of questions which splits the learning sample into smaller and
smaller parts. CART asks only yes/no questions and it will search for all possible variables
and all possible values in order to find the best split — the question that splits the data into
two parts with maximum homogeneity. The process is then repeated for each of the
resulting data fragments. An example rule set obtained using CART for predicting forest
fires is presented in Figure B.7.

[ Is MONTH < 0.8636 ? ]

N

[ Is RAIN <0.5781 ? ] 0.005321

N\

0.003463 0.006678

Figure B.7: Example rule set for forest fires data

CART methodology

v" Construction of maximum tree
v Choice of the right tree size

v Classification of new data using constructed tree
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B.3.1 Construction of maximum tree

Building the maximum tree implies splitting the learning sample up to last observations,
i.e. when terminal nodes contain observations only of one class. Splitting algorithms are
different for classification and regression trees.

Let t, be a parent node and t;, t, — respectively left and right child nodes of parent node.
Consider the learning sample with variable matrix X with M number of variables x; and N
observations. Let class vector Y consist of N observations with total amount of K classes.
Classification tree is built in accordance with splitting rule, described in the previous
section 2.4.2.—the rule that performs the splitting of learning sample into smaller parts i.e.
each time, data have to be divided into two parts with maximum homogeneity as illustrated
in Figure B.8.

Figure B.8: Splitting Algorithm of CART

where t,, t;, t, — parent, left and right nodes; x; — variable j; x? — best splitting value of

variable x;.

Maximum homogeneity of child nodes is defined by so-called impurity function i(t). Since

the impurity of parent node t, is constant for any of the possible splits x; <= x? =0

M, the maximum homogeneity of left and right child nodes will be equivalent to the

maximization of change of impurity function i(t):
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Assuming that Py, P, — probabilities of left and right nodes, we get:
aift)=itt, )-Ritt)-Pit,)

Therefore, at each node CART solves the following maximization problem:

R
PiSXip =l

argmax lit,)-Pi(t,)-PRi(,)]

Above equation implies that CART will search through all possible values of all variables
in matrix X for the best split question x; < xlf‘ which will maximize the change of impurity

measure i(t).

Regression trees do not have classes, instead there are response vector Y which represents
the response values for each observation in variable matrix X. Since regression trees do not
have pre-assigned classes, classification splitting rule like Gini or Twoing cannot be

applied.

Splitting in regression trees is made in accordance with squared residuals minimization
algorithm which implies that expected sum variances for two resulting nodes should be

minimized.

argmax [P Var(Y,)+P.Var(Y, )]

where Var(Y)), Var(Y) — response vectors for corresponding left and right child node; x; <

xJR ,J =1, ..., M —optimal splitting question satisfying above condition. Squared residuals

minimization algorithm is identical to Gini splitting rule.

B.3.2 Choice of the right tree size

Maximum trees may turn out to be very high complexity and consists of hundreds of
levels. Therefore, they have to be optimized before being used for classification of new
data. Two pruning algorithms can be used in practice: optimization by number of points in

each node and cross-validation.
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In the case of optimization by number of points, splitting is stopped when number of
observations in the node is less than predefined required minimum Npin. Bigger Nmin
parameter, smaller will be the tree. This approach works very fast, it is easy to use and it
has consistent results. But, it requires the calibration of new parameter Npi,. In practice
Nmin is usually set to 10% of the learning sample size.

The procedure of cross-validation is based on optimal proportion between the complexity
of the tree and misclassification error. With the increase in size of the tree,
misclassification error is decreasing and in case of maximum tree, misclassification error is
equal to 0. It is observed that complex decision trees poorly perform on independent data.
Performance of decision tree on independent data is called true predictive power of the
tree. Therefore — the primary task is to find the optimal proportion between the tree

complexity and misclassification error.

R, (T)=R(T)+a(f )->min

where R(T) — misclassification error of the tree T; a(i:)— complexity measure which

depends on T (total number of terminal nodes). « — parameter is found through the
sequence of in-sample testing when a part of learning sample is used to build the tree, the
other part of the data is taken as a testing sample. The process is repeated several times for

randomly selected learning and testing samples.

B.3.3 Classification of new data using constructed tree

As the classification or regression tree is constructed, it can be used for classification of
new data. the output of this stage is an assigned class or response value to each of the new
observations. By set of questions in the tree, each of the new observations will get to one
of the terminal nodes of the tree. A new observation is assigned with the dominating class /
response value of terminal node, where this observation belongs to. Salford systems’

CART software is used to employ CART algorithm.
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B.3.4

Advantages and Disadvantages of CART

It can handle both numerical and categorical variables.

It is robust to outliers,

It is the only tree capable of generating regression trees.

The structure of its classification or regression trees is invariant with respect to
monotone transformations of independent variables. One can replace any variable
with its logarithm or square root value, the structure of the tree will not change.
CART is a nonparametric approach.

It does not require variables to be selected in advance.

CART results are invariant to monotone transformations of its independent
variables.

CART has no assumptions and it is computationally fast.

CART is flexible and has an ability to adjust in time.

Disadvantages of CART

CART may have unstable decision trees.

CART splits only by one variable.
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B.4  Adaptive Network-based Fuzzy Inference System
(ANFIS)

ANFIS is fuzzy inference system implemented in the framework of adaptive networks.
Conventional (mathematical) system modelling is not well suited when dealing with ill-
defined and uncertain systems. As the fuzzy inference system employing fuzzy if-then
rules can model the qualitative aspects of human knowledge and reasoning processes
without employing precise quantitative analyses. Fuzzy modelling or fuzzy identification
was first explored systematically by Takagi and Sugeno (1985) and that has found various
practical applications in control (Pedrycz, 1989; Sugeno, 1985), prediction and inference
(Kandel, 1988; 1992). However, no standard methods exist for transforming human
knowledge or experience into the rule base and there is no need for effective methods for
tuning the membership functions so as to minimize the output error or maximize
performance index. ANFIS serves as a basis for constructing a set of fuzzy if-then rules
with appropriate membership functions to generate the stipulated input-output pairs.
ANFIS is employed in MATLAB for experiments in this thesis.

B.4.1 Fuzzy if-then Rules

Fuzzy if-then rules are expressions of the form IF A THEN B, where A and B are labels of
fuzzy sets (Zadeh, 1965) characterized by appropriate membership functions. Fuzzy if-then
rules have the ability to capture the imprecise modes of reasoning that play an essential
role in the human ability to make decisions in an environment of uncertainty and

imprecision.
For example,

If a person is a “heavy smoker”
Then the risk of cancer is “high”

where person and risk are linguistic variables (Zadeh, 1973), heavy smoker and high are

linguistic values that are characterized by membership functions.
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Another form of fuzzy if-then rule (Takagi and Sugeno, 1983) involves fuzzy sets only in
the premise part.

If velocity is high, the force = k*(velocity)?.

B.4.2 Fuzzy Inference Systems

Basically FIS is composed of five functional blocks as illustrated in Figure B.9.

Knowledge base

Input Database || Rule base Output

4\ Fuzzification Defuzzification
‘/ Interface Interface

» Decision making Unit
(Fuzzy) (Fuzzy)

y

Figure B.9: Fuzzy Inference System

e Arrule base consists of fuzzy if-then rules.

e A database defining membership functions of the fuzzy sets.

e A decision-making unit to perform inference operations.

e A fuzzification interface which transform the crisp input into degrees of match with

linguistic values.

e A defuzzification interface which transforms the fuzzy results into a crisp output.

B.4.3 Adaptive networks

An adaptive network is a network structure consisting of nodes and directional links
through which the nodes are connected (See Figure B.10). Moreover, part or all of the
nodes are adaptive i.e. their outputs depend on the parameters pertaining to these nodes and
the learning rule (i.e. gradient decent and the chain rule (Werbos, 1974)) which specifies

how these parameters should be changed to minimize a prescribed error measure. Because
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of the local minima problem of gradient method Jang et al., (1993) proposed a hybrid
learning rule which can speed up the learning process substantially.

X1 \ Y1
Input < A > Output

Vector Vector

Figure B.10: Adaptive Networks

A square node (adaptive node) has parameters while a circle node (fixed node) does not.
The parameter set of an adaptive network is the union of the parameter set of an adaptive
network is the union of the parameter sets of each adaptive node. These parameters are
updated according to given training data and a gradient-based learning procedure. Because
the adaptive network used in ANFIS architecture needs to be feedforward type, the

adaptive network’s applications are immediate and immense in various areas.

B.4.4 ANFIS Architecture

For simplicity, the fuzzy inference system under consideration has two inputs x and y and
one output z. Suppose the rule base contains two fuzzy if-then rules of Takagi and

Sugeno’s type (1983).

Rule 1: if x is Ay and y is By, then fi=pix+quy+r;.
Rule 2: if x is Ay and y is B,, then f,=p x+qay+rs.

Figure B.11 a and b illustrates the type-3 fuzzy reasoning and the corresponding equivalent
ANFIS architecture.
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Figure B.11 (a): Type-3 Fuzzy Reasoning

Layer 1 Layer 4

Layer 2  Layer3

W
II Layer 5

oS

w, f,
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Figure B.11 (b): Equivalent ANFIS (Type-3 ANFIS)

Layer 1: every node i in this layer is a square node with a node function
Oi1 =Hn (X)

where X is the input to node i, and Ai is the linguistic label associated with this node
function. Usually membership function chosen is bell-shaped with maximum equal to 1

and minimum equal to 0, such as

or
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Where {a;, bi, ci} is the parameter set. Bell-shaped functions vary according to these

parameters.

Layer 2: Every node in this layer is a circle node Labeled II, which multiplies the
incoming signals and sends the product out, for instance,

W, = 42, (X)x p1g, (y), 1=1,2.
Each node output represents the firing strength of a rule.

Layer 3: Every node in this layer is a circle node labelled N. The ith node calculates the

ratio of the ith rule’s firing strength to the sum of all rules’ firing strengths:

W= j=12

W, +W,

The output of this layer will be called normalized firing strengths.
Layer 4: Every node i in this layer is a square node with a node function
O =w, f, :V_\/i(pix+qi +ri)

where wi is the output of layer 3, and {pi, qi, ri} is the parameter set. parameters in this

layer are referred to as consequent parameters.

Layer 5: The single node in this layer is a circle node labelle SUM that computes the

overall output as the summation of all incoming signals, i.e.,

~w, f;
O =overall output = W, f, :%—
i . W
Thus we have an adaptive network which is functionally equivalent to a type-3 fuzzy
inference system.
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Figure B.12 shows a 2-input, type-3 ANFIS with nine rules. Three membership functions

are associated with each input, so the input space is partitioned into nine fuzzy subspaces,

each of which is governed by a fuzzy if-then rule.
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Figure B.12: Two input Type-3 ANFIS with nine rules

In fact, there are four methods to update the parameters, Gradient Descent Only, Gradient

Descent and One Pass of LSE, Gradient Descent and LSE and Sequential (Approximate)

LSE only. The choice of above mentioned methods should be based on the trade-off

between computation complexity and resulting performance.
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B.5 Dynamic Evolving Fuzzy Inference Systems (DENFIS)

The complexity and dynamics of real-world problems, especially in engineering and
manufacturing, require sophisticated methods and tools for building online, adaptive
intelligent systems. Such systems should be able to grow as they operate, to update their
knowledge and refine the model through interaction with the environment (Amari and
Kasabov, 1997, Kasabov, 1998a, Kasabov, 1996). Fast learning, online incremental
adaptive learning, open structure organization, memorising information, active interaction,
knowledge acquisition and self-improvement and spatial and temporal learning are some of
the major requirements of the intelligent systems (Kasabov, 2001, Kasabov, 1998b,
Kasabov 1998a, Kasabov and Woodford, 1999). Neucomn_Student software package is
used for employing DENFIS in this thesis.

B.5.1 Evolving clustering method (ECM)
ECM is an evolving online maximum distance-based clustering method. ECM is carried
out in two modes, first one is usually applied to online learning systems and the second one

is more suitable for offline learning system. DENFIS’s online model works based on

online ECM.

B.5.2 Online ECM

Without any optimization, the online ECM is a fast, one-pass algorithm for a dynamic
estimation of the number of clusters in a dataset, and for finding their current centers in the
input data space. It is distance based connectionist clustering method. With this method,
cluster centers are represented by evolved nodes. In any cluster the maximum distance,
MaxDist, between an example point and the cluster center is less than a threshold value,
Dthr, that has been set as a clustering parameter and would affect the number of clusters to

be estimated.

In the clustering process, the data examples come from a data stream and this process starts
with an empty set of clusters. When a new cluster is created, the cluster center Cc is
defined and its cluster radius Ru is initially set to zero. With more examples presented one

after another, some created clusters will be updated through changing their centers’
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positions and increasing their cluster radius. A cluster will not be updated any more when
its cluster radius, Ru reaches the value that is equal to threshold values, Dthr.

The ECM algorithm is described as follows.
Step O: Create the first cluster C. by simply taking the position of the first example from

the input stream as the first cluster Cc? and setting a value 0 for its cluster radius Ru;.

Step 1: If all examples of the data stream have been processed, the algorithm is finished.
Else, the current input example, x;, is taken and the distance between this example and all n
already created cluster centers Cc;, Dj; = ||xi- Ccjl|, j = 1, 2, ..., n, are calculated.

Step 2: If there is any distance value, Djj = ||x; - Ccj|, equal to or less than at least one of
the radii, Ruj, j = 1, 2, ..., n, it means that the current example x; belongs to a cluster Cy,
with minimum distance. Din = [|Xi - Ccm|| = min(||x; - Cc;jl|) subject to the constraint Dj; <=
Ry;, j=1, 2, ..., n.

In this case, neither a new cluster is created nor any existing cluster is updated (in cases of

X4 and Xg in Figure B.13) the algorithm returns to step 1 else go to next step.

Step 3: Find cluster C, (with center Cc, and radius Ru,) from all n existing cluster centers
through calculating the values S;j = Djj + Ru;, j = 1, 2, ..., n, and then choosing the cluster

center Cc, with minimum value Sia: Sia = Dia + Rua = min(Sy), j = 1, 2, ..., n.

Step 4: If Sj, is greater than 2 * Dthr, the example x; does not belong to any existing
cluster. A new cluster is created in the same way as described in step O (the cases of X3 and

Xg in Figure B.13) and the algorithm returns to step 1.

Step 5: If Sj5 is not greater than 2 * Dthr, the cluster C, is updated by moving its center,
Cc, and increasing the value of its radius, Ru,. The updated radius Ru,""is set to be equal
to Sia/2 and the new center C;™"is located at the point on the line connecting x; and Cc,

and the distance from the new center CC.""to the point x; is equal to Ru_"" (the cases of
X2, Xs, X7 and Xg in Figure B.13). The algorithm returns to Step 1.
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Figure B.13: A brief clustering process using ECM with samples x; to Xg in a 2-D space.

(a) The example x; causes the ECM to create a new Cluster C]. (b) x,: update cluster
C.) —C;; x3: create a new cluster CJ; x4: do nothing. (c) xs: update cluster C; —C/; Xe:
do nothing, x;: update cluster C) —C;; xg: create a new cluster C;. (d) xo: update cluster

C}—C;.
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B.5.3 DENFIS: Dynamic Evolving Neural-Fuzzy Inference Systems
Online and offline models of DENFIS use Takagi-Sugeno type fuzzy inference system
(Takagi and Sugeno 1985). In first layer pre-processing using online ECM is done and
using the clusters obtained FIS is generated. Such FIS is composed of m fuzzy rules
indicated as shown below, where “x; is Ry 1=1, 2, ..., m, j =1, 2, ..., q, are m*q fuzzy
proportions as m antecedents from m fuzzy rules respectively. X, j = 1, 2, ..., q, are fuzzy

sets defined by their fuzzy membership functions s 1 X;—>[0,1], i=1,2, .., m;j=1,

2, ..., 4. In the consequent part y is a consequent variable, and polynomial functions f;, i =
1,2, ..., m, are employed.

if X1 1S R11 and X2 is Riz and ... and Xq iS Rig, then y is fi(x1, Xo,..., Xq)

if X1 1S R21 and X2 IS Ry and ... and Xq iS Rag, then y is fo(x1, X, ..., Xq)

if X1 1S Rm1 and X is Rmz and ... and Xq iS Rmg, then y is fm(X1, X2,..., Xq)

In both DENFIS online and offline models, all fuzzy membership functions are triangular

type functions which depend on three parameters as given in the following equation:

0, Xx<a

X788 S <x<b
u(x)=mf(x,a,b,c)= b-a

C—X

—— b<x<c

c-b

0 C<X

Where: b is the value of the cluster center on the x dimension, a=b-d*Dthr and

c=b+d*Dthr, d=1.2-2, the threshold value, Dthr is clustering parameter.

If the consequent functions are crisp constants then such systems are called zero-order

Takagi-Sugeno type FIS. FIS is called first-order if consequent part is a linear function and
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if the consequent part is non-linear function then it is called high-order Takagi-Sugeno
FIS.

For an input vector Xo = [X10, X20, ..., Xqo], the result of inference, yo, (the output of the

system) is the weighted average of each rule’s output indicated as follows:

y _Zim:la’i fi(xlo’XZO""’ qu)
0 m

i1 @

where o, :H?:WRU (xjo); 1=1,2,..mj=12 ..,q.
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B.6 Naive-Bayes Tree (NBTree)

A classifier provides a function that maps (classifies) a data item (instance) into one of
several predefined classes (Fayyad et al., 1996). The automatic induction of classifiers
from data not only provides a classifier that can be used to map new instances into their
classes, but may also provide a human-comprehensible characterization of the classes. In
many applications, interpretability of the induction algorithm is very crucial. Some
classifiers are naturally easier to interpret than others; for example decision trees (Quinlan,
1993) are easy to visualize, while neural networks are much harder. NBTree algorithm is

employed using RapidMiner software.

Previous section in this chapter gave away the details about the decision trees. Naive-
Bayes (Good 1965; Langley et al., 1992) uses Bayes rule to compute the probability of
each class given the instance, assuming the features are conditionally independent given
the label.

B.6.1 NBTree: The Hybrid Algorithm

The algorithm is similar to the classical recursive partitioning schemes, except that the leaf
nodes created are Naive-Bayes categorizers instead of nodes predicting a single class. A
threshold for continuous features is chosen using the standard entropy minimization
technique. The utility of a node is computed by discretizing the data and computing the 5-

fold cross validation accuracy estimate of using Naive-Bayes at the node.

Intuitively, it is attempted to approximate whether the generalization accuracy for a Naive-
Bayes classifier at each leaf is higher than a single Navie-Bayes classifier at the current
node. To avoid splits with little value, it is defined that a split to be significant if the

relative reduction in error is greater than 5% and there are at least 30 instances in the node.
Input: a set T of labelled instanes.

Output: a decision tree with navie-bayes categorizers at the leaves.
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1. For each feature X;, evaluate the utility, u(X;), of a split on feature X;, for continuous
features, a threshold is also found at this stage.

2. Letj=argmax;(u;), i.e., the feature with the highest utility.

3. If uj is not significantly better than the utility of the current node, create a Naive-
Bayes classifier for the current node and return.

4. Partition T according to the test on X;. If Xj is continuous, a threshold split is used;
if X; is discrete, a multi-way split is made for all possible values.

For each child, call the algorithm recursively on the portion of T that matches the test
leading to the child.

Naive-Bayes classifiers (Langley and Simon 1995) are generally easy to understand and
the induction of these classifiers is extremely fast, requiring only a single pass through the
data if all features are discrete. Naive-Bayes classifiers are also very simple and easy to
understand (Kononenko 2001). Naive-Bayes classifiers are very robust to irrelevant
features and classification takes into account evidence from many features to make the
final prediction, a property that is useful in many cases where there is no “main effect”.
The limitation of Naive-Bayes classifier is that it requires strong independence
assumptions and when these are violated, the achievable accuracy may asymptote early

and will not improve much as the database size increases.

Decision tree classifiers are also fast and comprehensible, but current induction methods
based on recursive partitioning suffer from the fragmentation problem: as each split is
made, the data is split based on the test and after two dozen levels there is usually very

little data on which to base decisions.

A hybrid approach is attempted to utilize the advantages of both decision tree (i.e.
segmentation) and Naive-Bayes (evidence accumulation from multiple features). A
decision tree is built with univariate split at each node, but with Naive-Bayes classifiers at
the leaves. The final classifier resembles Utgoff’s perceptron trees (Utgoff, 1988). The
resulting classifier is as easy to interpret as decision trees and Naive-Bayes. The decision

tree segments the data, a task that is considered an essential part of the data mining process
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in large databases. Each segment of the data, represented by a leaf, is described through a
Naive-Bayes classifier.
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Appendis C:

Datasets Descriptions

This section provides the details about the feature information about the datasets analyzed
during the research study presented in this thesis.

Table C.1: Financial Ratios of Spanish Banks Dataset

# Predictor Variable Name

1 | Current Assets/Total Assets CAITA
2 | Current Assets-Cash/Total Assets | CAC/TA
3 | Current Assets/Loans CA/L

4 | Reserves/Loans R/L

5 | Net Income/Total Assets NI/TA

6 | Net Income/Total Equity Capital | NI/TEC
7 | Net Income/Loans NI/L

8 | Cost Of Sales/Sales CS/S

9 | Cash Flow/Loans CF/L

Table C.2: Financial Ratios of Turkish Banks Dataset

# Predictor Variable Name

1 | Interest Expenses/Average Profitable Assets IE/APA

2 | Interest Expenses/Average Non-Profitable Assets IE/ANA

3 | (Share Holders’ Equity + Total Income)/(Deposits + (SE+TI)/(D+NF)
Non-Deposit Funds)

4 | Interest Income/Interest Expenses I+IE

5 | (Share Holders’ Equity + Total Income)/Total Assets (SE+TI/TA

6 | (Share Holders’ Equity + Total Income)/(Total Assets + | (SE+TI)/(TA+CC)
Contingencies and Commitments)

7 | Networking Capital/Total Assets NC/TA

8 | (Salary And Employees’ Benefits + Reserve For (SEB+RR)/P
Retirement)/No. Of Personnel

9 | Liquid Assets/(Deposits + Non-Deposit Funds) LA/(D+NF)

10 | Interest Expenses/Total Expenses IE/TE

11 | Liquid Assets/Total Assets LA/TA

12 | Standard Capital Ratio SCR
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Table C.3: Financial Ratios of US Banks Dataset

# Predictor Variable Name

1 | Working Capital/Total Assets WC/TA

2 | Retained Earnings/ Total Assets RE/TA

3 | Earnings Before Interest And Taxes/ Total Assets | EIT/TA

4 | Market Value Of Equity/ Total Assets ME/TA

5 | Sales/ Total Assets SITA

Table C.4: Financial Ratios of UK banks dataset
# Predictor Variable Name
1 | Sales Sales
2 | Profit Before Tax/Capital Employed (%) PBT/CE
3 | Funds Flow/Total Liabilities FF/TL
4 | (Current Liabilities + Long Term Debits)/Total Assets (CL+LTD)/TA
5 | Current Liabilities/Total Assets CL/TA
6 | Current Assets/Current Liabilities CA/CL
7 | Current Assets-Stock/Current Liabilities CA-S/ICL
8 | Current Assets-Current Liabilities/Total Assets CA-CL/TA
LAG(Number of days between account year end and the
9 LAG
date of annual report)

10 | Age Age

Table C.5: Feature description

of Auto MPG dataset

# Feature Name Feature Type

1 Cylinders Multi-valued Discrete
2 Displacement Continuous

3 Horsepower Continuous

4 Weight Continuous

5 Acceleration Continuous

6 Model year Multi-valued Discrete
7 Origin Multi-valued Discrete
8 Miles Per Gallon (TARGET)
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Table C.6: Feature description of Body Fat dataset

# Feature Name Feature Type
1 Density determined from underwater weighing Continuous

2 Age (years) Multi Valued Discrete
3 Weight (lbs) Continuous

4 Height (inches) Continuous

5 Neck circumference (cm) Continuous

6 Chest circumference (cm) Continuous

7 Abdomen 2 circumference (cm) Continuous

8 Hip circumference (cm) Continuous

9 Thigh circumference (cm) Continuous

10 Knee circumference (cm) Continuous

11 Ankle circumference (cm) Continuous

12 Biceps (extended) circumference (cm) Continuous

13 Forearm circumference (cm) Continuous

14 Wrist circumference (cm) Continuous

15 Percent body fat from Siri's (1956) equation | (TARGET)

Table C.7: Feature description of Boston Housing dataset

# Feature Name Feature Type
1 | CRIM: per capita crime rate by town Continuous
2 | ZN: proportion of residential land zoned for lots over 25,000 sq.ft. | Continuous
3 | INDUS: proportion of non-retail business acres per town Continuous
4 | CHAS: Charles River dummy variable Binary

5 | NOX: nitric oxides concentration (parts per 10 million) Continuous
6 | RM: average number of rooms per dwelling Continuous
7 | AGE: proportion of owner-occupied units built prior to 1940 Continuous
8 | DIS: weighted distances to five Boston employment centres Continuous
9 | RAD: index of accessibility to radial highways Continuous
10 | TAX: full-value property-tax rate per $10,000 Continuous
11 | PTRATIO: pupil-teacher ratio by town Continuous
12 | B: 1000(Bk - 0.63)"2 where Bk is the proportion of blacks by town | Continuous
13 | LSTAT: % lower status of the population Continuous
14 MEDV: Median value of owner-occupied homes in $1000's (TARGET)
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Table C.8: Feature description of Forest Fires dataset

# Feature Name Feature Type
1 X- x-a>_<is spatial coor.dinate within the Multi Valued Discrete
Montesinho park map: 1 to0 9
Y - y-axis spatial coordinate within the . .
2 Mor)lltesinhoppark map: 2 0 9 Multi Valued Discrete
3 Month Multi Valued Discrete
4 Day Multi Valued Discrete
5 FFMC - Fine Fuel Moisture Code Continuous
6 DMC - Duff Moisture Code Continuous
7 DC - Drought Code Continuous
8 ISI - Initial Spread Index Continuous
9 Temperature Continuous
10 RH - relative humidity Continuous
11 wind - wind speed in km/h Continuous
12 rain - outside rain in mm/m2 Continuous
13 area - the burned area of the forest Continuous
(in ha): 0.00 to 1090.84 (TARGET)

Table C.9: Feature description of Pollution dataset

# Feature Name Feature Type
1 PREC Average annual precipitation in inches Continuous
2 JANT Average January temperature in degrees F Continuous
3 JULT Average July temperature in degrees F Continuous
4 OVR65 % of 1960 SMSA population aged 65 or older Continuous
5 POPN Average household size Continuous
6 EDUC Median school years completed by those over 22 | Continuous
HOUS % of housing units which are sound and with all .

g Continuous
7 facilities
8 DENS Population per sg. mile in urbanized areas, 1960 Continuous
9 NONW % non-white population in urbanized areas, 1960 | Continuous
10 WWDRK % employed in white collar occupations Continuous
11 POOR % of families with income < $3000 Continuous
12 HC  Relative hydrocarbon pollution potential Continuous
13 NOX Same for nitric oxides Continuous
14 SO@ Same for sulphur dioxide Continuous
15 HUMID Annual average % relative humidity at 1pm Continuous
16 MORT Total age-adjusted mortality rate per 100,000 | (TARGET)
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Table C.10: Feature description of churn prediction dataset

# Feature Description Value
. 0-NonChurner
Target Target Variable 1-Churner
1 CRED T Credit in month T Positive real number
2 CRED T-1 Credit in month T-1 Positive real number
3 CRED_T-2 Credit in month T-2 Positive real number
4 NCC T Number of credit cards in months T Positive integer value
5 NCC T-1 Number of credit cards in months T-1 Positive integer value
6 NCC T-2 Number of credit cards in months T-2 Positive integer value
7 INCOME Customer’s Income Positive real number
1 - University student
8 N_EDUC Customer’s educational level g : 'II\'/(IE i?]lr?iTa?ed%;ize
4 - University degree
9 AGE Customer’s age Positive integer
10 | SX Customers sex 1 - male
0 - Female
- 1-Single 2-Married
11 |E_CIV Civilian status 3-Widow 4-Divorced
12 | T WEB T Number of web transaction in months T Positive integer
13 | T_WEB _T-1 | Number of web transaction in months T-1 Positive integer
14 | T_WEB T-2 | Number of web transaction in months T-2 Positive integer
15 | MAR T Customer’s margin for the company in months T Real Number
16 | MAR T-1 Customer’s margin for the company in months T-1 | Real Number
17 | MAR T-2 Customer’s margin for the company in months T-2 | Real Number
18 | MAR_T-3 Customer’s margin for the company in months T-3 | Real Number
19 | MAR T-4 Customer’s margin for the company in months T-4 | Real Number
20 | MAR T-5 Customer’s margin for the company in months T-5 | Real Number
21 | MAR _T-6 Customer’s margin for the company in months T-6 | Real Number
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Appendis D:

Rules Tables

In this section larger rule sets extraction during the Results and discussions are shown.

Table D.1: Fuzzy Rules Extracted using Wine Dataset

# | Antecedents Consequent
1 | If "Flavanoids is High" A
2 | If "Alcohol is Low™ and "Flavanoids is Medium" B
3 | If "Alcohol is Low” B
4 | If "Flavanoids is High" and " Hue is Medium" A
5 | If "Color Intensity is Low" B
6 | If "Color Intensity is High" C
7 | If "Alcohol is Low™" and " Color Intensity is Low" B
8 | If "Alcohol is Medium" and "Color Intensity is High" C
9 | If "Flavanoids is Medium" and "Color Intensity is Low" B
If "Total Phenols is Low" and "Proanthocyaninsis Low" and "Color
10 .. . C
Intensity is Medium
If "Malic Acid is Medium™ and "Total Phenols is Low" and
11 | ., U N C
Proanthocyanins is Low
12 | If "Alcohol is Low" and "Hue is High" B
13 | If "Magnesium is High" and "0d280/0d315 Of Diluted Wines is High" B
14 | If "Alcohol is Low" and "0d280/0d315 Of Diluted Wines is Medium” B
15 | If "Flavanoids is High" and "0d280/0d315 Of Diluted Wines is High" A
If "Malic Acid is Low" and "Magnesium is Low" and "Flavanoids is
16 S B
Medium
17 | If "Alcalinity Of Ash is Low" and "Flavanoids is High" A
18 | If "Alcalinity Of Ash is High™ and "Color Intensity is Low" B
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Table D.2: Rule set extracted using SVR+CART (Case-P)
for Auto MPG dataset (3 features)

# Antecedents Prediction
If Displacement <= 0.114987 and Model Layer <= 0.625 and

1| Weight <= 0.12617 0.55459
If Displacement <= 0.114987 and Model Layer <= 0.625 and

2 | Weight > 012617 0.486769

3 If Displacement <= 0.114987 and Model Layer > 0.625 and 0.64483
Weight <= 0.147292 '
If Displacement <= 0.114987 and Model Layer > 0.625 and

4 | Weight > 0.147292 0.595032

5 If Displacement > 0.114987 and Displacement <= 0.373385 and 0.418954
Weight <= 0.367734 and Model Layer <= 0.458333 '
If Displacement > 0.114987 and Displacement <= 0.373385 and

6 | Weight <= 0.367734 and Model Layer > 0.458333 and Model 0.467772
Year <= 0.791667

7 If Displacement > 0.114987 and Displacement <= 0.373385 and 0.357201
Model Layer <= 0.791667 and Weight > 0.367734 '

8 If Displacement > 0.114987 and Displacement <= 0.373385 and 0.555221
Model Layer > 0.791667 and Weight <= 0.345052 '

9 If Displacement > 0.114987 and Displacement <= 0.373385 and 0.462763
Model Layer > 0.791667 and Weight > 0.345052 '
If Displacement > 0.373385 and Weight <= 0.515453 and Model

101\ ayer <= 0.958333 0.303012
If Displacement > 0.373385 and Weight <= 0.515453 and Model

1 Layer > 0.958333 0.459805

12 If Displacement > 0.373385 and Weight > 0.515453 and Weight 0.180468
<= 0.665012 and Model Layer <= 0.333333 '

13 If Displacement > 0.373385 and Weight > 0.515453 and Weight 0.240821
<= 0.665012 and Model Layer > 0.333333 '
If Displacement > 0.373385 and Weight > 0.665012 and Model

14 Layer <= 0.458333 0.096366

15 If Displacement > 0.373385 and Weight > 0.665012 and Model 0.168647

Layer > 0.458333
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Table D.3: Rule set extracted using SVR+CART (Case-P)
for Boston Housing dataset (all features)

# Antecedents Predictions

1 [ IfPTRATIO <=0.75 and RM <= 0.551638 and LSTAT <= 0.158527 0.460798

9 If PTRATIO <= 0.75 and RM <= 0.551638 and LSTAT > 0.158527 and 0.407351
LSTAT <= 0.269316 '
If LSTAT <= 0.269316 and PTRATIO <= 0.75 and RM > 0.551638 and RM

3 <= 0.617072 0.494458
If LSTAT <=10.269316 and RM <= 0.617072 and PTRATIO > 0.75and B

4 <= 0.908026 0.224296

5 If LSTAT <=0.269316 and RM <= 0.617072 and PTRATIO >0.75and B > 0.367576
0.908026

6 | IfLSTAT <=0.269316 and RM > 0.617072 and RM <= 0.662771 0.541152

7 | IfLSTAT <=0.269316 and RM > 0.662771 and RM <= 0.742671 0.594396

8 | IfLSTAT <=0.269316 and RM > 0.742671 0.677624

9 If LSTAT > 0.269316 and LSTAT <= 0.499448 and PTRATIO <= 0.771276 0.340127
and RM <= 0.591205 '

10 If LSTAT > 0.269316 and LSTAT <= 0.499448 and PTRATIO <= 0.771276 0.552586
and RM > 0.591205 '
If LSTAT > 0.269316 and LSTAT <= 0.499448 and PTRATIO > 0.771276

11 and B <= 0.936482 0.222108
If PTRATIO > 0.771276 and B > 0.936482 and LSTAT > 0.269316 and

12 LSTAT <= 0.355685 0.313963
If PTRATIO > 0.771276 and B > 0.936482 and LSTAT > 0.355685 and

13 LSTAT <= 0.499448 0.264505
If LSTAT > 0.499448 and LSTAT <= 0.769454 and CRIM <= 0.269919 and

14 CHAS <= 0.5 0.193346
If LSTAT > 0.499448 and LSTAT <= 0.769454 and CRIM <= 0.269919 and

15 CHAS > 0.5 0.286191

16 | If LSTAT > 0.499448 and LSTAT <= 0.769454 and CRIM > 0.269919 0.077681

17 | If LSTAT > 0.769454 and RM <= 0.228588 -0.0048

18 | If LSTAT > 0.769454 and RM > 0.228588 0.08882
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Table D.4: Rule set extracted using SVR+CART (Case-P)
for Forest Fires dataset (7 features)

# Antecedents Prediction

1 | If X-Axis <= 0.6875 and Month <= 0.681818 and Wind <= 0.077778 | 0.00328504

2 If Month <= 0.681818 and X-Axis <= 0.1875 and RH <= 0.705882 0.00267747
and Wind > 0.077778 and Wind <= 0.677778 and DC <= 0.111528 '
If Month <= 0.681818 and X-Axis <= 0.1875 and Wind > 0.077778

3 | and Wind <= 0.677778 and DC > 0.111528 and DC <= 0.755365 and | 0.00300294
RH <=0.329412 and Day <= 0.0833335
If Month <= 0.681818 and X-Axis <= 0.1875 and Wind > 0.077778

4 | and Wind <= 0.677778 and RH <= 0.329412 and Day > 0.0833335 0.00287374
and DC > 0.111528 and DC <= 0.69532
If Month <= 0.681818 and X-Axis <= 0.1875 and Wind > 0.077778

5 | and Wind <= 0.677778 and RH <= 0.329412 and Day > 0.0833335 0.0027755
and DC > 0.69532 and DC <= 0.755365
If Month <= 0.681818 and X-Axis <= 0.1875 and DC > 0.111528 and

6 | DC <=0.755365 and RH > 0.329412 and RH <= 0.705882 and Wind | 0.00304313
> 0.077778 and Wind <= 0.277778
If Month <= 0.681818 and X-Axis <= 0.1875 and DC > 0.111528 and

7 | DC <=0.755365 and RH > 0.329412 and RH <= 0.705882 and Wind | 0.00287807
> (0.277778 and Wind <= 0.677778

8 If Month <= 0.681818 and X-Axis <= 0.1875 and DC <= 0.755365 0.00321315
and RH <=0.705882 and Wind > 0.677778 and Wind <= 0.95 '

9 If Month <= 0.681818 and Wind > 0.077778 and Wind <= 0.95 and 0.00326583
X-Axis <= 0.1875 and DC <= 0.755365 and RH > 0.705882 '

10 If Month <= 0.681818 and X-Axis <= 0.1875 and DC > 0.755365 and 0.0027067
Day <= 0.75 and Wind > 0.077778 and Wind <= 0.7 '
If Month <= 0.681818 and X-Axis <= 0.1875 and DC > 0.755365 and

111 bay <= 0.75 and Wind > 0.7 and Wind <= 0.95 0.0028798
If Month <= 0.681818 and Wind > 0.077778 and Wind <= 0.95 and

12 X-Axis <= 0.1875 and DC > 0.755365 and Day > 0.75 0.00258712

13 If X-Axis > 0.1875 and X-Axis <= 0.4375 and Month <= 0.590909 0.002902
and Wind > 0.077778 and Wind <= 0.205556 '

14 If X-Axis > 0.1875 and X-Axis <= 0.4375 and Month <= 0.590909 0.0026695
and Wind > 0.205556 and Wind <= 0.427778 and DC <= 0.544213 '

15 If X-Axis > 0.1875 and X-Axis <= 0.4375 and Month <= 0.590909 0.00249425
and Wind > 0.205556 and Wind <= 0.427778 and DC > 0.544213 '
If X-Axis > 0.1875 and X-Axis <= 0.4375 and Wind > 0.427778 and

16 Wind <= 0.95 and Month <=0.318181 and Day <= 0.666667 0.00258895
If X-Axis > 0.1875 and X-Axis <= 0.4375 and Wind > 0.427778 and

17 Wind <= 0.95 and Month <= 0.318181 and Day > 0.666667 0.00246797

18 If X-Axis > 0.1875 and X-Axis <= 0.4375 and Wind > 0.427778 and 0.00266863

Wind <= 0.95 and Month > 0.318181 and Month <= 0.590909
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If X-Axis > 0.1875 and X-Axis <= 0.4375 and Month > 0.590909 and

19 | Month <= 0.681818 and Wind > 0.077778 and Wind <= 0.577778 and | 0.00285978

RH <= 0.770589 and DC <= 0.702591

If X-Axis > 0.1875 and X-Axis <= 0.4375 and Month > 0.590909 and
20 | Month <= 0.681818 and Wind > 0.077778 and Wind <= 0.577778 and
RH <= 0.770589 and DC > 0.702591 and DC <= 0.706813

0.0027838

If X-Axis > 0.1875 and X-Axis <= 0.4375 and Month > 0.590909 and

21 | Month <= 0.681818 and Wind > 0.077778 and Wind <= 0.577778 and | 0.00273606

DC > 0.706813 and DC <= 0.83734 and RH <= 0.347059

If X-Axis > 0.1875 and X-Axis <= 0.4375 and Month > 0.590909 and
Month <= 0.681818 and Wind > 0.077778 and Wind <= 0.577778 and

22 1 DC > 0.706813 and DC <= 0.83734 and RH > 0347059 and RH <= | 0-0026857
0.770589
If X-Axis > 0.1875 and X-Axis <= 0.4375 and Month > 0.590909 and
23 | Month <= 0.681818 and Wind > 0.077778 and Wind <= 0.577778 and | 0.0025275
DC <=0.83734 and RH > 0.770589
If X-Axis > 0.1875 and X-Axis <= 0.4375 and Month > 0.590909 and
24 | Month <= 0.681818 and Wind > 0.077778 and Wind <= 0.577778 and | 0.0024753
DC >0.83734
If X-Axis > 0.1875 and X-Axis <= 0.4375 and Month > 0.590909 and
2 | Month <= 0681818 and Wind > 0.577778 and Wind <= 0.95 000306913
Table D.5: Rules Set using SVR + CART for Auto MPG dataset
# Antecedents Prediction
01 if WEIGHT <= 0.415226 and HORSEPOWER <= 0.146739 and ORIGIN <= 0.473147
0.75 and MODEL_YEAR <= 0.541667 '
02 if WEIGHT <= 0.415226 and ORIGIN <= 0.75 and MODEL_YEAR > 0.636408
0.541667 and MODEL_YEAR <= 0.875 and HORSEPOWER <= 0.0380435 '
if WEIGHT <= 0.415226 and ORIGIN <= 0.75 and MODEL_YEAR >
0310.541667 and MODEL_YEAR <= 0.875 and HORSEPOWER > 0.0380435 0.529263
and HORSEPOWER <= 0.14673
04 if WEIGHT <= 0.415226 and HORSEPOWER <= 0.146739 and ORIGIN <= 0.619481
0.75 and MODEL_YEAR > 0.875 '
if WEIGHT <= 0.415226 and HORSEPOWER <= 0.146739 and ORIGIN >
0510.75 0.618746
and MODEL_YEAR <=0.875
if WEIGHT <= 0.415226 and HORSEPOWER <= 0.146739 and ORIGIN >
0610.75 0.760563
and MODEL_YEAR > 0.875
07 if HORSEPOWER > 0.146739 and WEIGHT <= 0.274171 and 0.442948
MODEL_YEAR <=0.541667 and DISPLACEMENT <= 0.130491 '
08 if HORSEPOWER > 0.146739 and WEIGHT <= 0.274171 and 0.406843

MODEL_YEAR <= 0.541667 and DISPLACEMENT > 0.130491
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if HORSEPOWER > 0.146739 and WEIGHT <= 0.274171 and

09|MODEL_YEAR > 0.541667 and MODEL_YEAR <= 0.791667 and 0.472736
ACCELERATION <= 0.538691
if HORSEPOWER > 0.146739 and WEIGHT <= 0.274171 and

10|MODEL_YEAR > 0.541667 and MODEL_YEAR <= 0.791667 and 0.547625
ACCELERATION > 0.538691

1[I HORSEPOWER > 0.146739 and WEIGHT > 0274171 and WEIGHT <= | o o
0.415226 and MODEL_YEAR <= 0.541667 '

[T HORSEPOWER > 0146739 and WEIGHT > 0.274171 and WEIGHT <= |
0.415226 and MODEL_YEAR > 0.541667 and MODEL_YEAR <= 0.791667 |
if HORSEPOWER > 0.146739 and MODEL YEAR > 0.791667 and

13\ WEIGHT <= 0.200312 0.632958

4| HORSEPOWER > 0.146739 and MODEL_YEAR > 0.791667 and 0 536736
WEIGHT > 0.200312 and WEIGHT <= 0.296569 '

5| HORSEPOWER > 0146739 and MODEL_YEAR > 0.791667 and 0468200
WEIGHT > 0.296569 and WEIGHT <= 0.415226 '

5[ MODEL_YEAR <= 0.875 and WEIGHT > 0.415226 and WEIGHT <= 0 419966
0.505387 and HORSEPOWER <= 0.138587 '
if MODEL_YEAR <= 0.875 and WEIGHT > 0.415226 and WEIGHT <=

17(0.505387 and HORSEPOWER > 0.138587 and DISPLACEMENT <= 0.331893
0.447028

15| MODEL_YEAR <= 0875 and WEIGHT > 0.415226 and WEIGHT <= 0 2o8a1a
0.505387 and HORSEPOWER > 0.138587 and DISPLACEMENT > 0.447028| ©
if MODEL_YEAR <= 0.875 and WEIGHT > 0.505387 and WEIGHT <=

19(0.604479 and ACCELERATION <= 0.747024 and HORSEPOWER <= 0.304063
0.453804
if MODEL_YEAR <= 0.875 and WEIGHT > 0.505387 and WEIGHT <=

20(0.604479 and ACCELERATION <= 0.747024 and HORSEPOWER > 0.236424
0.453804

1 [if MODEL_YEAR <= 0.875 and WEIGHT > 0.505387 and WEIGHT <= 0 196165
0.604479 and ACCELERATION > 0.747024 '

» :)f 2\3/\7/5EIGHT >0.415226 and WEIGHT <= 0.604479 and MODEL_YEAR> | o,

23 [F WEIGHT > 0604479 and WEIGHT <= 0693082 and ACCELERATION | (000
<= 0.494047

it WEIGHT > 0.604479 and WEIGHT <= 0.693082 and ACCELERATION > | o
0.494047

25if WEIGHT > 0.693082 and WEIGHT <= 0.870286 0.117609

26 [if WEIGHT > 0.870286 -0.0874944
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Table D.6: Rules Set using SVR+DENFIS for Body Fat dataset

Antecedents

Predictions

01

if X1 is GMF(0.50,0.34) and X2 is GMF(0.50,0.71) and X3 is
GMF(0.50,0.49) and X4 is GMF(0.50,0.73) and X5 is GMF(0.50,0.68)
and X6 is GMF(0.50,0.55) and X7 is GMF(0.50,0.54) and X8 is
GMF(0.50,0.39) and X9 is GMF(0.50,0.45) and X10 is GMF(0.50,0.44)
and X11 is GMF(0.50,0.30) and X12 is GMF(0.50,0.73) and X13 is
GMF(0.50,0.67) and X14 is GMF(0.50,0.53)

02

if X1 is GMF(0.50,0.35) and X2 is GMF(0.50,0.23) and X3 is
GMF(0.50,0.53) and X4 is GMF(0.50,0.83) and X5 is GMF(0.50,0.50)
and X6 is GMF(0.50,0.46) and X7 is GMF(0.50,0.48) and X8 is
GMF(0.50,0.50) and X9 is GMF(0.50,0.63) and X10 is GMF(0.50,0.67)
and X11 is GMF(0.50,0.24) and X12 is GMF(0.50,0.75) and X13 is
GMF(0.50,0.69) and X14 is GMF(0.50,0.19)

03

if X1 is GMF(0.50,0.78) and X2 is GMF(0.50,0.55) and X3 is
GMF(0.50,0.20) and X4 is GMF(0.50,0.76) and X5 is GMF(0.50,0.17)
and X6 is GMF(0.50,0.29) and X7 is GMF(0.50,0.26) and X8 is
GMF(0.50,0.20) and X9 is GMF(0.50,0.29) and X10 is GMF(0.50,0.19)
and X11 is GMF(0.50,0.20) and X12 is GMF(0.50,0.28) and X13 is
GMF(0.50,0.42) and X14 is GMF(0.50,0.14)

04

if X1 is GMF(0.50,0.70) and X2 is GMF(0.50,0.18) and X3 is
GMF(0.50,0.25) and X4 is GMF(0.50,0.85) and X5 is GMF(0.50,0.15)
and X6 is GMF(0.50,0.32) and X7 is GMF(0.50,0.23) and X8 is
GMF(0.50,0.19) and X9 is GMF(0.50,0.22) and X10 is GMF(0.50,0.31)
and X11 is GMF(0.50,0.10) and X12 is GMF(0.50,0.11) and X13 is
GMF(0.50,0.39) and X14 is GMF(0.50,0.05)

05

if X1 is GMF(0.50,0.54) and X2 is GMF(0.50,0.38) and X3 is
GMF(0.50,0.48) and X4 is GMF(0.50,0.85) and X5 is GMF(0.50,0.42)
and X6 is GMF(0.50,0.46) and X7 is GMF(0.50,0.34) and X8 is
GMF(0.50,0.40) and X9 is GMF(0.50,0.42) and X10 is GMF(0.50,0.53)
and X11 is GMF(0.50,0.33) and X12 is GMF(0.50,0.47) and X13 is
GMF(0.50,0.54) and X14 is GMF(0.50,0.32)

06

if X1 is GMF(0.50,0.40) and X2 is GMF(0.50,0.48) and X3 is
GMF(0.50,0.29) and X4 is GMF(0.50,0.75) and X5 is GMF(0.50,0.41)
and X6 is GMF(0.50,0.44) and X7 is GMF(0.50,0.37) and X8 is
GMF(0.50,0.21) and X9 is GMF(0.50,0.34) and X10 is GMF(0.50,0.22)
and X11 is GMF(0.50,0.07) and X12 is GMF(0.50,0.57) and X13 is
GMF(0.50,0.59) and X14 is GMF(0.50,0.19)

07

if X1 is GMF(0.50,0.50) and X2 is GMF(0.50,0.25) and X3 is
GMF(0.50,0.72) and X4 is GMF(0.50,0.85) and X5 is GMF(0.50,0.95)
and X6 is GMF(0.50,0.58) and X7 is GMF(0.50,0.54) and X8 is
GMF(0.50,0.53) and X9 is GMF(0.50,0.58) and X10 is GMF(0.50,0.74)
and X11 is GMF(0.50,0.34) and X12 is GMF(0.50,0.82) and X13 is
GMF(0.50,0.84) and X14 is GMF(0.50,0.66)

Y =1.99
0.99* X1
0.01 * X3
0.01* X4
0.01 * X7
0.01 * X8

- 0.01*X10

+ 4+ 1 4+
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08

if X1 is GMF(0.50,0.49) and X2 is GMF(0.50,0.34) and X3 is
GMF(0.50,0.68) and X4 is GMF(0.50,0.83) and X5 is GMF(0.50,0.59)
and X6 is GMF(0.50,0.65) and X7 is GMF(0.50,0.54) and X8 is
GMF(0.50,0.57) and X9 is GMF(0.50,0.71) and X10 is GMF(0.50,0.95)
and X11 is GMF(0.50,0.38) and X12 is GMF(0.50,0.84) and X13 is
GMF(0.50,0.73) and X14 is GMF(0.50,0.45)

09

if X1 is GMF(0.50,0.88) and X2 is GMF(0.50,0.52) and X3 is
GMF(0.50,0.71) and X4 is GMF(0.50,0.95) and X5 is GMF(0.50,0.70)
and X6 is GMF(0.50,0.67) and X7 is GMF(0.50,0.52) and X8 is
GMF(0.50,0.55) and X9 is GMF(0.50,0.53) and X10 is GMF(0.50,0.79)
and X11 is GMF(0.50,0.24) and X12 is GMF(0.50,0.52) and X13 is
GMF(0.50,0.69) and X14 is GMF(0.50,0.77)

10

if X1 is GMF(0.50,0.77) and X2 is GMF(0.50,0.05) and X3 is
GMF(0.50,0.39) and X4 is GMF(0.50,0.85) and X5 is GMF(0.50,0.47)
and X6 is GMF(0.50,0.31) and X7 is GMF(0.50,0.26) and X8 is
GMF(0.50,0.35) and X9 is GMF(0.50,0.43) and X10 is GMF(0.50,0.37)
and X11 is GMF(0.50,0.26) and X12 is GMF(0.50,0.36) and X13 is
GMF(0.50,0.56) and X14 is GMF(0.50,0.36

11

if X1 is GMF(0.50,0.52) and X2 is GMF(0.50,0.08) and X3 is
GMF(0.50,0.61) and X4 is GMF(0.50,0.86) and X5 is GMF(0.50,0.53)
and X6 is GMF(0.50,0.47) and X7 is GMF(0.50,0.52) and X8 is
GMF(0.50,0.61) and X9 is GMF(0.50,0.85) and X10 is GMF(0.50,0.90)
and X11 is GMF(0.50,0.38) and X12 is GMF(0.50,0.75) and X13 is
GMF(0.50,0.65) and X14 is GMF(0.50,0.45)

12

if X1 is GMF(0.50,0.49) and X2 is GMF(0.50,0.25) and X3 is
GMF(0.50,0.32) and X4 is GMF(0.50,0.73) and X5 is GMF(0.50,0.28)
and X6 is GMF(0.50,0.41) and X7 is GMF(0.50,0.42) and X8 is
GMF(0.50,0.36) and X9 is GMF(0.50,0.58) and X10 is GMF(0.50,0.49)
and X11 is GMF(0.50,0.14) and X12 is GMF(0.50,0.40) and X13 is
GMF(0.50,0.40) and X14 is GMF(0.50,0.12)

13

if X1 is GMF(0.50,0.41) and X2 is GMF(0.50,0.32) and X3 is
GMF(0.50,0.50) and X4 is GMF(0.50,0.88) and X5 is GMF(0.50,0.45)
and X6 is GMF(0.50,0.34) and X7 is GMF(0.50,0.41) and X8 is
GMF(0.50,0.48) and X9 is GMF(0.50,0.63) and X10 is GMF(0.50,0.69)
and X11 is GMF(0.50,0.35) and X12 is GMF(0.50,0.57) and X13 is
GMF(0.50,0.60) and X14 is GMF(0.50,0.42)

14

if X1 is GMF(0.50,0.34) and X2 is GMF(0.50,0.28) and X3 is
GMF(0.50,0.82) and X4 is GMF(0.50,0.84) and X5 is GMF(0.50,0.79)
and X6 is GMF(0.50,0.79) and X7 is GMF(0.50,0.70) and X8 is
GMF(0.50,0.69) and X9 is GMF(0.50,0.80) and X10 is GMF(0.50,0.82)
and X11 is GMF(0.50,0.35) and X12 is GMF(0.50,0.63) and X13 is
GMF(0.50,0.60) and X14 is GMF(0.50,0.40)

Y =1.99
0.99 * X1
0.01 * X3
0.01 * X4
0.01 * X7
0.01 * X8

- 0.01*X10

+ 4+ 1 4+
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15

if X1 is GMF(0.50,0.44) and X2 is GMF(0.50,0.66) and X3 is
GMF(0.50,0.35) and X4 is GMF(0.50,0.84) and X5 is GMF(0.50,0.20)
and X6 is GMF(0.50,0.38) and X7 is GMF(0.50,0.40) and X8 is
GMF(0.50,0.35) and X9 is GMF(0.50,0.36) and X10 is GMF(0.50,0.48)
and X11 is GMF(0.50,0.19) and X12 is GMF(0.50,0.43) and X13 is
GMF(0.50,0.46) and X14 is GMF(0.50,0.44)

16

if X1 is GMF(0.50,0.68) and X2 is GMF(0.50,0.55) and X3 is
GMF(0.50,0.43) and X4 is GMF(0.50,0.78) and X5 is GMF(0.50,0.70)
and X6 is GMF(0.50,0.56) and X7 is GMF(0.50,0.46) and X8 is
GMF(0.50,0.34) and X9 is GMF(0.50,0.39) and X10 is GMF(0.50,0.35)
and X11 is GMF(0.50,0.15) and X12 is GMF(0.50,0.61) and X13 is
GMF(0.50,0.71) and X14 is GMF(0.50,0.55)

17

if X1 is GMF(0.50,0.17) and X2 is GMF(0.50,0.46) and X3 is
GMF(0.50,0.51) and X4 is GMF(0.50,0.71) and X5 is GMF(0.50,0.46)
and X6 is GMF(0.50,0.77) and X7 is GMF(0.50,0.74) and X8 is
GMF(0.50,0.69) and X9 is GMF(0.50,0.54) and X10 is GMF(0.50,0.45)
and X11 is GMF(0.50,0.16) and X12 is GMF(0.50,0.46) and X13 is
GMF(0.50,0.62) and X14 is GMF(0.50,0.14)

18

if X1 is GMF(0.50,0.50) and X2 is GMF(0.50,0.34) and X3 is
GMF(0.50,0.63) and X4 is GMF(0.50,0.85) and X5 is GMF(0.50,0.47)
and X6 is GMF(0.50,0.57) and X7 is GMF(0.50,0.52) and X8 is
GMF(0.50,0.47) and X9 is GMF(0.50,0.59) and X10 is GMF(0.50,0.58)
and X11 is GMF(0.50,0.26) and X12 is GMF(0.50,0.77) and X13 is
GMF(0.50,0.66) and X14 is GMF(0.50,0.53)

19

if X1 is GMF(0.50,0.39) and X2 is GMF(0.50,0.69) and X3 is
GMF(0.50,0.25) and X4 is GMF(0.50,0.76) and X5 is GMF(0.50,0.43)
and X6 is GMF(0.50,0.38) and X7 is GMF(0.50,0.36) and X8 is
GMF(0.50,0.31) and X9 is GMF(0.50,0.30) and X10 is GMF(0.50,0.43)
and X11 is GMF(0.50,0.16) and X12 is GMF(0.50,0.32) and X13 is
GMF(0.50,0.32) and X14 is GMF(0.50,0.27)

20

if X1 is GMF(0.50,0.31) and X2 is GMF(0.50,0.14) and X3 is
GMF(0.50,0.60) and X4 is GMF(0.50,0.79) and X5 is GMF(0.50,0.47)
and X6 is GMF(0.50,0.53) and X7 is GMF(0.50,0.62) and X8 is
GMF(0.50,0.52) and X9 is GMF(0.50,0.76) and X10 is GMF(0.50,0.60)
and X11 is GMF(0.50,0.38) and X12 is GMF(0.50,0.68) and X13 is
GMF(0.50,0.68) and X14 is GMF(0.50,0.53)

21

if X1 is GMF(0.50,0.23) and X2 is GMF(0.50,0.25) and X3 is
GMF(0.50,0.74) and X4 is GMF(0.50,0.80) and X5 is GMF(0.50,0.64)
and X6 is GMF(0.50,0.71) and X7 is GMF(0.50,0.79) and X8 is
GMF(0.50,0.65) and X9 is GMF(0.50,0.95) and X10 is GMF(0.50,0.65)
and X11 is GMF(0.50,0.30) and X12 is GMF(0.50,0.75) and X13 is
GMF(0.50,0.75) and X14 is GMF(0.50,0.47)

Y =1.99
0.99 * X1
0.01 * X3
0.01 * X4
0.01 * X7
0.01 * X8

- 0.01*X10

+ 4+ 1 4+
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22

if X1 is GMF(0.50,0.72) and X2 is GMF(0.50,0.58) and X3 is
GMF(0.50,0.32) and X4 is GMF(0.50,0.80) and X5 is GMF(0.50,0.49)
and X6 is GMF(0.50,0.27) and X7 is GMF(0.50,0.20) and X8 is
GMF(0.50,0.25) and X9 is GMF(0.50,0.36) and X10 is GMF(0.50,0.57)
and X11 is GMF(0.50,0.31) and X12 is GMF(0.50,0.34) and X13 is
GMF(0.50,0.58) and X14 is GMF(0.50,0.34)

23

if X1 is GMF(0.50,0.42) and X2 is GMF(0.50,0.26) and X3 is
GMF(0.50,0.73) and X4 is GMF(0.50,0.84) and X5 is GMF(0.50,0.74)
and X6 is GMF(0.50,0.71) and X7 is GMF(0.50,0.68) and X8 is
GMF(0.50,0.70) and X9 is GMF(0.50,0.78) and X10 is GMF(0.50,0.80)
and X11 is GMF(0.50,0.30) and X12 is GMF(0.50,0.70) and X13 is
GMF(0.50,0.05) and X14 is GMF(0.50,0.71)

24

if X1 is GMF(0.50,0.36) and X2 is GMF(0.50,0.08) and X3 is
GMF(0.50,0.46) and X4 is GMF(0.50,0.83) and X5 is GMF(0.50,0.10)
and X6 is GMF(0.50,0.38) and X7 is GMF(0.50,0.54) and X8 is
GMF(0.50,0.42) and X9 is GMF(0.50,0.58) and X10 is GMF(0.50,0.78)
and X11 is GMF(0.50,0.30) and X12 is GMF(0.50,0.48) and X13 is
GMF(0.50,0.48) and X14 is GMF(0.50,0.27)

25

if X1 is GMF(0.50,0.54) and X2 is GMF(0.50,0.46) and X3 is
GMF(0.50,0.38) and X4 is GMF(0.50,0.84) and X5 is GMF(0.50,0.20)
and X6 is GMF(0.50,0.39) and X7 is GMF(0.50,0.38) and X8 is
GMF(0.50,0.29) and X9 is GMF(0.50,0.37) and X10 is GMF(0.50,0.49)
and X11 is GMF(0.50,0.24) and X12 is GMF(0.50,0.15) and X13 is
GMF(0.50,0.41) and X14 is GMF(0.50,0.25)

26

if X1 is GMF(0.50,0.95) and X2 is GMF(0.50,0.32) and X3 is
GMF(0.50,0.05) and X4 is GMF(0.50,0.77) and X5 is GMF(0.50,0.05)
and X6 is GMF(0.50,0.05) and X7 is GMF(0.50,0.05) and X8 is
GMF(0.50,0.05) and X9 is GMF(0.50,0.05) and X10 is GMF(0.50,0.05)
and X11 is GMF(0.50,0.05) and X12 is GMF(0.50,0.16) and X13 is
GMF(0.50,0.28) and X14 is GMF(0.50,0.05)

27

if X1 is GMF(0.50,0.31) and X2 is GMF(0.50,0.54) and X3 is
GMF(0.50,0.57) and X4 is GMF(0.50,0.82) and X5 is GMF(0.50,0.65)
and X6 is GMF(0.50,0.72) and X7 is GMF(0.50,0.62) and X8 is
GMF(0.50,0.31) and X9 is GMF(0.50,0.44) and X10 is GMF(0.50,0.43)
and X11 is GMF(0.50,0.20) and X12 is GMF(0.50,0.43) and X13 is
GMF(0.50,0.56) and X14 is GMF(0.50,0.36)

28

if X1 is GMF(0.50,0.76) and X2 is GMF(0.50,0.46) and X3 is
GMF(0.50,0.26) and X4 is GMF(0.50,0.87) and X5 is GMF(0.50,0.16)
and X6 is GMF(0.50,0.31) and X7 is GMF(0.50,0.21) and X8 is
GMF(0.50,0.19) and X9 is GMF(0.50,0.23) and X10 is GMF(0.50,0.39)
and X11 is GMF(0.50,0.20) and X12 is GMF(0.50,0.91) and X13 is
GMF(0.50,0.46) and X14 is GMF(0.50,0.42)

Y =1.99
0.99 * X1
0.01 * X3
0.01 * X4
0.01 * X7
0.01 * X8

- 0.01*X10

+ 4+ 1 4+
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29

if X1 is GMF(0.50,0.29) and X2 is GMF(0.50,0.48) and X3 is
GMF(0.50,0.58) and X4 is GMF(0.50,0.75) and X5 is GMF(0.50,0.62)
and X6 is GMF(0.50,0.70) and X7 is GMF(0.50,0.66) and X8 is
GMF(0.50,0.44) and X9 is GMF(0.50,0.52) and X10 is GMF(0.50,0.69)
and X11 is GMF(0.50,0.34) and X12 is GMF(0.50,0.61) and X13 is
GMF(0.50,0.70) and X14 is GMF(0.50,0.38)

30

if X1 is GMF(0.50,0.52) and X2 is GMF(0.50,0.11) and X3 is
GMF(0.50,0.82) and X4 is GMF(0.50,0.89) and X5 is GMF(0.50,0.77)
and X6 is GMF(0.50,0.58) and X7 is GMF(0.50,0.58) and X8 is
GMF(0.50,0.70) and X9 is GMF(0.50,0.90) and X10 is GMF(0.50,0.90)
and X11 is GMF(0.50,0.37) and X12 is GMF(0.50,0.91) and X13 is
GMF(0.50,0.88) and X14 is GMF(0.50,0.62)

31

if X1 is GMF(0.50,0.65) and X2 is GMF(0.50,0.17) and X3 is
GMF(0.50,0.16) and X4 is GMF(0.50,0.78) and X5 is GMF(0.50,0.23)
and X6 is GMF(0.50,0.22) and X7 is GMF(0.50,0.16) and X8 is
GMF(0.50,0.15) and X9 is GMF(0.50,0.14) and X10 is GMF(0.50,0.16)
and X11 is GMF(0.50,0.15) and X12 is GMF(0.50,0.11) and X13 is
GMF(0.50,0.95) and X14 is GMF(0.50,0.12)

32

if X1 is GMF(0.50,0.28) and X2 is GMF(0.50,0.38) and X3 is
GMF(0.50,0.59) and X4 is GMF(0.50,0.05) and X5 is GMF(0.50,0.30)
and X6 is GMF(0.50,0.54) and X7 is GMF(0.50,0.60) and X8 is
GMF(0.50,0.73) and X9 is GMF(0.50,0.83) and X10 is GMF(0.50,0.81)
and X11 is GMF(0.50,0.28) and X12 is GMF(0.50,0.57) and X13 is
GMF(0.50,0.55) and X14 is GMF(0.50,0.21)

33

if X1 is GMF(0.50,0.31) and X2 is GMF(0.50,0.45) and X3 is
GMF(0.50,0.67) and X4 is GMF(0.50,0.81) and X5 is GMF(0.50,0.36)
and X6 is GMF(0.50,0.68) and X7 is GMF(0.50,0.71) and X8 is
GMF(0.50,0.70) and X9 is GMF(0.50,0.73) and X10 is GMF(0.50,0.67)
and X11 is GMF(0.50,0.36) and X12 is GMF(0.50,0.79) and X13 is
GMF(0.50,0.62) and X14 is GMF(0.50,0.40)

34

if X1 is GMF(0.50,0.25) and X2 is GMF(0.50,0.38) and X3 is
GMF(0.50,0.70) and X4 is GMF(0.50,0.80) and X5 is GMF(0.50,0.68)
and X6 is GMF(0.50,0.83) and X7 is GMF(0.50,0.76) and X8 is
GMF(0.50,0.54) and X9 is GMF(0.50,0.59) and X10 is GMF(0.50,0.62)
and X11 is GMF(0.50,0.15) and X12 is GMF(0.50,0.66) and X13 is
GMF(0.50,0.68) and X14 is GMF(0.50,0.21)

35

if X1 is GMF(0.50,0.30) and X2 is GMF(0.50,0.34) and X3 is
GMF(0.50,0.86) and X4 is GMF(0.50,0.87) and X5 is GMF(0.50,0.79)
and X6 is GMF(0.50,0.74) and X7 is GMF(0.50,0.78) and X8 is
GMF(0.50,0.74) and X9 is GMF(0.50,0.85) and X10 is GMF(0.50,0.88)
and X11 is GMF(0.50,0.45) and X12 is GMF(0.50,0.83) and X13 is
GMF(0.50,0.75) and X14 is GMF(0.50,0.64)

Y =1.99
0.99 * X1
0.01 * X3
0.01 * X4
0.01 * X7
0.01 * X8

- 0.01*X10

+ 4+ 1 4+
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36

if X1 is GMF(0.50,0.70) and X2 is GMF(0.50,0.11) and X3 is
GMF(0.50,0.26) and X4 is GMF(0.50,0.79) and X5 is GMF(0.50,0.19)
and X6 is GMF(0.50,0.30) and X7 is GMF(0.50,0.18) and X8 is
GMF(0.50,0.24) and X9 is GMF(0.50,0.37) and X10 is GMF(0.50,0.25)
and X11 is GMF(0.50,0.06) and X12 is GMF(0.50,0.43) and X13 is
GMF(0.50,0.57) and X14 is GMF(0.50,0.29)

37

if X1 is GMF(0.50,0.26) and X2 is GMF(0.50,0.40) and X3 is
GMF(0.50,0.95) and X4 is GMF(0.50,0.78) and X5 is GMF(0.50,0.89)
and X6 is GMF(0.50,0.95) and X7 is GMF(0.50,0.95) and X8 is
GMF(0.50,0.95) and X9 is GMF(0.50,0.89) and X10 is GMF(0.50,0.56)
and X11 is GMF(0.50,0.47) and X12 is GMF(0.50,0.77) and X13 is
GMF(0.50,0.81) and X14 is GMF(0.50,0.95)

38

if X1 is GMF(0.50,0.80) and X2 is GMF(0.50,0.09) and X3 is
GMF(0.50,0.50) and X4 is GMF(0.50,0.88) and X5 is GMF(0.50,0.43)
and X6 is GMF(0.50,0.45) and X7 is GMF(0.50,0.26) and X8 is
GMF(0.50,0.38) and X9 is GMF(0.50,0.57) and X10 is GMF(0.50,0.45)
and X11 is GMF(0.50,0.28) and X12 is GMF(0.50,0.73) and X13 is
GMF(0.50,0.71) and X14 is GMF(0.50,0.36)

39

if X1 is GMF(0.50,0.39) and X2 is GMF(0.50,0.79) and X3 is
GMF(0.50,0.37) and X4 is GMF(0.50,0.81) and X5 is GMF(0.50,0.49)
and X6 is GMF(0.50,0.46) and X7 is GMF(0.50,0.45) and X8 is
GMF(0.50,0.27) and X9 is GMF(0.50,0.34) and X10 is GMF(0.50,0.30)
and X11 is GMF(0.50,0.30) and X12 is GMF(0.50,0.41) and X13 is
GMF(0.50,0.46) and X14 is GMF(0.50,0.55)

40

if X1 is GMF(0.50,0.48) and X2 is GMF(0.50,0.25) and X3 is
GMF(0.50,0.35) and X4 is GMF(0.50,0.77) and X5 is GMF(0.50,0.47)
and X6 is GMF(0.50,0.41) and X7 is GMF(0.50,0.38) and X8 is
GMF(0.50,0.28) and X9 is GMF(0.50,0.32) and X10 is GMF(0.50,0.10)
and X11 is GMF(0.50,0.16) and X12 is GMF(0.50,0.34) and X13 is
GMF(0.50,0.55) and X14 is GMF(0.50,0.27)

41

if X1 is GMF(0.50,0.36) and X2 is GMF(0.50,0.48) and X3 is
GMF(0.50,0.54) and X4 is GMF(0.50,0.78) and X5 is GMF(0.50,0.79)
and X6 is GMF(0.50,0.53) and X7 is GMF(0.50,0.52) and X8 is
GMF(0.50,0.49) and X9 is GMF(0.50,0.67) and X10 is GMF(0.50,0.73)
and X11 is GMF(0.50,0.34) and X12 is GMF(0.50,0.55) and X13 is
GMF(0.50,0.67) and X14 is GMF(0.50,0.58)

42

if X1 is GMF(0.50,0.58) and X2 is GMF(0.50,0.43) and X3 is
GMF(0.50,0.25) and X4 is GMF(0.50,0.75) and X5 is GMF(0.50,0.32)
and X6 is GMF(0.50,0.32) and X7 is GMF(0.50,0.31) and X8 is
GMF(0.50,0.27) and X9 is GMF(0.50,0.41) and X10 is GMF(0.50,0.30)
and X11 is GMF(0.50,0.17) and X12 is GMF(0.50,0.36) and X13 is
GMF(0.50,0.47) and X14 is GMF(0.50,0.25)

Y =1.99
0.99 * X1
0.01 * X3
0.01 * X4
0.01 * X7
0.01 * X8

- 0.01*X10

+ 4+ 1 4+
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43

if X1 is GMF(0.50,0.81) and X2 is GMF(0.50,0.35) and X3 is
GMF(0.50,0.16) and X4 is GMF(0.50,0.76) and X5 is GMF(0.50,0.41)
and X6 is GMF(0.50,0.20) and X7 is GMF(0.50,0.18) and X8 is
GMF(0.50,0.13) and X9 is GMF(0.50,0.20) and X10 is GMF(0.50,0.16)
and X11 is GMF(0.50,0.20) and X12 is GMF(0.50,0.16) and X13 is
GMF(0.50,0.47) and X14 is GMF(0.50,0.42)

44

if X1 is GMF(0.50,0.50) and X2 is GMF(0.50,0.60) and X3 is
GMF(0.50,0.44) and X4 is GMF(0.50,0.77) and X5 is GMF(0.50,0.52)
and X6 is GMF(0.50,0.43) and X7 is GMF(0.50,0.53) and X8 is
GMF(0.50,0.44) and X9 is GMF(0.50,0.54) and X10 is GMF(0.50,0.56)
and X11 is GMF(0.50,0.20) and X12 is GMF(0.50,0.54) and X13 is
GMF(0.50,0.52) and X14 is GMF(0.50,0.42)

45

if X1 is GMF(0.50,0.66) and X2 is GMF(0.50,0.20) and X3 is
GMF(0.50,0.45) and X4 is GMF(0.50,0.88) and X5 is GMF(0.50,0.49)
and X6 is GMF(0.50,0.44) and X7 is GMF(0.50,0.35) and X8 is
GMF(0.50,0.38) and X9 is GMF(0.50,0.39) and X10 is GMF(0.50,0.49)
and X11 is GMF(0.50,0.95) and X12 is GMF(0.50,0.50) and X13 is
GMF(0.50,0.48) and X14 is GMF(0.50,0.40)

46

if X1 is GMF(0.50,0.05) and X2 is GMF(0.50,0.49) and X3 is
GMF(0.50,0.68) and X4 is GMF(0.50,0.70) and X5 is GMF(0.50,0.71)
and X6 is GMF(0.50,0.80) and X7 is GMF(0.50,0.89) and X8 is
GMF(0.50,0.67) and X9 is GMF(0.50,0.56) and X10 is GMF(0.50,0.33)
and X11 is GMF(0.50,0.27) and X12 is GMF(0.50,0.65) and X13 is
GMF(0.50,0.58) and X14 is GMF(0.50,0.40)

Y =1.99
- 0.99*X1
+ 0.01*X3
0.01* X4
0.01 * X7
0.01 * X8

+ +

- 0.01*X10

GMF(x, y) indicates Gaussian Membership function with mean x and variance y.

Table D.7: Rules Set using SVR+CART for Boston Housing dataset

# Antecedents Prediction

01|if CRIM <= 0.059321 and LSTAT <= 0.104305 and RM <= 0.620617 0.522726
if CRIM <= 0.059321 and LSTAT <= 0.104305 and RM > 0.620617 and

0212M <= 0.661142 0.580579

13 [If CRIM <= 0.059321 and LSTAT > 0.104305 and LSTAT <= 0.164045 | . -
and RM <= 0.573864 :

04 [IF CRIM <= 0.059321 and LSTAT > 0.104305 and LSTAT <= 0.164045 | o=
and RM > 0.573864 and RM <= 0.661142 '

05 |if LSTAT <= 0.164045 and RM <= 0.661142 and CRIM > 0.059321 0.826973
if LSTAT <= 0.164045 and CRIM <= 0.0449 and RM > 0.661142 and RM

06| = 0.704158 0.61574
if LSTAT <= 0.164045 and CRIM <= 0.0449 and RM > 0.704158 and RM

07\~ 0.820272 0.71813
if LSTAT <= 0.164045 and RM > 0.661142 and RM <= 0.820272 and

08\ -RIM > 0.0449 0.300976
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00 [if LSTAT <= 0.164045 and RM > 0.820272 and RAD <= 0.217392 0.892593

10 if LSTAT <= 0.164045 and RM > 0.820272 and RAD > 0.217392 0.787818

1 [T LSTAT >0.164045 and LSTAT <= 0.357754 and PTRATIO <= 0 639806
0.132978

1, [TPTRATIO > 0132078 and LSTAT > 0.164045 and LSTAT <= 0.274835 | oo o
and CHAS <= 0.5 and RM <= 0.48927 '

3 [TPTRATIO > 0132078 and LSTAT > 0.164045 and LSTAT <= 0.274835| ..
and CHAS <= 0.5 and RM > 0.48927 and TAX <= 0.271946 '

4 [TPTRATIO > 0.132978 and LSTAT > 0.164045 and LSTAT <= 0.274835 | oo
and CHAS <= 0.5 and RM > 0.48927 and TAX > 0.271946 :
if PTRATIO > 0.132978 and LSTAT > 0.164045 and LSTAT <= 0.274835

1510nd CHAS > 0.5 0.591983

15 [TPTRATIO > 0.132978 and LSTAT > 0.274835 and LSTAT <= 0.357754 | . .
and CRIM <= 0.321786 and NOX <= 0.101749 :
if LSTAT > 0.274835 and LSTAT <= 0.357754 and CRIM <= 0.321786

17|and NOX > 0.101749 and PTRATIO > 0.132978 and PTRATIO <= 0.353425
0.888298

5 [T LSTAT > 0274835 and LSTAT <= 0.357754 and CRIM <= 0.321786 | , ycoo
and NOX > 0.101749 and PTRATIO > 0.888298 :

1o [TPTRATIO >0.132078 and LSTAT > 0.274835 and LSTAT <= 0.357754 | o
and CRIM > 0.321786 :

20 |if LSTAT > 0.357754 and LSTAT <= 0.450745 and CRIM <= 0.0012965 | 0.414246
if LSTAT > 0.357754 and LSTAT <= 0.450745 and CRIM > 0.0012965

21|ond CRIM <= 0.117411 0.272778

22 [if CRIM <= 0.117411 and LSTAT > 0.450745 and NOX <= 0.436214 0.240371

23 [if LSTAT > 0.450745 and NOX > 0.436214 and CRIM <= 0.0221815 0.125006
if LSTAT > 0.450745 and NOX > 0.436214 and CRIM > 0.0221815 and

24|CRIM <= 0.117411 0196233

25 lif LSTAT > 0.357754 and CRIM > 0.117411 and NOX <= 0.50926 0.224651
if CRIM > 0.117411 and NOX > 0.50926 and LSTAT > 0.357754 and

26\ STAT <= 0.415287 0.227456
if NOX > 0.50926 and LSTAT > 0.415287 and CRIM > 0.117411 and

2T \oRIM <= 0.157842 0.0778943

g |if NOX > 0.50926 and LSTAT > 0.415287 and CRIM > 0.157842 and 01550
CRIM <= 0.249894 :

29 [if NOX > 0.50926 and LSTAT > 0.415287 and CRIM > 0.249894 0.0781522
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Table D.8: Rules Set using SVR+DENFIS for Pollution dataset

Antecedents

Predictions

01

if X1 is GMF(0.50,0.82) and X2 is GMF(0.50,0.59) and X3 is
GMF(0.50,0.69) and X4 is GMF(0.50,0.35) and X5 is GMF(0.50,0.88)
and X6 is GMF(0.50,0.39) and X7 is GMF(0.50,0.05) and X8 is
GMF(0.50,0.25) and X9 is GMF(0.50,0.95) and X10 is GMF(0.50,0.34)
and X11 is GMF(0.50,0.91) and X12 is GMF(0.50,0.09) and X13 is
GMF(0.50,0.13) and X14 is GMF(0.50,0.55) and X15 is GMF(0.50,0.31)

02

if X1 is GMF(0.50,0.64) and X2 is GMF(0.50,0.34) and X3 is
GMF(0.50,0.37) and X4 is GMF(0.50,0.82) and X5 is GMF(0.50,0.49)
and X6 is GMF(0.50,0.93) and X7 is GMF(0.50,0.70) and X8 is
GMF(0.50,0.40) and X9 is GMF(0.50,0.11) and X10 is GMF(0.50,0.77)
and X11 is GMF(0.50,0.13) and X12 is GMF(0.50,0.07) and X13 is
GMF(0.50,0.13) and X14 is GMF(0.50,0.48) and X15 is GMF(0.50,0.39)

03

if X1 is GMF(0.50,0.68)and X2 is GMF(0.50,0.24) and X3 is
GMF(0.50,0.15) and X4 is GMF(0.50,0.95) and X5 is GMF(0.50,0.53)
and X6 is GMF(0.50,0.64) and X7 is GMF(0.50,0.54) and X8 is
GMF(0.50,0.29) and X9 is GMF(0.50,0.05) and X10 is GMF(0.50,0.46)
and X11 is GMF(0.50,0.28) and X12 is GMF(0.50,0.05) and X13 is
GMF(0.50,0.05) and X14 is GMF(0.50,0.09) and X15 is GMF(0.50,0.39)

04

if X1 is GMF(0.50,0.77) and X2 is GMF(0.50,0.54) and X3 is
GMF(0.50,0.79) and X4 is GMF(0.50,0.29) and X5 is GMF(0.50,0.95)
and X6 is GMF(0.50,0.44) and X7 is GMF(0.50,0.26) and X8 is
GMF(0.50,0.27) and X9 is GMF(0.50,0.91) and X10 is GMF(0.50,0.36)
and X11 is GMF(0.50,0.95) and X12 is GMF(0.50,0.07) and X13 is
GMF(0.50,0.09) and X14 is GMF(0.50,0.28) and X15 is GMF(0.50,0.50)

05

if X1 is GMF(0.50,0.31) and X2 is GMF(0.50,0.05) and X3 is
GMF(0.50,0.31) and X4 is GMF(0.50,0.57) and X5 is GMF(0.50,0.58)
and X6 is GMF(0.50,0.93) and X7 is GMF(0.50,0.67) and X8 is
GMF(0.50,0.12) and X9 is GMF(0.50,0.07) and X10 is GMF(0.50,0.95)
and X11 is GMF(0.50,0.05) and X12 is GMF(0.50,0.07) and X13 is
GMF(0.50,0.07) and X14 is GMF(0.50,0.22) and X15 is GMF(0.50,0.46)

06

if X1 is GMF(0.50,0.62) and X2 is GMF(0.50,0.33) and X3 is
GMF(0.50,0.26) and X4 is GMF(0.50,0.79) and X5 is GMF(0.50,0.42)
and X6 is GMF(0.50,0.36) and X7 is GMF(0.50,0.53) and X8 is
GMF(0.50,0.27) and X9 is GMF(0.50,0.08) and X10 is GMF(0.50,0.05)
and X11 is GMF(0.50,0.37) and X12 is GMF(0.50,0.05) and X13 is
GMF(0.50,0.05) and X14 is GMF(0.50,0.17) and X15 is GMF(0.50,0.39)

07

if X1 is GMF(0.50,0.53) and X2 is GMF(0.50,0.36) and X3 is
GMF(0.50,0.42) and X4 is GMF(0.50,0.40) and X5 is GMF(0.50,0.54)
and X6 is GMF(0.50,0.87) and X7 is GMF(0.50,0.49) and X8 is
GMF(0.50,0.36) and X9 is GMF(0.50,0.34) and X10 is GMF(0.50,0.79)
and X11 is GMF(0.50,0.27) and X12 is GMF(0.50,0.08) and X13 is
GMF(0.50,0.07) and X14 is GMF(0.50,0.14) and X15 is GMF(0.50,0.46)

Y =1.30
+0.38 * X1
-0.20* X2
-0.11* X3
-0.10* X4
- 0.12 * X6
- 0.09 * X7
+0.29 * X8
+0.51 * X9
- 0.05* X10
- 0.03 * X11
- 0.03 * X12

+0.02 * X13
+0.15* X14
+0.01 * X15
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08

if X1 is GMF(0.50,0.51) and X2 is GMF(0.50,0.24) and X3 is
GMF(0.50,0.15) and X4 is GMF(0.50,0.54) and X5 is GMF(0.50,0.63)
and X6 is GMF(0.50,0.47) and X7 is GMF(0.50,0.67) and X8 is
GMF(0.50,0.61) and X9 is GMF(0.50,0.22) and X10 is GMF(0.50,0.30)
and X11 is GMF(0.50,0.20) and X12 is GMF(0.50,0.07) and X13 is
GMF(0.50,0.08) and X14 is GMF(0.50,0.30) and X15 is GMF(0.50,0.58)

09

if X1 is GMF(0.50,0.69) and X2 is GMF(0.50,0.76) and X3 is
GMF(0.50,0.90) and X4 is GMF(0.50,0.05) and X5 is GMF(0.50,0.70)
and X6 is GMF(0.50,0.73) and X7 is GMF(0.50,0.54) and X8 is
GMF(0.50,0.18) and X9 is GMF(0.50,0.53) and X10 is GMF(0.50,0.61)
and X11 is GMF(0.50,0.49) and X12 is GMF(0.50,0.05) and X13 is
GMF(0.50,0.06) and X14 is GMF(0.50,0.05) and X15 is GMF(0.50,0.50)

10

if X1 is GMF(0.50,0.64) and X2 is GMF(0.50,0.38) and X3 is
GMF(0.50,0.37) and X4 is GMF(0.50,0.71) and X5 is GMF(0.50,0.76)
and X6 is GMF(0.50,0.19) and X7 is GMF(0.50,0.52) and X8 is
GMF(0.50,0.24) and X9 is GMF(0.50,0.10) and X10 is GMF(0.50,0.39)
and X11 is GMF(0.50,0.17) and X12 is GMF(0.50,0.06) and X13 is
GMF(0.50,0.06) and X14 is GMF(0.50,0.26) and X15 is GMF(0.50,0.31)

11

if X1 is GMF(0.50,0.68) and X2 is GMF(0.50,0.39) and X3 is
GMF(0.50,0.47) and X4 is GMF(0.50,0.35) and X5 is GMF(0.50,0.78)
and X6 is GMF(0.50,0.70) and X7 is GMF(0.50,0.63) and X8 is
GMF(0.50,0.23) and X9 is GMF(0.50,0.32) and X10 is GMF(0.50,0.64)
and X11 is GMF(0.50,0.11) and X12 is GMF(0.50,0.06) and X13 is
GMF(0.50,0.07) and X14 is GMF(0.50,0.33) and X15 is GMF(0.50,0.39)

12

if X1 is GMF(0.50,0.08) and X2 is GMF(0.50,0.66) and X3 is
GMF(0.50,0.05) and X4 is GMF(0.50,0.25) and X5 is GMF(0.50,0.72)
and X6 is GMF(0.50,0.95) and X7 is GMF(0.50,0.95) and X8 is
GMF(0.50,0.18) and X9 is GMF(0.50,0.10) and X10 is GMF(0.50,0.95)
and X11 is GMF(0.50,0.05) and X12 is GMF(0.50,0.19) and X13 is
GMF(0.50,0.13) and X14 is GMF(0.50,0.06) and X15 is GMF(0.50,0.95)

13

if X1 is GMF(0.50,0.84) and X2 is GMF(0.50,0.74) and X3 is
GMF(0.50,0.74) and X4 is GMF(0.50,0.31) and X5 is GMF(0.50,0.72)
and X6 is GMF(0.50,0.24) and X7 is GMF(0.50,0.27) and X8 is
GMF(0.50,0.24) and X9 is GMF(0.50,0.78) and X10 is GMF(0.50,0.51)
and X11 is GMF(0.50,0.83) and X12 is GMF(0.50,0.07) and X13 is
GMF(0.50,0.09) and X14 is GMF(0.50,0.05) and X15 is GMF(0.50,0.61)

14

if X1 is GMF(0.50,0.49) and X2 is GMF(0.50,0.31) and X3 is
GMF(0.50,0.21) and X4 is GMF(0.50,0.51) and X5 is GMF(0.50,0.60)
and X6 is GMF(0.50,0.64) and X7 is GMF(0.50,0.79) and X8 is
GMF(0.50,0.22) and X9 is GMF(0.50,0.38) and X10 is GMF(0.50,0.45)
and X11 is GMF(0.50,0.14) and X12 is GMF(0.50,0.09) and X13 is
GMF(0.50,0.10) and X14 is GMF(0.50,0.49) and X15 is GMF(0.50,0.54)

Y =1.30
+0.38 * X1
-0.20* X2
-0.11* X3
-0.10* X4
- 0.12 * X6
-0.09* X7
+0.29 * X8
+0.51 * X9
- 0.05* X10
- 0.03 * X11
- 0.03 * X12

+0.02 * X13
+0.15* X14
+0.01 * X15
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15

if X1 is GMF(0.50,0.66) and X2 is GMF(0.50,0.49) and X3 is
GMF(0.50,0.58) and X4 is GMF(0.50,0.43) and X5 is GMF(0.50,0.65)
and X6 is GMF(0.50,0.61) and X7 is GMF(0.50,0.54) and X8 is
GMF(0.50,0.30) and X9 is GMF(0.50,0.72) and X10 is GMF(0.50,0.79)
and X11 is GMF(0.50,0.47) and X12 is GMF(0.50,0.06) and X13 is
GMF(0.50,0.07) and X14 is GMF(0.50,0.38) and X15 is GMF(0.50,0.27)

16

if X1 is GMF(0.50,0.62) and X2 is GMF(0.50,0.39) and X3 is
GMF(0.50,0.47) and X4 is GMF(0.50,0.65) and X5 is GMF(0.50,0.47)
and X6 is GMF(0.50,0.05) and X7 is GMF(0.50,0.40) and X8 is
GMF(0.50,0.95) and X9 is GMF(0.50,0.14) and X10 is GMF(0.50,0.28)
and X11 is GMF(0.50,0.31) and X12 is GMF(0.50,0.06) and X13 is
GMF(0.50,0.07) and X14 is GMF(0.50,0.38) and X15 is GMF(0.50,0.31)

17

if X1 is GMF(0.50,0.05) and X2 is GMF(0.50,0.72) and X3 is
GMF(0.50,0.05) and X4 is GMF(0.50,0.57) and X5 is GMF(0.50,0.06)
and X6 is GMF(0.50,0.93) and X7 is GMF(0.50,0.95) and X8 is
GMF(0.50,0.40) and X9 is GMF(0.50,0.21) and X10 is GMF(0.50,0.75)
and X11 is GMF(0.50,0.19) and X12 is GMF(0.50,0.95) and X13 is
GMF(0.50,0.95) and X14 is GMF(0.50,0.95) and X15 is GMF(0.50,0.05)

18

if X1 is GMF(0.50,0.49) and X2 is GMF(0.50,0.61) and X3 is
GMF(0.50,0.95) and X4 is GMF(0.50,0.27) and X5 is GMF(0.50,0.47)
and X6 is GMF(0.50,0.84) and X7 is GMF(0.50,0.54) and X8 is
GMF(0.50,0.05) and X9 is GMF(0.50,0.38) and X10 is GMF(0.50,0.91)
and X11 is GMF(0.50,0.39) and X12 is GMF(0.50,0.05) and X13 is
GMF(0.50,0.05) and X14 is GMF(0.50,0.05) and X15 is GMF(0.50,0.31)

19

if X1 is GMF(0.50,0.49) and X2 is GMF(0.50,0.23) and X3 is
GMF(0.50,0.26) and X4 is GMF(0.50,0.85) and X5 is GMF(0.50,0.33)
and X6 is GMF(0.50,0.61) and X7 is GMF(0.50,0.50) and X8 is
GMF(0.50,0.36) and X9 is GMF(0.50,0.11) and X10 is GMF(0.50,0.87)
and X11 is GMF(0.50,0.30) and X12 is GMF(0.50,0.06) and X13 is
GMF(0.50,0.07) and X14 is GMF(0.50,0.31) and X15 is GMF(0.50,0.42)

20

if X1 is GMF(0.50,0.36) and X2 is GMF(0.50,0.38) and X3 is
GMF(0.50,0.74) and X4 is GMF(0.50,0.25) and X5 is GMF(0.50,0.56)
and X6 is GMF(0.50,0.93) and X7 is GMF(0.50,0.59) and X8 is
GMF(0.50,0.29) and X9 is GMF(0.50,0.21) and X10 is GMF(0.50,0.93)
and X11 is GMF(0.50,0.24) and X12 is GMF(0.50,0.05) and X13 is
GMF(0.50,0.05) and X14 is GMF(0.50,0.05) and X15 is GMF(0.50,0.31)

21

if X1 is GMF(0.50,0.62) and X2 is GMF(0.50,0.39) and X3 is
GMF(0.50,0.53) and X4 is GMF(0.50,0.65) and X5 is GMF(0.50,0.13)
and X6 is GMF(0.50,0.53) and X7 is GMF(0.50,0.68) and X8 is
GMF(0.50,0.71) and X9 is GMF(0.50,0.30) and X10 is GMF(0.50,0.73)
and X11 is MF(0.50,0.19) and X12 is GMF(0.50,0.10) and X13 is
GMF(0.50,0.12) and X14 is GMF(0.50,0.80) and X15 is GMF(0.50,0.46)

Y =1.30
+0.38 * X1
-0.20* X2
-0.11* X3
- 0.10 * X4
- 0.12 * X6
- 0.09 * X7
+0.29 * X8
+0.51 * X9
- 0.05* X10
- 0.03 * X11
- 0.03 * X12

+0.02 * X13
+0.15* X14
+0.01 * X15
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22

if X1 is GMF(0.50,0.44) and X2 is GMF(0.50,0.26) and X3 is
GMF(0.50,0.26) and X4 is GMF(0.50,0.82) and X5 is GMF(0.50,0.46)
and X6 is GMF(0.50,0.64) and X7 is GMF(0.50,0.64) and X8 is
GMF(0.50,0.37) and X9 is GMF(0.50,0.15) and X10 is GMF(0.50,0.57)
and X11 is GMF(0.50,0.11) and X12 is GMF(0.50,0.05) and X13 is
GMF(0.50,0.05) and X14 is GMF(0.50,0.17) and X15 is GMF(0.50,0.54)

23

if X1 is GMF(0.50,0.68) and X2 is GMF(0.50,0.51) and X3 is
GMF(0.50,0.69) and X4 is GMF(0.50,0.44) and X5 is GMF(0.50,0.65)
and X6 is GMF(0.50,0.36) and X7 is GMF(0.50,0.18) and X8 is
GMF(0.50,0.18) and X9 is GMF(0.50,0.53) and X10 is GMF(0.50,0.55)
and X11 is GMF(0.50,0.83) and X12 is GMF(0.50,0.07) and X13 is
GMF(0.50,0.08) and X14 is GMF(0.50,0.59) and X15 is GMF(0.50,0.39)

24

if X1 is GMF(0.50,0.95) and X2 is GMF(0.50,0.95) and X3 is
GMF(0.50,0.79) and X4 is GMF(0.50,0.69) and X5 is GMF(0.50,0.05)
and X6 is GMF(0.50,0.76) and X7 is GMF(0.50,0.87) and X8 is
GMF(0.50,0.40) and X9 is GMF(0.50,0.35) and X10 is GMF(0.50,0.64)
and X11 is GMF(0.50,0.74) and X12 is GMF(0.50,0.05) and X13 is
GMF(0.50,0.05) and X14 is GMF(0.50,0.05) and X15 is GMF(0.50,0.54)

25

if X1 is GMF(0.50,0.68) and X2 is GMF(0.50,0.34) and X3 is
GMF(0.50,0.31) and X4 is GMF(0.50,0.59) and X5 is GMF(0.50,0.60)
and X6 is GMF(0.50,0.50) and X7 is GMF(0.50,0.78) and X8 is
GMF(0.50,0.12) and X9 is GMF(0.50,0.15) and X10 is GMF(0.50,0.16)
and X11 is GMF(0.50,0.09) and X12 is GMF(0.50,0.05) and X13 is
GMF(0.50,0.05) and X14 is GMF(0.50,0.07) and X15 is GMF(0.50,0.39)

26

if X1 is GMF(0.50,0.47) and X2 is GMF(0.50,0.38) and X3 is
GMF(0.50,0.63) and X4 is GMF(0.50,0.59) and X5 is GMF(0.50,0.49)
and X6 is GMF(0.50,0.24) and X7 is GMF(0.50,0.43) and X8 is
GMF(0.50,0.45) and X9 is GMF(0.50,0.44) and X10 is GMF(0.50,0.48)
and X11 is GMF(0.50,0.35) and X12 is GMF(0.50,0.09) and X13 is
GMF(0.50,0.09) and X14 is GMF(0.50,0.52) and X15 is GMF(0.50,0.42)

Y =130
+0.38 * X1
-0.20 * X2
-0.11 * X3
- 0.10 * X4
- 0.12 * X6
-0.09 * X7
+0.29 * X8
+0.51 * X9
- 0.05* X10
- 0.03* X11
- 0.03* X12
+0.02 * X13
+0.15* X14
+0.01 * X15

GMF(x, y) indicates Gaussian Membership function with mean x and variance y.
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