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The extensive data sets of real-world contain high-dimensional information; among them,
some may hold irrelevant information that complicates the data set. Feature selection
is regarded as a useful data preprocessing strategy. In the supervised machine learning,
the feature selection approach is necessary for classifying the objects. Plenty of methods
for selecting relevant features exist to minimize the data set, reduce computational cost
and time, and enhance the classification performance. The filter feature selection method
using the fuzziness index number is introduced and examined with the fuzzy k-nearest
neighbor classifier in this research. The model was examined with three separate data sets,
and the outcome of the model was assessed based on the accuracy, sensitivity, specificity,
type I error, type II error, and the error rate of the classifier. By implementing this method
on the bank-marketing data set, the highest accuracy (88.46%) was achieved with only two



features compared to the original set. The mean classification accuracy with the selected
features of breast cancer and Pima-Indian data set were 96.75% and 71.42%, respectively.
Finally, investigating the result, it can be demonstrated that this new method of selecting
features is performing better for the medical data set rather than the bank-marketing data
set.
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1 INTRODUCTION

1.1 Background

Data mining plays a crucial role in discovering unknown patterns and selecting essen-
tial data from large data sets in the field of machine learning and artificial intelligence.
According to Han, Kamber & Pie (2011), the data mining process is classified into super-
vised classification algorithms (with classes pre-defined) and unsupervised classification
algorithms (with classes not pre-defined). On the one hand, K-nearest neighbor (Cover &
Hart, 1967), Decision trees (Breiman et al., 1984), and Support vector machine (Vapnik,
1995), which are classification algorithms, fall into the category of supervised learning.
On the other hand, clustering algorithms are categorized as unsupervised learning algo-
rithms.

According to Li et al. (2017), the curse of dimensionality occurs if data mining and ma-
chine learning algorithms are implemented to high dimensional data. Data sets contain
a large number of vectors (row and column vector can represent as [x1, x2, · · · , xm] and
[x1, x2, · · · , xm]T , respectively): each vector has an extensive number of features, which
means large data sets have high dimensionality. Data sets with a high dimension can
naturally increase the computational costs and memory storage requirements. Dimen-
sionality reduction technique is useful for dealing with previously discussed problems.
Several techniques exist for reducing the dimension of the data sets. Among them, fea-
ture selection (FS) and feature extraction (FE) are the popular ones. According to Doak
(1992), feature selection (FS) is the search process for obtaining the optimal subset of
features that can provide the best classification performances among all possible combi-
nations of features. The feature extraction (FE) method creates a new feature space with
a low dimension from a high dimensional feature set. The selection of relevant features
in a convenient way is essential for the data mining process. When important features get
selected from a large data set, the dimension of the data set gets reduced.

Famili et al. (1997) and Liu & Zheng (2006) stated that the low-dimensional data sets
can diminish the risk of overfitting. Gheyas & Smith (2010) stated that the large dimen-
sional data set is a disturbance in machine learning and data mining. According to Mitra
et al. (2002); Sikonja & Kononenko (2003); Dash et al. (2002), feature selection is a use-
ful research field in pattern recognition, machine learning, and data mining respectively.
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According to Chandrashekar & Sahin (2014), feature selection method minimizes com-
putational time and improves prediction performance in machine learning applications.
In consonance with Blum & Langley (1997); Guyon & Elisseeff (2003), and Chapelle et
al. (2006), feature selection has great importance in classification.

Gheyas & Smith (2010) stated that feature subset selection could maximize classification
accuracy. Even though the classification accuracy can not be improved, there are still
many benefits of reducing features. The feature selection method has the advantage of
declining memory storage, increasing computational effectiveness, and creating a better
generalization model. Luukka (2001) stated that a relevant subset of features could re-
duce the number of measurements needed, minimize the training and performance time,
and enhance the model’s clarity and compactness. In some cases, feature selection plays
a vital role by preventing overfitting and reducing the computational cost even though
the feature dimension is not that high. By removing irrelevant features, it is possible to
diminish the noise of the model and averts the issues of collinearity between features.

FS approaches are divided into three groups: the filter method, wrapper method, and em-
bedded method. Zhu et al. (2007) stated that the filter feature selection method uses the
fundamental properties of the data for evaluating the goodness of the feature. Kumari &
Swarnkar (2011) stated that features are ranked depending on certain statistical measures
in the filter feature selection method. Li et al. (2017) reported that the filter feature selec-
tion methods are more computationally efficient in comparison with the wrapper method.
In this research, the filter feature selection method has been used because it is fast and
independent of the classifier.

According to Keller et al. (1985), the classification of objects becomes an indispensable
field of analysis in pattern recognition, machine learning and artificial intelligence, statis-
tics, and so on. The fuzzy k-nearest neighbor (FKNN) classifier, one of the variants of
KNN, is a useful classification method. Keller et al. (1985) developed the FKNN algo-
rithm by using fuzzy logic.
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The suggested approach’s classification performance has been examined with three data
sets that include binary class data. The chosen data sets were bank-marketing, breast
cancer, and Pima-Indian diabetes data set. MATLABTM software has been used for
computational purposes.

1.2 Objectives and delimitations

The main goal of this research paper is to examine a filter feature selection method while
selecting important features using fuzziness index number. Fuzzy k-nearest neighbor
classifier will be tested together for attaining mean classification result. The classification
result will be evaluated by the accuracy, sensitivity, specificity, type I & type II error and
error rate of the classifier.

Some research questions have been made based on these deliberations. In following table
1, research questions for this study has been illustrated.

Table 1. Research Questions.

Research Question (RQ) Goal

RQ1: How to use fuzziness index to create
feature selection algorithm?

At first, calculate the fuzzy index number from
the fuzzy membership function. Secondly,
generate a vector which includes fuzziness in-
dex number of features and sort them in de-
scending order. It returns a sort index that
specifies how the elements of the fuzzy index
vector are rearranged to obtain the sorted out-
put. The primary data has rearranged accord-
ing to the sort index. The class variable has in-
cluded to the initial data set. Finally, this data
has been used in a nested for loop for selecting
relevant features.

RQ2: How will this filter feature selection
method be different from other existing ap-
proaches?

Identify other methods for filter feature selec-
tion and compare them with this new method.
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This research comprises two steps: exploratory research and quantitative research. The
research questions have explored by exploratory research. In this research, a new method
has been implemented to filter the features. This process is regarded as exploratory re-
search because a unique method has been invented for selecting important features. The
data sets, in quantitative research, have been collected and analyzed for concluding the
outcome.

1.3 Structure of the thesis

The contents of this master thesis report have been explained in details in different chap-
ters. This thesis report has been broken down into seven chapters. The break down of
these chapters have been represented in the following table 2.

Table 2. Structure of the thesis.

Chapter Aim

Introduction Gives the background information of the re-
search and will cover the main aim and delim-
itations of the research work.

Literature Review Illustrates historical background and related
work in this research area.

Mathematical Background Provides the mathematical formulas related to
this research work.

Methodology Explains the research questions and algo-
rithms of methods which are used in this re-
search.

Experiments Provides the explanation of data sets and result
analysis.

Discussion Illustrates the current work and possibilities of
future work.

Conclusion Summarizes the whole research work.
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2 LITERATURE REVIEW

According to Guyon & Elisseeff (2003), the selection of features becomes the subject
of many works in fields of application where databases are available with hundreds of
thousands of features. In artificial intelligence, one of the most vital issues occurs while
managing massive informational data sets. Kira & Rendell (1992) stated that FS is the
most widely utilized technique for reducing the high dimensionality of the data set. Ac-
cording to Chang, Verhaegen & Duflou (2014), when the dimension of data increases, the
probability of features which are irrelevant, insignificant, and redundant, are increased.

2.1 Historical Background

Since the 1970s, the feature selection approach has become a popular area of research and
development in machine learning and artificial intelligence (Blum & Langley, 1997; John,
Kohavi & Pfleger, 1994; Kira & Rendell, 1992; Kohavi & John, 1997). Historically, many
concepts were established for defining which features are relevant. Gennari et al. (1989)
stated that "features are considered as relevant when their values differ orderly with cate-
gory membership." In consonance with Almuallim & Dietterich (1991), "a feature is said
to be relevant if it appears in every Boolean formula, and there is no noise." John, Kohavi
& Pfleger (1994) illustrated different existing definitions of relevant features in their pa-
per. John, Kohavi, & Pfleger (1994) defined that "F1 × F2 × · · · × Fm is a set, where Fi
is the domain of ith feature and each instance X is an element of this set. The value of
feature Xi can be denoted as xi and the the training instances are tuples 〈X, Y 〉, where Y
is the output. A probability measure p was assumed by them as F1×F2× · · · ×Fm× Y .
A feature Xi is relevant iff there exists some xi, y and si(here, si is a value assign to all
features in Si = {X1, · · · , Xi−1, Xi+1, · · · , Xm}) for which p(Xi = xi) > 0 such that:
p(Y = y, Si = si | Xi = xi) 6= p(Y = y, Si = si). Xi can be told relevant feature
under this definition if the probability of the label can change when the knowledge about
the value of Xi is eliminated."

Earlier, many researchers established concept learning algorithms for feature selection,
such as ID3 (Quinlan, 1983) and PLS1 (Rendell, Cho, & Seshu, 1989) using information
gain as a measure. Bruner, Goodnow, & Austin (1967) described concept learning as
"the search for and listing of features that can be used to identify exemplars from non-
exemplars of various categories." Devijver & Kittler (1982); Pagallo (1989); Rendell &
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Seshu (1990) reported that if induction algorithms ("a collection of training observations
where every observation is represented by a vector of feature values and a class label;"
Kohavi & John, 1997) used in the concept learning algorithm, there would be an inter-
action problem between features (when the combination of the two features would alter
the behavior of one or both features). Early research focused on the exhaustive search
methods and heuristic search methods for feature selection to overcome the interaction
problem between features. Besides these methods, the feature selection methods gener-
ally fall into three groups: the filter method (Kira & Rendell, 1992; Liu & Setiono, 1996;
Hall, 2000; Dash et al., 2002), the wrapper method (Caruana & Freitag, 1994; Kohavi
& John, 1997; Kim, Street, & Menczer, 2000; Dy & Brodley, 2000), and the embedded
method (Blum & Langley, 1997; Guyon & Elisseeff, 2003).

Almuallim & Dietterich (1991) and Kira & Rendell (1992) had introduced the algorithms
for the filter method at first. Almuallim & Diettterich (1991) invented the ’FOCUS’
algorithm for filtering the features. In their research, they defined and studied MIN-
FEATURES bias. Firstly, the ’FOCUS’ algorithm implemented the MIN-FEATURES
bias and identified the p features which were needed to define the binary function, and
after that, a straight forward learning procedure was applied for focusing on p features.
In their research paper, they stated that the ’FOCUS’ algorithm is effective than the pre-
viously invented learning algorithm ’ID3’ (Quinlan, 1983) and ’FRINGE’ (Pagallo &
Haussler, 1990). Following Almuallim & Dietterich (1991), Kira & Rendell (1992) estab-
lished the ’RELIEF’ algorithm for filtering features. According to Kira & Rendell (1992),
instance-based learning techniques were used to develop the ’RELIEF’ algorithm. Aha,
Kibler, & Albert (1991) defined instance-based learning as "a process of generating clas-
sification predictions using a set of particular stored instances." Kira & Rendell (1992)
stated that a statistical approach employed in the ’RELIEF’ algorithm. Kira & Rendell
(1992) also reported that linear time is required in the ’RELIEF’ algorithm. ’RELIEF’
algorithm can employ few heuristic search (Kira & Rendell, 1992), and even when fea-
tures interact, it can detect the relevant features (Caruana & Freitag, 1994). John, Kohavi,
& Pfleger (1994) discovered the wrapper algorithm for feature selection at first. In their
experiment, they proposed a feature selection algorithm that can work as a wrapper (a
search technique for observing the potential subsets of features by analyzing a subset of
features) around the induction algorithm. After them, many researchers worked with the
wrapper algorithm for selecting features in their research. Blum & Langley (1997) pro-
posed the embedded method for selecting relevant features by combining the concept of
wrapper and filter method. Following Almuallim & Dietterich (1991); Kira & Rendell
(1992); John, Kohavi, & Pflegar (1994); and Blum & Langley (1997), many researchers
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experimented distinct forms of wrapper algorithms, filter methods, and embedded meth-
ods in the subsequent years. Some of the research work related feature selection approach
has been given in the following paragraphs.

Kohavi & John (1997) worked with the wrapper algorithm for exploring the relationship
between the optimal subset of features and relevance. In their experiment, they made
a comparison between the wrapper approach and the RELIEF filter approach. By us-
ing Naïve Bayes and Decision tree classifiers, Kohavi & John (1997) was successful in
achieving good classification accuracy with a statistical confidence interval of 95% for
some data sets.

Hall & Holmes (2003) studied a standard analysis of several feature selection techniques
for supervised classification algorithms. To find the best features in their study, the rel-
evant features were selected by cross-validating the feature scorings regarding a classi-
fication learner. Hall & Holmes (2003) used the Naïve Bayes classifier for the wrapper
method while using forward feature selection and C4.5 for backward elimination search.
Hall & Holmes (2003) found out that the wrapper method produced satisfactory results
while identifying the relevant features in terms of accuracy. They were able to achieve
overall strong performances for CFS, CNS (consistency based subset evaluation), Wrap-
per, and Relief. They also implemented principle component analysis (PCA) for the fea-
ture extraction method, but unfortunately, this method was not able to produce a good
result.

Huwang, Cai, & Xu (2006) used the wrapper feature selection method for selecting rele-
vant features. In their study, mutual information was used to rank the feature in the local
search operations. By using the support vector machine classifier (SVM), they were able
to produce an excellent classification accuracy for benchmark data sets, which means this
approach had performed well.

Maldonado & Weber (2009) used a support vector machine classifier to examine the wrap-
per method for selecting features and generated a good classification result. In their re-
search, they investigated four data sets and discarded irrelevant features using the wrapper
algorithm. Sequential backward elimination of features was executed for eliminating fea-
tures in each iteration (Maldonado & Weber, 2009). In their research, the error number
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of a test set was used as a measure. Maldonado & Weber (2009) observed the mean and
standard deviation of efficacy for four data sets and the result was good for every data sets.

Luukka (2011) used the fuzzy entropy measure for selecting the relevant features. In his
research, he filtered the features based on fuzzy entropy measure and obtained an ac-
curacy of the model by employing a similarity classifier. Luukka (2011) examined the
model with four medical data sets and achieved an excellent mean classification result.
In his research, 85.03% accuracy was obtained with the optimal subset of features (two
features) of the Parkinsons data set, and for the dermatology data set, 98.28% mean clas-
sification accuracy was gained using the optimal subset of features (twenty-nine features).

A model based on the adaptive fuzzy k-nearest neighbor classifier was recommended by
Chen et al. ( 2011) for predicting bankruptcy. Continuous particle swarm optimization
(PSO) was used to identify the neighborhood size K, and fuzzy strength parameter m in
this method. Classification accuracy, Type I and Type II error, and AUC were utilized
as performance measures to verify the recommended model’s performance. In their ex-
periment, the classification results were gained by implementing several classifiers. The
classifier ’PTVSO-FKNN’ identified the subset of the best discriminative features. By
using PTVPSO-FKNN and TVPSO-FKNN classifiers, the maximum classification result
was obtained in their study.

Ozcift & Gulten (2011) inspected the correlation-based feature selection (CFS) algorithm
for declining the feature set size. A rotation forest classifier was used for attaining the
classification performance result. In their research, they gained accuracies of 74.47%,
80.49%, and 87.13% respectively for diabetes, heart, and Parkinson’s data sets through
the use of rotational forest classification.

A detailed analysis of developments in the feature selection technique was discussed by Li
et al. (2017). The basic concept behind the feature selection method and the effect of se-
lecting relevant features had been emphasized in their paper. Li et al. (2017) reported that
a feature selection algorithm could survey with four kinds of features, such as selecting
features from actual data with (1) flat features, (2) structured features, (3) heterogeneous
data, and (4) streaming data.



16

Parlar & Acaravci (2017) performed data mining techniques for selecting relevant fea-
tures from the bank-marketing data set. Parlar & Acaravci (2017) applied information
gain and chi-square techniques for selecting relevant features and tested them together
with the Naïve Bayes classifier. The relevant features from their experiment were ’du-
ration,’ ’poutcome’, ’month,’ ’pdays,’ ’contact,’ ’previous,’ ’age,’ ’job,’ ’housing, ’ and
’balance.’

Laureano (2018) selected essential features of the bank-marketing data set through a linear
regression model (LM) and generalized linear regression model (GLM). Laureano (2018)
used decision tree classifier, support vector machine (SVM), Naïve Bayes classifier, and
random forest for measuring classification performance and comparing their results. In
his research, he was able to obtain a good classification specificity with all algorithms.

This research is distinct from other research because no researchers have used fuzziness
index numbers as a fuzzy measure for selecting relevant features. A comprehensive ex-
planation for how this study is different from the work of other researchers and the result
of this study has been given in chapters 4 and 5.

2.2 Feature Selection Method

Though several definitions of ’feature’ had existed for many decades, Bishop (2006) had
provided a suitable description of ’feature.’ Bishop (2006) defined that "a feature is a par-
ticular measured characteristic of a phenomenon." A feature is usually a list of numbers,
e.g., gender, date, height, and so on, and each column of a table or a matrix indicates a
feature. Liu & Yu (2005) stated that feature selection is a method for selecting a subset of
original features from a data set. Wetson et al. (2001) stated that the selection of features
performs an essential role in supervised machine learning problems for many reasons,
such as generalization performance, constraints, and interpretational issues. Many defi-
nitions have existed for feature selection in the concept of the real-world. According to
Guyon & Elisseeff (2003), the selection of features is the method of eliminating redun-
dant features from a data set to achieve an optimal result equal to or better than that of
the initial data set. Guyon & Elisseeff (2003) and Kohavi & John (1997) reported that
it is possible to scale down the dimension of the data set and improve the classification
accuracy of the model by reducing the feature set.
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If the dimensionality of data increases, the probability of having insignificant, redundant,
and noisy features increase (Chang, Verhaegen, & Duflou, 2014). Reducing the number
of features to a more feasible number of features is a typical approach of diminishing
the dimensionality of the data. The performance of the classification algorithm with the
optimal subset of features is equal or better to the original feature set. Dash & Liu (1997)
reported that there are four fundamental stages for selecting features, such as generation,
evaluation, stopping criterion, and validation. The steps of selecting features have been
displayed in the following figure 2.1.

Figure 2.1. Feature selection Process (reproduced, Dash & Liu, 1997)

The description of every stage of the feature selection process has been given below:

Generation

According to Dash & Liu (1997), the initial step of selecting features is the generation
procedure, which is also known as the search procedure. In generation procedure, subsets
of features generate for evaluation. An algorithm has been established for minimizing the
cost by selecting the optimal subset of features. The generation procedure can work in
three conditions which are (1) with no feature, (2) with all features, and (3) with a random
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subset of features (Dash & Liu, 1997). Langley (1994) stated that if the generation proce-
dure starts with no features, it adds features iteratively, and if it begins with all features,
it removes features iteratively; this approach is called forward selection. Also, Langley
(1994) reported that if the generation procedure starts with the third condition, either the
features added or removed iteratively or generated randomly, the name of this approach
is backward selection.

Evaluation

Dash & Liu (1997) stated that the second stage of the feature selection process is the
evaluation step. Here, a predefined evaluation function has been used that tests the good-
ness of a subset and applied for determining the scoring of the assessed sets. A subset’s
goodness is compared to the previous subset. According to Dash & Liu (1997), when the
current subset is more useful than the old one, it substitutes the old one.

Stopping Criterion

The stopping criterion is the third step of the whole process. Dash & Liu (1997) reported
that the previous two stages influence the stopping criterion stage. Dash & Liu (1997)
stated that when the feature selection procedure is stopped based on the generation stage,
it follows two conditions: (1) how well a prespecified number of features has been cho-
sen, and (2) how well a prespecified number of repetitions has been achieved. Dash &
Liu (1997) also said that when the feature selection process is stopped based on the eval-
uation step, it means the feature subset is not producing a good result by eliminating or
adding the feature, or the optimal subset of features are already obtained based on some
evaluation criterion.

Result Validation

In consonance with Dash & Liu (1997), the validation step is the last and final stage of
the feature selection process. Here, the results are verified against the selected induction
algorithm.



19

2.2.1 Filter Method

Almuallim & Dietterich (1991) and Kira & Rendell (1992) established the concept of the
filter method. Blum & Langley (1997) stated that the training data’s fundamental prop-
erties are used in the filter method for choosing feature subsets, and this method does
not require any learning algorithm. The process of selecting relevant features in the filter
method is comprised of two steps. The features are ranked according to specific criteria
for evaluating the features in the first step. The method of determining feature value can
be either univariate or multivariate. According to Khan & Quadri (2013), on the one hand,
the feature is ranked individually in the univariate scheme, and on the contrary, the mul-
tiple features are ranked in the multivariate scheme in a batch way. The features which
have the lowest rank are filtered out in the second step.

Filter methods have many advantages. Among them, one benefit is that it is efficiently
scaled to very high dimensional data setst (Khan & Quadri, 2013). It would increase not
only the classifier’s performance but also reduce the computational time. Li et al. (2017)
reported that filter methods are computationally less expensive.

There are also some drawbacks to filter approaches. This method ignores the interaction
with the classifier. According to Khan & Quadri (2013), there is a lack of feature depen-
dencies in this process since the features are evaluated separately. For this reason, this
method has degraded performance in comparison with other methods.

2.2.2 Wrapper Method

According to John, Kohavi, & Pfleger (1994), the wrapper method produces a subset of
features by operating an induction algorithm, and it evaluates the features set by apply-
ing the accuracy of the resulting classifier. Li et al. (2017) reported that for improving
the selected feature subset’s effectiveness, the wrapper algorithm relies on the induction
algorithm. John, Kohavi, & Pfleger (1994) reported that the process of selecting features
in the wrapper approach consists of two steps, such as (1) searching the space of subsets,
and (2) subset evaluation. These two steps repeat until any stopping criterion has been
met. The idea of the wrapper method has been illustrated in the following figure 2.2.
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Figure 2.2. Wrapper methods of feature subset selection (reproduced, Kohavi & John ,1997).

In the above figure 2.2, the induction algorithm is working as a black box. According to
Kohavi & John (1997), an induction algorithm has enforced to the data set. After applying
the induction algorithm, the final data set is selected, which has the maximum evaluation.
Kohavi & John (1997) reported that an independent test data set is used to evaluate the
resulting classifier.

The wrapper approach provides many advantages, such as it is simple, interacts with clas-
sifiers, and produces good classification accuracy (Kumari & Swarnkar, 2011). Wrapper
methods produce more accurate results than filter methods because in the evaluation phase
induction algorithm itself is used, and a classification performance (accuracy) of a classi-
fier does the evaluation. (Kohavi & John, 1997).

The wrapper method, however, has some drawbacks. One limitation is that it is compu-
tationally intensive (Kumari & Swarnkar, 2011). A further limitation of this approach is
that this method has a high risk of overfitting.
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To get rid of the overfitting issue of the wrapper algorithm, Maldonado & Weber (2009)
developed a wrapper algorithm for selecting features based on a kernel function using the
SVM classifier. They claimed in their investigation that if the features are chosen based
on sequential backward selection, it can avoid overfitting problems.

2.2.3 Embedded Method

Embedded methods, which are a trade-off between filter and wrapper methods, integrate
the selection of features into model learning (Li et al., 2017). Guyon & Elisseeff (2003)
stated that embedded methods are much more effective than the wrapper methods in sev-
eral aspects, and can interact with the learning algorithms. According to Guyon & Elis-
seeff (2003), this method is efficient because training data do not have to be split into
two sets (training and test) so it can make better use of available data. Guyon & Elisse-
eff (2003) and Blum & Langley (1997) claimed in their paper that computational time is
getting reduced in embedded methods. The principle behind embedded methods is to con-
solidate the selection of features as part of the training procedure. Embedded approaches
are generally used as regularization models. Therefore, Li et al. (2017) reported that by
reducing the fitting errors and simultaneously forcing the coefficients of features to be
minimal, this method tries to match a learning model.

The embedded method has many merits, such as it is faster and less computationally in-
tensive than the wrapper methods, interacts with the classifier, and better computational
complexity (Khan & Quadri, 2013). The embedded method is dependent on the classi-
fier, which is a drawback of this method (Khan & Quadri, 2013). The summarization of
related work related to the feature selection method has been provided in table 3.
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Table 3. Summarization of related work.

Feature Selec-
tion Method

Classifier Goal Related Work

Filter method Similarity classifier Performance
measure

prediction
(Accuracy)

Luukka, P. (2011).

Wrapper method and
Relief filter method

Decision
tree and Naïve Bayes

Performance
measure

prediction
(Accuracy),

Difference between
wrapper and filter

algorithm

Kohavi, R. & John,
G. H. (1997).

Wrapper method and
filter method

Linear SVM,
Decision Tree,

and Naïve Bayes

Creating transparent
model, En-

hancing data
mining performance

Li et al. (2017)

Wrapper method and
filter method

SVM Analyzing ef-
fectiveness

of wrapper method

Maldonado &

Weber (2009)

Wrapper method and
filter method

Naïve Bayes Illustration of six
feature selection

methods

Hall & Holmes
(2003).

Time vary-
ing particle

swarm optimization
(TVPSO)

Fuzzy k-nearest
neighbor, Sup-

port vector
machine, Multi-
layer perceptron

Performance
measure (Accuracy,
type I, type II error)

Chen et al. (2011)

Correlation
based feature

selection algorithm

Rotation forest Performance
measure

prediction
(Accuracy)

Ozcift & Gul-
ten (2011)

Information
gain (IG) and

chi square

Naïve Bayes Performance
measure

prediction
(Precision,
Recall and
F-measure)

Parlar & Acar-
avci (2017)

GLM and LM Naïve Bayes, SVM,
decision tree, and
random forest

Performance
measure

prediction
(ROC and AUC)

Laureano (2018)

Wrapper method SVM Performance
measure

prediction
(Accuracy)

Huang, Cai &

Xu (2006)
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3 MATHEMATICAL BACKGROUND

Mathematical modeling, which is used in science, engineering, and economics, applies to
classical mathematics (Bandemar & Näther, 1992). Throughout the decades, numerous
mathematical approaches have been used effectively to describe the structure and to solve
real-life problems. Klir & Yuan reported in 1995 that many optimization issues are occur-
ring in real-life because the available information which is needed to build a mathematical
model could be imprecise, inaccurate, ambiguous, or of low quality. According to Ban-
demar & Näther (1992), these types of problems occur because of uncertainty. For types
of uncertainties that can present in information, such as (1) variability, (2) imprecision,
(3) ignorance, and (4) vagueness. Due to these reasons, sometimes, it is impossible to get
relevant data. Accurate mathematical modeling needs a suitable mathematical set of ob-
jects in all situations. Zadeh, the father of fuzzy sets and logic, introduced fuzzy sets and
fuzzy logic in 1965 and created a mathematical model that can deal with the information
which are consists of uncertainty, vagueness, and imprecision. The basic definitions and
notations of fuzzy sets and logic, which are given in Bandemar & Näther (1992), Klir &
Yuan (1995), and Ross (2010), are discussed in the following sections (3.1-3.7).

3.1 Crisp Set

Klir & Yuan (1995) characterized a crisp set in such a way that individuals were divided
into members and nonmembers in some assigned universe of discourse. A crisp set A
consists of several elements in the universe X , can be illuminated using the binary mem-
bership function; µA | X → {0, 1} for each element x ∈ X . The issue of binary
membership can be mathematically expressed with the following membership function:

µA (x) =

{
1, for x ∈ A

0, for x /∈ A
(3.1)
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3.2 Fuzzy Set

In 1965, Zadeh defined fuzzy set as "a group of objects with a continuum of grades of
membership." Zadeh expanded the concept of binary membership to accommodate var-
ious "degrees of membership" at the actual continuous interval [0, 1]. Mathematically,
fuzzy set A is defined in the universe of discourse X by allowing each possible individual
in X , a value denoting its grade of membership in a fuzzy set. The membership function
of fuzzy set A is represented by µA, which can be written as µA : X → [0, 1].

Furthermore, Klir & Yuan (1995) declared that "various fuzzy sets representing linguistic
concepts such as low, medium, and high are often used to define states of a variable, and
such a variable is usually called a fuzzy variable." For example, in the following figure
(3.3), the fuzzy variable is categorized into five linguistic expressions, such as "very low,"
"low," "medium," "high," and "very high" for the temperature in the interval [T1, T2].

Figure 3.3. Temperature in the range [T1, T2] is formulated as (a) a fuzzy variable, and (b) crisp
variable (reproduced, Klir & Yuan, 1995).
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From the above figure 3.3 (a), it is visible that fuzzy trapezoidal sets describe the linguistic
concepts, and in figure 3.3 (b), the temperature states in the right open intervals of the real
values are associated as crisp sets.

3.3 Fuzzy Number

Many researchers have illustrated the definition of fuzzy number. Grzegorzewski (1998)
stated that the fuzzy subset A of the real line R, with the membership function µA : R→
[0, 1], is a fuzzy number if it holds the following properties:

• A is normal if there exists an element x0 ∈ R such that µA (x0) = 1;

• A is fuzzy convex number if µA (λx+ (1− λ) y) ≥ µA (x)
∧
µA (y) ∀x, y ∈ R

and ∀0 ≤ λ ≤ 1;

• µA is upper semicontinuous;

• Supp (µA) is bounded.

Grzegorzewski (1998) expressed fuzzy membership function as follows:

µA (x) =



0 for x < a1

f (x) for a1 ≤ x < a2

1 for a2 ≤ x ≤ a3

g (x) for a3 < x ≤ a4

0 for x > a4

(3.2)

Here, f is the nondecreasing function and g is the nonincreasing function which are called
the left side and the right side respectively; a1, a2, a3, a4 ∈ R.

3.4 Types of Fuzzy sets

Klir & Yuan (1995) introduced many kinds of fuzzy sets, which are distinguished by
various membership functions.The uncertainty for fuzzy sets is distributed according to
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membership function properties. Remark that, in the following equations (3.3-3.7), x ∈ R
is a variable and α, β, γ, and δ are real parameters for all cases.

Γ-shaped fuzzy set: The function of Γ-shaped fuzzy set can represent with one variable
x and two parameters α, and β in the interval [0, 1].

Γ (x;α, β) =


0 if x < α
x−α
β−α if α ≤ x ≤ β

1 if x > β

(3.3)

S-shaped fuzzy set: S-shaped fuzzy set defines a function with one variable x and with
three parameters α, β, and γ.

S (x;α, β, γ) =


0 if x < α

2(x−α
γ−α)

2 if α ≤ x ≤ β

1− 2( x−γ
γ−α)

2 if β ≤ x ≤ γ

1 if x > γ

(3.4)

L-shaped fuzzy set: This kind of fuzzy set is representing a decrease piecewise continu-
ous function with interval [0, 1].

L (x;α, β) =


1 if x < α
β−x
β−α if α ≤ x ≤ β

0 if x > β

(3.5)

Λ-shaped fuzzy set: The most popular and most straightforward fuzzy membership func-
tion is the triangular fuzzy membership function, which has three parameters, such as α,
β, and γ. Here, α is the lower boundary, and γ is the upper boundary.

Λ (x;α, β, γ) =


0 if x < α
x−α
β−α if α ≤ x ≤ β
γ−x
γ−β if β < x ≤ γ

0 if x > γ

(3.6)
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Π-shaped fuzzy set: A trapezoidal-shaped membership function has four parameters,
such as α, β, γ, and δ, where α is the lower boundary, and δ is the upper boundary.

Π (x;α, β, γ, δ) =



0 if x < α
x−α
β−α if α ≤ x ≤ β

1 if β < x ≤ γ
δ−x
δ−γ if γ < x ≤ δ

0 if x > δ

(3.7)

3.5 Definitions of basic concepts of Fuzzy sets

α-cut of a fuzzy set: Klir & Yuan (1995) stated that "A is a fuzzy set, and α-cut of a fuzzy
set A is a crisp set containing all the elements of the universal set X , whose membership
grades in A are higher than or equivalent to the specified value of α." The value of α is in
the range of [0, 1]. The α-cut of A can express as:

Aα = {x ∈ X : µA(x) ≥ α} (3.8)

Strong α-cut of a fuzzy set: Klir & Yuan (1995) reported that "A is a fuzzy set and α-cut
of a fuzzy set A is a crisp set containing all the elements of the universal set X , whose
membership grades in A are only higher than the specified value of α." The value of α is
in the range of [0, 1]. The α-cut of A can express as:

A+
α = {x ∈ X : µA(x) > α} (3.9)

The support of a fuzzy set: According to Klir & Yuan (1995), A be a fuzzy set within a
universal set X , and the support of a fuzzy set; supp(A); is the crisp set comprising all of
the elements of X with nonzero membership grades in A.

supp(A) = {x ∈ X : µA(x) > 0} (3.10)

The core of a fuzzy set: Klir & Yuan (1995) reported that the core of a fuzzy set A is the
crisp set comprising all of the elements of X , that can be expressed as:
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core(A) = {x ∈ X : µA(x) = 1} (3.11)

The height of a fuzzy set: According to Klir & Yuan (1995), the height of a fuzzy set A
is the highest membership grade achieved by any element in the set.

hgt(A) = supx∈X {µA(x)} (3.12)

Normal and subnormal fuzzy set: A fuzzy set is called normal when hgt(A) = 1, and
subnormal when hgt(A) < 1 (Klir & Yuan, 1995).

3.6 Fuzzy Measures

Various definitions have established for fuzzy measures. A set function represented on B
that has the following properties is called a fuzzy measure (Sugeno, 1993).

• g (∅) = 0, g (X) = 1

• If A, B ∈ B and A ⊆ B then g(A) ≤ g(B)

• If Fn ∈ B for 1 ≤ n < ∞ and a sequence {Fn} is monotone (in the sense of
inclusion), then limn→∞ g (Fn) = g (limn→∞ Fn)

Here B is a Borel field of the arbitrary set (universe) X . An element of X can be repre-
sented by x. Fn is the value of the function at n ∈ N , which is called the nth term of
the sequence. N is the set of all positive integers, and g is called the fuzzy measure of
(X,B). Fuzzy measures are non-additive monotone set functions (Sugeno,1974).

Representation of Fuzzy Measures

Murofushi & Sugeno (1991) explained briefly about fuzzy measures. In their research,
they represented fuzzy measures as follows:
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Suppose g is an extended real-valued set function which is represented on a family B of
sets.

• g is monotone if g (A) ≤ g (B) whenever A ⊂ B and A,B ∈ B .

• g is sub-additive if g (A ∪B) ≤ g (A)+g (B) wheneverA∩B = ∅ , andA,B,A∪
B ∈ B .

• g is continuous from below if , for every increasing sequence { Fn } of measurable
sets for which limn→∞ Fn ∈ B, g (limn→∞ Fn) = limn→∞ g (Fn) .

• g is continuous if every decreasing sequence {Fn} of measurable sets for which
limn→∞ Fn ∈ B so g (limn→∞ Fn) = limn→∞ g (Fn) .

De Luca & Termini (1972) assigned a fuzzy set A in arbitrary set X . They introduced
’d(A),’ which is the degree of fuzziness of a fuzzy set A. De Luca & Termini (1972)
established some properties for illustrating the definition of d(A) when X is finite. This
type of measure should have the following properties:

• If A is a sharp set in X, d (A) = 0 .

• d (A) considers a unique maximum value for fuzzy sets in X if A is the constant
function A 1

2
which takes constant value 1

2
.

• d (A) ≥ d (A∗) where A∗ is the crisp version of A , i.e., a fuzzy set A is A∗ (x) ≥
A (x) ifA (x) ≥ 1

2
and A∗ (x) ≤ A (x) for A (x) ≤ 1

2
.

• d (A) = d (Ac) where Ac is the complement of A.

3.7 Types of Fuzzy Measure

3.7.1 Fuzzy Entropy Measure

Many researchers have introduced different types of fuzziness measure. A measure of
fuzziness was suggested by De Luca & Termini (1972), which is called the entropy mea-
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sure of a fuzzy set and represented as a function H(A).

H (A) = −L
n∑
i=1

µA(xi) lnµA(xi) (3.13)

Here n is the number of elements in the support of A, L is a positive constant.

De Luca & Termini (1972) suggested a functional entropy F(A), which is known as an
entropy of the fuzzy set.

F (A) = H (A) +H(Ac) (3.14)

The fuzzy entropy H was extended by De Luca & Termini (1972) by using log function,
which is also similar to Shannon’s entropy measure.

H = −
n∑
i=1

(µA(xi) ln (µA(xi)) + (1− µA(xi)) ln(1− µA(xi)) (3.15)

Shannon entropy is quite different from normal fuzzy entropy measure. Al-Sharhan et al.
(2001) stated that there are several distinctions exist between classical Shannon entropy,
and the fuzzy entropy. Zadeh (1965) suggested a weighted Shannon entropy where the
membership values treated as weights. In his research, he expressed Shannon entropy as:

H = −
n∑
i=1

µA (xi) pi log(pi) (3.16)

Here µA is the membership function of fuzzy set A and pi is the probability occurrence of
xi .
Sander (1989) has recommended a fuzzy entropy, which is officially homologous to the
information Shannon entropy. In his experiment, he concluded fuzzy entropy in any map-
ping e : [0, 1]q → [0,∞) . According to his opinion, Shannon entropy can be presented as:

H (A) = −c
n∑
i=1

µA(xi) lnµA(xi), c > 0 (3.17)

Sander (1989) has showed that some properties should be established for being a fuzzy
entropy F so that F (A) = H (A) for all A ∈ [0, 1]q . The properties are illustrated below:
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• Sharpness: F (A) = 0⇔ A (q) ⊂ {0, 1} , A ∈ [0, 1]q

• Valuation: F (A
∧
B) + F (A

∨
B) = F (A) + F (B) , A,B ∈ [0, 1]q

• Generalized additivity: There exists two mappings s, t : [0,∞)→ [0,∞) such that

F
(
A×B

)
= F (A) t (P (B)) + s (P (A))F (B) (3.18)

For all A ∈ [0, 1]q , B ∈ [0, 1]w where q and w are finite sets. The power of fuzzy sets
A ∈ [0, 1]q and B ∈ [0, 1]w can define as the quantity.

P (A) =
n∑
i=1

A (qi) qi ∈ q, i = 1, 2, 3, . . . , n (3.19)

P (B) =
n∑
i=1

B (wi) wi ∈ w, i = 1, 2, 3, . . . , n (3.20)

The perception of fuzzy Shannon entropy was expanded again to L-fuzzy shaped fuzzy
set by De Luca & Termini (1974), that established the range of the characteristic function
as lattice.

A unique fuzzy entropy was invented by Pal & Pal (1992), which is called Hybrid entropy.
In hybrid entropy, the classical entropy turns into an exceptional case when fuzziness is
eliminated (Al-Sharhan et al., 2001). Pal & Pal (1992), explained the basic concept of
hybrid entropy. In their opinion, the entropy of the fuzzy set is speculation of traditional
entropy if the fuzzy set is a generalized form of a typical classical set. Hybrid entropy is
formulated for dealing with the limitations of total entropy, which was proposed by Xie
& Bedrosian (1984); De Luca & Termini (1972). The hybrid entropy can be expressed in
the following equation 3.21.

Hhy = −p0 log (1− E0)− p1 log(E1) (3.21)

Here p0 and p1 are the probabilities of occurrence in the interval 0 and 1. E0 and E1 are
the monotonically increasing functions of µA ∈ [0, 1] which can be expressed as:

E0 =
1

n

n∑
i=1

(1− µA(xi)) exp(µA(xi) (3.22)
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E1 =
1

n

n∑
i=1

µA(xi) exp(1− µA(xi)) (3.23)

3.7.2 Fuzziness Index

Kaufmann (1975) came out with the idea of fuzziness index to find out the fuzziness of a
fuzzy set by correlating it with its nearest crisp set. Fuzzy set A∗ can be proclaimed as a
crisp set of A if the membership function of fuzzy set is described as follows:

µA∗ (x) =

{
0, if µA (x) < 0.5

1, if µA (x) ≥ 0.5
(3.24)

The index, which was introduced by Kaufmann (1975), can be determined by calculating
the distance between A and A∗ . The equation is given below:

ψk (A) =
2

n
1
k

[
n∑
i=1

|µA (xi)− µA∗ (xi)|k
] 1

k

(3.25)

In above equation, n= number of elements in setA and k is the constant value; k ∈ [1,∞).
The index of fuzziness is considered as linear if the value of k is 1(Pratamasunu et al.,
2015). It is called quadratic if the value of k is 2 (Pratamasunu et al., 2015).

Another proposal for calculating fuzziness index can start from the distance of fuzzy set
A from its α-cut with α = 0.5 (in short A0.5). The equation is illustrated below:

ψk (A) =

[
n∑
i=1

|µA (xi)− µA0.5 (xi)|k
] 1

k

(3.26)

In the above equation, k = 1 leads to the well-known index of fuzziness.
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4 METHODOLOGY

This master’s thesis is based on a filter feature selection process. Features are filtered
according to their fuzziness index number. In consonance with the literature review, it
is conspicuous that there are many approaches for selecting features. Many researchers
have adopted different algorithms to the data set for selecting features, and for measuring
their performance. For instance, the filter feature selection methods, wrapper approaches,
and embedded methods have used to choose relevant features.

However, in this research, relevant features have chosen through the filter feature selec-
tion algorithm. Li et al. (2017) reported that the filter feature selection process could be
univariate or multivariate. The filter feature selection process, which has been used in this
study is multivariate. According to Kira & Rendell (1992), Kumari & Swarnkar (2011),
and Li et al. (2017), specific evaluation criteria are used for arranging the features, and
after that, the lower-ranked features are eliminated from the data set in filter feature selec-
tion method. In this study, features have ranked based on their fuzziness index number.
The features, which have the lowest fuzziness index number, have removed first from the
data set because these features have the most uncertainty. If we keep these uncertain fea-
tures, the classification result of our model can be imprecise. The reason for choosing the
filter feature selection method has been discussed in table 4.

The simplest classifier for classifying the objects is the fuzzy k-nearest neighbor classifier
(FKNN) (Keller et al., 1985). After selecting the notable feature subset, it has been tested
together with the FKNN classifier. The highest possible accuracy of a classifier depends
on how important is the feature subset. In table 4, it has been shown the purpose of se-
lecting a fuzzy k-nearest neighbor classifier for this study.

Fayyad et al. (1996) reported that the preprocessing of the data set is the first criterion if
the data set is used for the feature selection approach. Numerous methods can employ for
preprocessing the data set. Data set can contain outliers and missing values. According
to Kotsiantis et al. (2007), supervised learning algorithms’ performance depends on data
preprocessing. A supervised learning algorithm can give the wrong output because of
missing values or outliers. The data set needs to be cleaned to achieve a successful result
of a model. The data sets which have been used for this master’s thesis have missing
values and outliers. A decisive step has been taken for treating the missing values. In
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this study, missing value has been negotiated by removing the rows which have missing
values. The reason for choosing the deleting rows method has been explained in table 4.

The fuzzy measure is one kind of benchmark for ranking the features. There are differ-
ent kinds of fuzzy measures, such as fuzziness index, fuzzy entropy, Sugeno measure,
Shannon entropy, Yager entropy, and so on. In this report, features are ranked by their
fuzziness index number.

The effectiveness of the FKNN classifier has been evaluated by some performance mea-
sures. Bramer (2007), described the performance measures (accuracy, sensitivity, speci-
ficity, F-measure, ROC, error rate, and so on) of a classifier in his book. In this study,
the accuracy, sensitivity, specificity, type I, and type II error and error rate of the fuzzy
k-nearest neighbor classifier have been calculated. Table 4 demonstrates the reasons for
choosing these mentioned methods.
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Table 4. Reasons for Choosing the Methods

Category Methods Proposed Methods Reasons for choosing

proposed methods

Feature Selection Filter, Wrapper, Embedded Filter 1. Faster than wrapper and

embedded method.

2. No induction algorithm

needed.

3. Produce result in a better

generalization.

4. Choose subsets with a high

number of features.

Classifier Fuzzy k-nearest neighbor

classifier, Similarity classifier,

Naïve Bayes, Decision

tree, Logistic regression,

Support vector machine

Fuzzy k-nearest

neighbor

1. Fast classifier.

2. Perform classification with

imperfect data set.

3. Generate smoother borders

between classes.

4. Gives good classification

rates.

5. Can handle large-scale data

set.

Missing value

treatment

Deletion, Imputation Deletion (Delet-

ing rows)

Accuracy of the model will be

high.

Fuzzy measure Fuzziness Index, Fuzzy

entropy, Shannon en-

tropy, Yager entropy,

Sugeno measure

Fuzziness Index Till now no researcher select

features based on fuzziness in-

dex.

Performance

Measure

Confusion matrix, Accuracy,

Sensitivity, Specificity,

Precision, F1 score,

ROC, AUC, Type I and

Type II error, Error rate

Confusion

matrix, Accuracy,

Sensitivity,

Specificity, Type

I and Type II

error, Error rate

1. Confusion matrix is needed

for calculating accuracy, sen-

sitivity and specificity.

2. Accuracy gives percentage

of correctly classified result.

3. Sensitivity will accord ratio

of true positives to total posi-

tives in the data.

4. Specificity will give ratio

of true negatives to total neg-

atives in the data.

5. Error rate will give the ratio

of incorrectly classified obser-

vations.
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The explanation of proposed methods that were performed for this research has been
discussed in section 4.1-4.7.

4.1 Missing Value (Data Set Cleaning)

The real-world data sets contain missing values, but not all of them do. According to
Kaiser (2014), there are many reasons behind missing value occurrences. Kaiser (2014 )
stated that if the data entry process is performed manually and the measurements are not
correct, the data set may contain missing values. Shrive et al. (2006) considered missing
value occurrence in a data set as a natural phenomenon. Missing values can be handled
by data imputation with suitable values (mean, median, and so on), removing the observa-
tion that contains a missing value, treating missing values as special values (Kaiser, 2014).

However, mainly there are two approaches for handling missing value in a data set, such
as deletion and imputation. Here, in this thesis, the deletion method has been adopted
for dealing with null values. The deletion approach can be made in three ways, which
are (1) deleting rows, (2) pairwise deletion, and (3) deleting columns. The most widely
used method for dealing with missing values is deleting rows method. Here, the partic-
ular row has deleted if it has a null value for a particular feature, and in deleting column
method, the particular column has deleted if it has more than 70-75% of missing values.
This approach is only suggested when there are enough samples in the data collection. In
this master’s thesis, data set has been cleaned by removing the rows which have missing
values. A function has been used for eliminating the missing values.
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In algorithm 1, the pseudo algorithm of removing missing values has been demonstrated.

Algorithm 1 Deleting Rows Method
Let X = {X1, X2, X3, · · · , Xn} is a set of n labeled samples.
BEGIN

Input: Original data set X
Output: New data set without missing values

info=sum(X ,2)
Create a new empty matrix where the data set without missing value will be stored.
fori = 1 to length of info
IF isequaln(info(i), NaN) THEN
newdata=[newdata]
Else
newdata=[newdata; X(i,:)]
End IF
End for
END

4.2 Data Conversion

The data sets which have been used for this master’s thesis contain categorical and nu-
merical value. The categorical values need to convert into numerical values. In this study,
categorical values have been converted into numeric values for making the experiment
easier, and it is necessary because many machine learning methods can not work with
categorical data.
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4.3 Fuzziness Index in Feature Selection

The Fuzziness index number of each feature has calculated through different steps, such
as:
Step 1: At first, declare the dependent variable as class variable.
Step 2: Features are included in their respective class based on the class variable and the
mean value of each feature has been determined for both classes.
Step 3: The membership function of each feature has been determined for both classes. In
this experiment, the fuzzy membership value is calculated by using the trapezoidal fuzzy
membership function. A trapezoidal fuzzy membership function consists of four param-
eters with one variable. Here, the minimum value of each feature is working as the the
lower boundary (α), the maximum value of each feature is working as the upper boundary
(δ), and the mean value of each feature is considering as β, and γ. Including these four
parameters, the trapezoidal fuzzy membership function has been formulated with the help
of equation (3.7).
Step 4: After obtaining fuzzy membership function, fuzziness index of each feature has

been computed by ψk (A) =
[∑n

i=1 |µA (xi)− µA0.5 (xi)|k
] 1

k
for both classes. Here, k is

the fuzziness index parameter.
Step 5: Sum the fuzziness index of both classes for each feature.
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The pseudo algorithm for calculating the fuzziness index has been given in Algorithm 2.

Algorithm 2 Fuzziness Index in Feature Selection.
Require:featurevec1 = [1, ......, p], featurevec2 = [1, ......., q] % Number of instances
of both classes; p and q refer pth and qth observation.
for l=1 to p do
Q(l) = mean(featurevec1(l)) %mean value of each feature in class 1
M(l) = min(featurevec1(l)) %minimum value of mean values of features in class 1
N(l) = max(featurevec1(l)) %maximum value of mean values of features in class 1
End for
for j=1 to q do
O(j) = mean(featurevec2(j)) %mean value of each feature in class 2
P (j) = min(featurevec2(j)) %minimum value of mean values of features in class 2
S(j) = max(featurevec2(j)) %maximum value of mean values of features in class 2
End for
Set k = 1

for i=1 to length of featurevec1
membershipvalue1(i) = trapf(featurevec1(i),M(l), Q(l), Q(l), N(l))

Compute fuzziness index (i) by ψk (i) =
[∑n

i=1 |membershipvalue1(i)− 0.5|k
] 1

k

End for
for m=1 to length of featurevec2
membershipvalue2(m) = trapf(featurevec2(m), P (j), O(j), O(j), S(j))

Compute fuzziness index (m) by ψk (m) =
[∑n

m=1 |membershipvalue2(m)− 0.5|k
] 1

k

End for
Sum fuzziness index of features of both classes.
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4.4 Hold-out cross-validation

Cross-Validation (Katzell, 1951; Stone, 1974; Geisser, 1975) is the most widely used ap-
proach to determine a model’s predictive performance. The cross-validation process can
distinguish into two groups, exhaustive and non-exhaustive. Leave-p-out and leave-one-
out cross-validation have classified as exhaustive cross-validation (Krzanowski & Hand,
1997; Kohavi, 1995), and hold-out method and k-fold cross-validation have categorized
into non-exhaustive cross-validation (Kohavi, 1995).

Kohavi (1995) defined the hold-out cross-validation method and asserted that it could dis-
card the issue of overfitting that occurred when validating re-substitution. Kohavi (1995)
reported that the whole data set is split into two sets, (1) "training," and (2) "test." The
"test" set is also considered as a validation set or hold-out set. The hold-out set is impor-
tant because it allows developing a highly accurate model.The training dataset is usually
larger than the hold-out dataset. Therefore, hold-out validation can have specific percent-
ages of the data kept out for testing. Typically, 80% or 60% of the whole data set belongs
to the train set, and 20% or 40% of the data set is in the test set (Yadav & Shukla, 2016).
However, there is a particular case of hold-out validation, where half of the data set can
be in the training set, and the other half of the data set is in the hold-out set. In this exper-
iment, 50% of the data set are being held-out for testing, and also the hold-out validation
has performed with N = 30.
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4.5 Feature Selection

In this thesis, the features have been filtered according to their fuzziness index number.
Kumari & Swarnkar (2011) said that the filter method is efficient because it is fast, not
dependent on the classifier, scalable, and has more satisfying computational complexity.
The filter method is comparatively faster than other methods. Therefore, it is more useful
while working with a large data set. The fuzziness index has accounted for all features
in the earlier stage and sorted in descending order. MATLAB built-in function "sort" is
used for ordering the fuzziness index, which returns the sort index and specifies how the
elements are rearranged to obtain the sorted output. The index of the data set is ordered
according to the sorted index of the fuzziness index. A for loop is used such that when
there remains only one feature with the highest fuzziness index number, it stops the iter-
ation. Inside this loop, a function has been applied for creating a new data matrix. The
whole data set has been divided 30 times to the train and test set through hold-out cross-
validation. Besides this, the fuzzy k-nearest neighbor classifier has been implemented to
evaluate the model’s efficiency.
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The pseudo algorithm of selecting features has been illustrated in Algorithm 3.

Algorithm 3 Algorithm for selecting features
Step 1:feature_index = [1, .....,m] % create a vector of fuzziness index number of
features
Step 2: [I, J ] = sort(feature_index) % sort in a descending order
Step 3: order_dataset=dataset(:, J) % order data set according to feature_index
Step 4: Initialize parameter for fknn
Step 5: for k=1 to n1− 1 %n1 = length(featureindex)

[new_data, lc, cs] = init_data(order_dataset, v, c) % sorting the observation; v= all of
the columns of data sample without the class label; c=column number of class variable.
Start hold-out cross-validation
for ii=1 to 30
train_ind = []% build train set
for jj=1 to length(lc)
temp = randperm(lc(jj))− 1

train_ind = [train_ind, cs(jj) + temp(1 : floor(lc(jj) ∗ rn_train(jj)))]

End for
test_ind = setxor([1 : size(new_data, 1)], train_ind) % test indexes which are not
belong in training data set
create crx_test%data for verification
crx_train %data for training
test_labels %Class labels for testing set
train_label %Class labels for training set
% call ’fknn’ function’
[y,mem, numhits] = fknn(train, ...train_labels, test, test_labels,K, 0, 1)

%find performance measure of classifier
for l=1 to max(K)
[acc(l), sen(l), spe(l), typ(l), typp(l), error(l)] = accSenSpetypCalc(y(:

, l), test_labels)
End for
End for
Decrement k
Remove the feature who has lowest fuzziness index number in every iteration.
End for
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4.6 Fuzzy K-nearest Neighbor Classifier

Many algorithms are developed for classifying the objects. Among them, the most ancient
and widely used classification algorithm is the K-nearest neighbor (KNN) (Cover & Hart,
1967). According to Cover & Hart (1967), KNN utilizes distance measure (Euclidean, co-
sine, Cityblock, etc.) to allocate samples of unidentified class based on the majority class
of its k-nearest neighbors. The fuzzy k-nearest neighbor (FKNN) algorithm is an updated
variant of the general KNN algorithm, which was introduced by Keller et al. (1985). This
algorithm consolidates the fuzzy set theory and diverges from the crisp set. In the fuzzy
k-nearest neighbor (FKNN) algorithm, the class membership of sample sets/patterns is de-
fined as a function of pattern distance of the possible membership classes of its k-nearest
neighbors. The following formula (4.27) is used to compute the FKNN algorithm.

ui (x) =

∑K
j=1 uij

(
1

‖x−xj‖
2

(m−1)

)
∑K

j=1

(
1

‖x−xj‖
2

(m−1)

) (4.27)

where i = 1, 2, ......, C and j = 1, 2, ......, K. Here, C is the number of classes, K is the
number of nearest neighbors, and m is the fuzzy strength parameter. The value of m can
be chosen as m ∈ (1,∞) . In the above equation, the distance between x and its jth
nearest neighbour xj is ‖ x − xj ‖ and uij is the membership degree of ith class in the
jth pattern of the labeled pattern set. If the k-nearest neighbor of each training pattern is
established, the membership of xk (training pattern) in each class can be assigned as:

uij (xk) =

{
0.51 +

(nj

K

)
∗ .49, ifj = i,(nj

K

)
∗ .49, ifj 6= i.

(4.28)

Here nj is the number of neighbors, which accords to the jth class. The membership
value should be included in the class, with its highest membership value.
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In algorithm 4, the pseudo algorithm of FKNN (Keller et al., 1985) has been illustrated.

Algorithm 4 "Algorithm for FKNN (Keller et al., 1985)"
"Let W = {x1, x2, x3, · · · , xn} be a set of n labeled samples.
BEGIN

Input x, of unknown classification
Set K, 1 ≤ K ≤ n.
Initialize i = 1.
DO UNTIL (K-nearest neighbors to x found)
Compute distance from x to xi to y using the Euclidean distance.
IF (i ≤ K) THEN
Include xi in the set of K-nearest neighbors
ELSE IF (xi is closer to x than any previous nearest neighbor) THEN
Remove the outermost of the K-nearest neighbor.
Include xi in the set of K-nearest neighbor
END IF
END DO UNTIL
Initialize i = 1

DO UNTIL (x assigned membership in all classes)
Compute ui(x) using (4.27).
Increment i.
END DO UNTIL
END"

In following section 4.7, the consequences of feature selection on classification perfor-
mance have been assessed by classifier’s confusion matrix, accuracy, sensitivity, speci-
ficity, type I and type II error, and error rate.
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4.7 Performance Measures

Confusion Matrix

Bramer (2007) stated in his book that in a confusion matrix, the information about cor-
rectly classified observations and misclassified observations have given. The idea of the
confusion matrix comes from machine learning. The confusion matrix has two dimen-
sions; one is ordered by the actual class index, and the other by the classifier’s prediction
class. In this experiment, the performance is evaluated against the test data set. The fol-
lowing table (5) emphasizes the confusion matrix.

Table 5. Confusion Matrix (Bramer, 2007)

Actual class

Predicted Class

Predicted (+) Predicted (-)

Actual (+) TP FN

Actual (-) FP TN

The explanation of these four outcome of confusion matrix has been given below:

• TRUE POSITIVES (TP) The positive observations are correctly categorized as posi-
tive.

• FALSE NEGATIVES (FN) The positive observations are falsely categorized as nega-
tive.

• FALSE POSITIVES (FP) The negative observations are falsely categorized as positive.

• TRUE NEGATIVES (TN) The negative observations are correctly categorized as neg-
ative.

According to Bramer (2007), the classifier’s characteristics can be determined by it’s True
Positive Rate (TPR) and False Positive Rate (FPR). The confusion matrix of a classifier
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can explain exceptional cases of a classifier. In the following tables (6-9), the confusion
matrix of special cases of a classifier, along with their classification measures (Here, TP
= P and FP = N), have been demonstrated.

1. A Perfect Classifier

According to Bramer (2007), every instance is classified correctly in a perfect classifier.

Table 6. Perfect Classifier’s Confusion Matrix (Bramer, 2007)

Actual Class

Predicted Class

Total Instances

Predicted (+) Predicted (-)

Actual (+) P 0 P

Actual (-) 0 N N

The measures of a perfect classifier (Bramer, 2007):
TP Rate (Recall) = P

P
= 1

FP Rate = 0
N

= 0

Precision = P
P

= 1

F Measure = (2×1)
(1+1)

= 1

Accuracy = (P+N)
(P+N)

= 1

2. The Worst Classifier

Bramer (2007) stated that every instance is miscategorized in the worst classifier.

Table 7. Worst Classifier’s Confusion Matrix (Bramer, 2007)

Actual Class

Predicted Class

Total Instances

Predicted (+) Predicted (-)

Actual (+) 0 P P

Actual (-) N 0 N
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The measures of a worst classifier (Bramer, 2007):
TP Rate (Recall) = 0

P
= 0

FP Rate = N
N

= 1

Precision = 0
N

= 0

F Measure is not applicable (as Precision+Recall=0)
Accuracy = 0

(P+N)
= 0

3. The Ultra-liberal Classifier

According to Bramer (2007), all instances are always predicted as positive in this classifier
that means TP=1 and FP=1.

Table 8. Ultra-liberal Classifier’s Confusion Matrix (Bramer, 2007)

Actual Class

Predicted Class

Total Instances

Predicted (+) Predicted (-)

Actual (+) P 0 P

Actual (-) N 0 N

The measures of an ultra-liberal classifier (Bramer, 2007):
TP Rate (Recall) = P

P
= 1

FP Rate = N
N

= 1

Precision = P
P+N

F Measure = (2×P )
(2×P+N)

Accuracy = P
(P+N)

4. The Ultra-conservative Classifier

According to Bramer (2007), all instances are always predicted as negative in this classi-
fier that means TN=1 and FN=1.
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Table 9. Ultra-conservative classifier’s Confusion Matrix (Bramer, 2007)

Actual Class

Predicted Class

Total Instances

Predicted (+) Predicted (-)

Actual (+) 0 P P

Actual (-) 0 N N

The measures of an ultra-conservative classifier (Bramer, 2007):
TP Rate (Recall) = 0

P
= 0

FP Rate = 0
N

= 0

Precision is not applicable (as TP + FP = 0)
F Measure is not applicable
Accuracy = N

(P+N)

Accuracy

According to Bramer (2007), accuracy is one of the most transparent performance mea-
sures and is the ratio of accurately classified patterns to the total number of patterns.
Moreover, it is also described in terms of positives and negatives for binary classification.
If the target variable classes are approximately balanced, accuracy is considered a suffi-
cient performance indicator.

Accuracy = TP+TN
TP+TN+FP+FN

Sensitivity

Sensitivity refers to the classifier’s ability to correctly detect features that have a condition.
The consistency of the model can be measured by predicting a true positive for every
category available. Bramer (2007) stated that the sensitivity of a classifier refers to predict
positive observations which are correctly categorized as positive. The sensitivity level of
the values ranges from 0 to 1.
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Sensitivity = TP
TP+FN

Specificity

The specificity, which is also known as true negative rates, indicates the classifier’s ability
to recognize features that do not have the condition. The model’s quality can be measured
by predicting true negatives for each category available. Powers (2011) asserted that
specificity is the ratio of negative observations which are accurately classified as negative
observations. The value range of specificity is also the same as sensitivity, which is from
0-1.

Specificity = TN
TN+FP

Type I and type II error

Statistically, if a true null hypothesis has been incorrectly discarded, type I error (also
known as "false positive") occurs, and type II error (also known as "false negative") arises
because of accepting a false null hypothesis. According to Bramer (2007), these errors
provide the percentage of incorrectly classified classes of a classifier.

Type I error = FP
TN+FP

Type II error = FN
TP+FN

Error rate

Bramer (2007) stated that the error rate is the ratio of observations that are falsely classi-
fied. The percentage of misclassified cases can be found from the error rate.

Error rate = FP+FN
TP+TN+FP+FN
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The pseudo algorithm for evaluating classifier’s performance has been given in Algorithm
5.

Algorithm 5 Algorithm for Performance Measure
BEGIN

Input: Predicted class label and Actual class label
Output: Accuracy, Sensitivity, Specificity, Type I & Type II error, Error rate

Set TP = TN = FP = FN = 0

for i=1 to length of actual class label
IF (Predicted class label (i)==2 & Actual class label (i) ==2) THEN
Increase TP by adding 1
ELSE IF (Predicted class label (i)==2 & Actual class label (i) ==1) THEN
Increase FP by adding 1
ELSE IF (Predicted class label (i)==1 & Actual class label (i) ==2) THEN
Increase FN by adding 1
ELSE IF (Predicted class label (i)==1 & Actual class label (i) ==1) THEN
Increase TN by adding 1
ELSE print (’Something went terribly wrong’)
END IF
Increament i
END for
Accuracy= TP+TN

TP+TN+FP+FN

Sensitivity= TP
TP+FN

Specificity= TN
TN+FP

Type I error= FP
TN+FP

Type II error= FN
TP+FN

Error rate= FP+FN
TP+FP+FN+TN

END
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5 EXPERIMENTS

5.1 Data sets

Here, the filter feature selection method has been examined with three data sets; bank-
marketing data set, breast-cancer data set, and Pima-Indian diabetes data set. They are
retrieved from the repository of the UCI (Dua & Graff, 2019). In the following sections
(5.1.1-5.1.3), a description of the data sets has been provided. The essential characteristics
of the data sets have been demonstrated in the following table 10.

Table 10. Data sets with their fundamental properties:

Data Set Data Set
Characteristics

Feature
Characteristics

Number of
Features

Number of
Instances

Number
of Classes

Bank Multivariate Real 16 4521 2

Breast Cancer Multivariate Real 9 699 2

Pima-Indians Multivariate Real 8 768 2

5.1.1 Bank-Marketing Data Set

A Portuguese banking institution organized a direct marketing campaign based on phone
calls for collecting the bank-marketing data set (Moro et al., 2014). This campaign was
undertaken to determine whether the customer would be enrolling in a term deposit or
not. The variables of the bank-marketing data set, which were used to decide the customer
who was enrolled for the deposit or not, are age, job, marital, education, default, balance,
housing, loan, contact, day, month, duration, campaign, pdays, previous, and poutcome.
After removing the missing values from the data set, the number of instances has been
reduced from 4521 to 3083. There are 442 instances in class 1 and 2641 instances in class
2, which means 14.3% measurements are in class 1, and 85.7% of measurements are in
class 2.
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5.1.2 Breast Cancer Data Set

To diagnose breast masses accurately, Dr. Wolberg built a breast cancer data set based on
Fine Needle Aspiration (FNA) (Wolberg & Mangasarian, 1990). The decision variable
of this data set is classed as benign and malignant. The nine relevant features are clump
thickness, cell size uniformity, cell shape uniformity, marginal adhesion, single epithelial
cell size, bare nuclei, bland chromatin, normal nucleoli, and mitoses used to predict be-
nign or malignant condition. This data set contains missing values. After removing the
null values from the data set, the observation numbers (699) have been reduced to 683.
In the "benign" class, there are 444 observations, and 239 observations are in "malignant"
class. 65% of measurements are in the benign class, and 35% measurements are in the
malignant class.

5.1.3 Pima-Indians Diabetes Data Set

This data set comprises of nine variables, including a decision variable. The decision
variable of this data set is used to predict whether Pima-Indian women have diabetes or
not. These eight variables are pregnancies, glucose, blood-pressure, skin thickness, in-
sulin, body mass index, diabetes pedigree function, and age. There is no missing value in
this data set. There are 268 instances in class 1 and 500 instances in class 2, which means
35% measurements are in class 1, and 65% of measurements are in class 2.

5.2 Results

This section as a whole is essential to the thesis because here, we demonstrate that pro-
cedures are sufficient to analyze our objective. Hereabouts, we present the findings from
our research work in detail so that the readers can surely understand how the method is
working.

The flow of our experiment work is quite straightforward. Firstly, all of the data sets were
uniformly divided into training and validating set. And also, this procedure randomly
recurred 30 times. Secondly, the fuzzy k-nearest neighbor classifier implemented on the
train and test data with a range of K value from 1 to 10. Finally, the mean classification
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result of the classifier achieved from the output of the classifier by deciding true positive,
false negative, false positive, and true positive.

The mean classification result of the classifier has gained for the fuzziness index param-
eter k=1, 2, and 6, and fuzzy weight m=2.5. While we tested the model with different
fuzziness index parameter, there is less variance in the result. The performance of the
classifier is compared, including all features and with the optimal subset of features. The
mean classification results of the bank-marketing, breast-cancer, Pima-Indian data sets
have been demonstrated in tables 11-13, sequentially. The second row of the tables 11-
13, and 17-18, show the mean classification results for the model, including all features,
and the consecutive rows represent which subset of features can produce the best mean
classification result. The optimal subset of features has been chosen for all data sets after
visualizing the figures 5.4, 5.6, and 5.8. Table 14 illustrates the overview of the most
leading mean classification result of all data sets. The detailed result of the particular data
set has been explained in the subsequent sections (5.2.1-5.2.3).
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5.2.1 Bank-marketing data set

Here, the mean classification outcomes of the bank-marketing data set is discussed thor-
oughly. In this data set, the feature ’poutcome’ has much missing value. If the feature’
poutcome’ has included in the data set, most of the observations get removed because
of missing value. Hence, it was decided to exclude ’poutcome’ from the data set before
performing the filter feature selection method. From the figure 5.4, it is noticeable that af-
ter removing seven irrelevant features (’age,’ job,’ ’education,’ ’balance,’ ’day,’ ’month,’
’duration’), the mean classification performance graph is getting saturated. The mean
classification result is not changing much even though we remove the features which
have the highest fuzziness index number. The features with their fuzziness index number
have given in the table 16. Since there is less variability in the outcome of the classifica-
tion result, if we delete the features that have the highest index number of fuzziness; it is
agreed to retain features that have a similar highest fuzziness index number.

Table 11. Classification results with Bank-marketing data set.

Selected
Features

Mean
Accuracy

Mean
sensi-
tivity

Mean
speci-
ficity

Mean
type 1
error

Mean
type 2
error

Error
rate

Opt.
param.
value

All 0.8451 0.1323 0.9643 0.0357 0.8677 0.1549 k=6

3, 5, 7, 8, 9,
13, 14, 15

0.8435 0.1181 0.9653 0.0346 0.8818 0.1564 k=6

5, 7, 8, 9, 14,
15

0.8431 0.1162 0.9638 0.0349 0.8926 0.1578 k=6

5, 7 0.8846 0 1 0 1 0.1154 k=6

The mean classification result for the classifier, which was determined for binary classifi-
cation while excluding the irrelevant features, has been displayed in figure 5.4 below.
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(a) (b)

(c) (d)

(e) (f)

Figure 5.4. Mean classification result while removing the features: (a) accuracies, (b) sensitivities,
(c) specificities, (d) type I errors, (e) type II errors and (f) error rates w.r.t. number of removal
features.

Mean classification accuracy of 84.51% was attained, including all features using the
fuzzy k-nearest neighbor classifier. In contrast, only with two features (default and hous-
ing) the mean classification accuracy was 88.46%, with six features (default, housing,
loan, contact, pdays, and previous) 84.31%, and along with eight features (marital, de-
fault, housing, loan, contact, campaign, pdays, and previous) 84.35%.
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After analyzing the result, which has been provided in table 11, it was decided to select
eight features as the optimal features to keep the model more uncomplicated. Though the
mean classification accuracy is high with only two features, we still could not say that
the model is producing a good result. When two least uncertain features (’default’ and
’housing’) remain in the model, the classifier is not able to identify the customers who
enroll for a term deposit (which means classifier is not able to recognize true positives
correctly). The specificity of the model is high (1) with these two features, which means
the false positive rate is very high. The classifier’s mean classification result is considered
as good when the false-positive rate and false-negative rate are low. Though the model has
high accuracy with these two features, it is not suggested to keep these features (’default’
and ’housing’) as an optimal subset of features because these features are not enough to
recognize which customers are enrolling for a term deposit. That’s why it was decided
to keep eight features as an optimal subset of features, and the classifier is also able to
identify the true positive rate with this optimal subset of features. Though the sensitivity
of the model is also low with these optimal features (eight), still, the mean classification
result is better from the model with two features.

The sensitivity, specificity, type I error, type II error, and the error rate of the classifier
with the optimal subset of features was 11.81%, 96.53%, 3.46%, 88.18%, and 15.64%
respectively. The mean classification result was selected with fuzziness index parameter
k=6, and with optimal K=6 (accuracy), 4 (sensitivity), 5 (specificity), 5 (type I error),
5 (type II error), and 4 (error rate). The mean classification accuracy with the optimal
subset of features (two features) is higher than the model with all features. But when we
have selected the optimal subset of features with eight features, the mean classification
accuracy (84.35%) is not much higher than the model (84.51% accuracy) with all fea-
tures. However, we have managed to minimize computational time and make the model
more manageable. With eight features, the best subset of features is considered, and the
other seven features successfully removed from the data set. In the figure 5.5, the mean
classification result is presented concerning classification result, the number of features,
and K-nearest neighbor. The mean classification result has been illustrated in the follow-
ing figure 5.5, with the optimal subset of features (eight relevant features) and K-nearest
neighbor.
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(a) (b)

(c) (d)

(e) (f)

Figure 5.5. Mean classification performance result of the bank-marketing data set: (a) accuracies,
(b) sensitivities, (c) specificities, (d) type I errors, (e) type II errors and (f) error rates w.r.t. k-
nearest neighbors and optimal number of features (eight).
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5.2.2 Breast cancer data set

This filter feature selection approach was also implemented to the breast cancer data set
to see whether the approach is working or not. Due to this reason, the mean classification
result of the classifier was calculated with selected seven features (clump thickness, cell
size uniformity, cell shape uniformity, marginal adhesion, bare nuclei, normal nucleoli,
and mitoses). The fuzziness index number of features in the breast cancer data set has
been demonstrated in the table 19. After visualizing the figure 5.6, and analyzing the
table 19, it was decided to keep seven features in the model as the relevant features.

Table 12. Classification results with Breast cancer data set.

Selected
Features

Mean
Accu-
racy

Mean
sensitivity

Mean
speci-
ficity

Mean
type 1
error

Mean
type 2
error

Error
rate

Opt.
param.
value

All 0.9665 0.9431 0.9792 0.0208 0.0569 0.0335 k=2

1, 2, 3, 4, 6, 8,
9

0.9675 0.9534 0.9751 0.0249 0.0466 0.0325 k=2

In the table 12, one can see the mean classification result of breast cancer data set, in the
second row of the table 12, the result was presented for the model including all features,
and in the third row for selected features. The result was presented for the fuzziness
index parameter k=2 though the procedure was done for k=1, 2, and 6. When the filter
feature selection method used, the mean classification accuracy was 96.75% with selected
features whereas 96.65% without removing any features. The mean sensitivity, specificity,
type I error, type II error, and the error rate of the classifier with the optimal subset of
features were 95.34%, 97.51%, 2.49%, 4.66%, and 3.25% respectively. If the result of
the optimal subset of features is compared with the model including all features, it can
be seen that a good result is achieved by this method, which means the method works
well, and also the computational time is reduced. In order to keep the model simpler,
two features (single epithelial cell size and bland chromatin) were managed to remove
successfully. The mean classification result was selected with optimal K=7 (accuracy),
6 (sensitivity), 6 (specificity), 5 (type I error), 7 (type II error), and 4 (error rate). In
the figure 5.7, the mean classification result is presented concerning classification result,
K-nearest neighbors, and the number of optimal features.

The mean classification result of the classifier, which was calculated for binary classifica-
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tion while removing the insignificant features, has been shown in the next figure 5.6.

(a) (b)

(c) (d)

(e) (f)

Figure 5.6. Mean classification result while removing the features: (a) accuracies, (b) sensitivities,
(c) specificities, (d) type I errors, (e) type II errors and (f) error rates w.r.t. number of removal
features.

In the following figure 5.7, the mean classification result with the optimal subset of fea-
tures and K-nearest neighbors has been presented.
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(a) (b)

(c) (d)

(e) (f)

Figure 5.7. Mean classification performance result of Breast cancer data set: (a) accuracies, (b)
sensitivities, (c) specificities, (d) type I errors, (e) type II errors and (f) error rates w.r.t. k-nearest
neighbors and the optimal subset of features.
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5.2.3 Pima-Indian data set

The results from the Pima-Indian data set has been reported in the table 13.

Table 13. Classification results with Pima-Indian data set.

Selected
Features

Mean
Accu-
racy

Mean
sensitivity

Mean
speci-
ficity

Mean
type 1
error

Mean
type 2
error

Error
rate

Opt.
param.
value

All 0.7190 0.5090 0.8316 0.1684 0.4910 0.2810 k=2

1, 2, 3, 4, 5, 6 0.7142 0.5160 0.8204 0.1796 0.4840 0.2858 k=2

The mean classification accuracy was 71.90% when no features were removed. The rele-
vant features were selected after visualizing the figure 5.8, and the fuzziness index number
of features which were provided in the table 20. After selecting the features with the filter
feature selection method, we gained 71.42% mean classification accuracy. Though the
accuracy of the classifier is not enhancing so much after reducing two features (diabetes
pedigree function and age) from the data set, it can also be seen from the table 13, that the
result is not degrading either. The result was achieved with the fuzziness index parameter
k=2, and the optimalK-nearest neighbor was chosen for all of the performance measures.
The other performance measures such as sensitivity (51.60%), specificity (82.04%), type
I error (17.96%), type II error (48.40%), and error rate (28.58%) achieved with the op-
timal subset of features. Since the classifier’s output doesn’t decrease with the selected
features, it can say the method works well, and it also makes the model simpler. In figure
5.9, the mean classification result is presented concerning classification result, the number
of optimal features, and K-nearest neighbors.

The classifier’s mean classification result, which was determined for binary classification
while excluding the insignificant features, has been shown in the following figure 5.8.



62

(a) (b)

(c) (d)

(e) (f)

Figure 5.8. Mean classification result while removing the features: (a) accuracies, (b) sensitivities,
(c) specificities, (d) type I errors, (e) type II errors and (f) error rates w.r.t. number of removal
features.

The mean classification result has been provided in the following figure 5.9, with the ideal
subset of features and K-nearest neighbors.
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(a) (b)

(c) (d)

(e) (f)

Figure 5.9. Mean classification performance result of Pima-Indian data set: (a) accuracies, (b)
sensitivities, (c) specificities, (d) type I errors, (e) type II errors and (f) error rates w.r.t. k-nearest
neighbors and the optimal subset of features.

The summary of the mean classification result with the optimal subset of features for all
data sets has been demonstrated in table 14 along with .05 significance level, and the
corresponding confidence level is 95%.
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Table 14. Summary of mean classification results of all data sets.

Measure Bank data set
(eight features)

Breast can-
cer data set

(seven features)

Pima-diabetes
data set

(six features)

Mean Accuracy
Variance

Confidence Interval
Optimal K

0.8435
0.0044

[0.8399, 0.8471]
K=6

0.9675
0.0034

[0.9649, 0.9700]
K=7

0.7142
0.0235

[0.6965, 0.7319]
K=4

Mean Sensitivity
Variance

Confidence Interval
Optimal K

0.1181
0.0077

[0.1081 0.1281]
K=4

0.9534
0.0054

[0.9493, 0.9575]
K=6

0.5160
0.0094

[0.5088, 0.5231]
K=8

Mean Specificity
Variance

Confidence Interval
Optimal K

0.9653
0.0064

[0.9594, 0.9713]
K=5

0.9751
0.0032

[0.9726, 0.9775]
K=6

0.8204
0.0385

[0.7914, 0.8494]
K=5

Mean Type I error
Variance

Confidence Interval
Optimal K

0.0346
0.0064

[0.0284, 0.0381]
K=5

0.0249
0.0032

[0.0225,0.0274]
K=5

0.1796
0.0385

[0.1506, 0.2086]
K=6

Mean Type II error
Variance

Confidence Interval
Optimal K

0.8818
0.0077

[0.8718, 0.8918]
K=5

0.0466
0.0054

[0.0425, 0.0507]
K=7

0.4840
0.0094

[0.4769, 0.4912]
K=6

Mean Error rate
Variance

Confidence Interval
Optimal K

0.1564
0.0044

[0.1528, 0.1601]
K=4

0.0325
0.0034

[0.0300, .0351]
K=4

0.2858
0.0235

[0.2681, 0.3035]
K=5

In this experiment, the efficiency of the classifier has been tested with the entire data set
and with the optimal subset of features. Computational time has been reduced using fil-
ter feature selection method combined with the fuzzy k-nearest neighbor classifier. Once
the ideal subset of features runs to the classifier, the computational time has significantly
decreased.

Computational complexity has been faced while computing the experiment. If only one
feature remains in the model after filtering all the features, the classifier is not able to
identify the true positives correctly, and all the observations belong in one class. Due
to overcome this problem, an optimal subset of features was selected, and the fuzzy k-
nearest neighbor classifier was able to identify true positives. Without this, we did not
face any difficulty while executing the experiment.
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The outcome of this experiment has also been analyzed with the existing methods which
were discussed in the literature review. The mean classification result of the bank-marketing
data set can be compared with other researcher’s work, such as Parlar & Acaravci (2017),
Lureano (2018). Parlar & Acaravci (2017) used two feature selection methods, such as
information gain (IG), and chi-square and tested together with the Naïve Bayes classifier.
The highest-ranked features from Parlar & Acaravci’s (2017) experiment were ’duration’,
’poutcome’, ’month’, ’pdays’, ’contact’, ’previous’, ’age’, ’job’, ’housing ’ and ’balance’
whereas Laureano (2018) identified ’job,’ ’contact,’ ’month,’ ’campaign,’ ’pdays,’ and
’poutcome’ as notable features based on AIC (Akaike Information Criterion). The fea-
tures which were recognized as relevant from our experiment were ’marital,’ ’default,’
’housing,’ ’loan,’ ’contact,’ ’campaign,’ ’pdays,’ and ’previous.’ In contrast with the re-
sult of Parlar & Acravci (2017), and Lureano (2018), it can be said that we also have been
able to determine relevant features from the bank data set based on the fuzziness index
number.
Luukka (2011) successfully produced mean classification accuracy with medical data sets
using fuzzy entropy measures with a fuzzy similarity classifier. 75.84% mean classifica-
tion accuracy was gained by Luukka (2011) for the Pima-Indian data set with seven se-
lected features, whereas in our experiment, 71.42% mean classification accuracy obtained
with selected six features. For the breast cancer data set, 96.75% mean classification ac-
curacy was attained with six selected features from our research, while Luukka(2011)
gained 97.18% accuracy with selected five features.
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6 DISCUSSION

6.1 Current study

The fuzziness index-based feature selection method incorporated with a fuzzy k-nearest
neighbor classifier has produced satisfactory classification results. Here, three distinct
data sets have been utilized to know how well the method is working for each data set.
The model with an optimal subset of features is more computationally efficient rather
than the model with all features. By choosing relevant features, we succeeded in reducing
computational time, making the model more transparent and simpler, and were able to
achieve a good mean classification accuracy. For instance, using only two features from
the bank-marketing data set, the highest mean classification accuracy (88.46%) was at-
tained, though the sensitivity and specificity of the model are not satisfactory. But, with
selected eight features (marital, default, housing, loan, contact, campaign, pdays, and pre-
vious), the method is working for the bank-marketing data set. With the breast cancer data
set, when two less relevant features removed, the mean classification accuracy (96.75%)
with other performance measures also significantly improved. Next, we were also able
to produce a good mean classification result for the Pima-Indian data set along with six
relevant features and made the model more uncomplicated. The whole data set had a
large dimension, but when the optimal subset of features had chosen, the dimension of
the data set has diminished. By analyzing the result, it can conclude that this method is
working well for breast-cancer and Pima-Indian data sets rather than the bank-marketing
data set. In summary, the consequences of this experiment show that a satisfactory result
is provided by the filter feature selection method using the fuzziness index number along
with the fuzzy k-nearest neighbor classifier.
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6.2 Future work

In the current analysis, only the fuzzy k-nearest neighbor classifier has evaluated the filter
feature selection method based on the fuzziness index number. However, this approach
should be tested in the future with other classifiers, such as Naïve Bayes, similarity clas-
sifier, and support vector machine. Furthermore, it should be tested whether the mean
classification result for other classifiers is improving or not, and also, it should be studied
that, which fuzzy measures are fruitful for selecting features except for the measurement
of the fuzziness index and the fuzzy entropy measure.
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7 CONCLUSION

The objective of this work was to examine a unique filter feature selection method based
on the fuzziness index number and its efficiency. The research questions, which were
presented in chapter 1, also answered in-depth in chapters 4 and 5. The RQ1 was about
how to use the fuzziness index in the feature selection method. The procedure of calcu-
lating the fuzziness index and how to implement it in the feature selection method have
been explained in a detailed manner in sections 4.3 and 4.5. The RQ2 was about how
this feature selection is different from other methods. The existing researches related to
feature selection method have been demonstrated in chapter 2, and the comparison of
the result between existing researches and this study has been provided in chapters 4 and
5. From the result analysis section, it is evident that we can manage to boost the mean
classification result for all of the data sets by using the optimal subset of features instead
of the entire data set. The model gets simplified and has fewer errors after removing the
insignificant features, also computed in less time. From this experiment’s performance, it
is clear that we can choose the relevant features from the data set and rebuild our decision.
Experimental findings indicate that the feature selection approach based on the fuzziness
index number is yielding a significant result along with the fuzzy k-nearest neighbor. Fur-
ther research possibilities include, e.g., testing filter feature selection approach with other
fuzzy measures and classifiers.
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Appendix 1: More analysis of bank-marketing data set

The variables of the bank-marketing data set have two classes depending on their decision
variable. The decision variable is referred to as ’yes’ for the customers who subscribe to
the term deposit, ’no’ for the customer who does not subscribe. The class distribution of
the bank-marketing data set can be seen from the following figure 7.10.

Figure 7.10. Class distribution of the bank-marketing data set.

From the above figure 7.10, it is visible that there are more observations in class 2 than in
class 1.

Being a real-world data set, the variables of the bank-marketing data set may contain
outliers and missing values. Some data analysis was done to know the characteristics of
the variables, such as continuous or non-continuous variables, have or do not have missing
values and outliers. The findings of this study are shown in table 15.



78

Table 15. Variable Analysis of the bank-marketing data set.

Feature
Name

Feature Type Continuous Outlier Missing
Value

Age Numeric Yes Yes No

Job Categorical No No No

Marital Categorical No No No

Education Categorical No No Yes

Default Binary No Yes No

Balance Numeric Yes Yes No

Housing Binary No No No

Loan Binary No Yes No

Contact Categorical No Yes Yes

Day Numeric Yes No No

Month Categorical No Yes No

Duration Numeric Yes Yes No

Campaign Numeric Yes Yes No

Pdays Numeric Yes Yes No

Previous Numeric Yes No No

Poutcome Categorical No Yes Yes

Y Binary No Yes No

After doing this analysis, it was found that the feature ’poutcome’ has much missing
value. Correlation analysis among the features was performed. Figure 7.11 illustrates
how features are correlated with each other.
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Figure 7.11. Correlation between features.

From the correlation analysis, it can be seen that there are no strongly correlated features
in the bank-marketing data set. There is an average positive correlation (.55) between
features ’pdays’ and ’previous’.

The fuzziness index number of all features of the bank-marketing data set was computed
and demonstrated in the table 16.
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Table 16. Features with their fuzziness index number.

Bank-marketing
data set

Fuzziness In-
dex Number

Default 2.018793868618542

Housing 2.018793868618542

Loan 2.018793868618542

Contact 2.018793868618542

Previous 1.987634484848370

Pdays 1.981767847630348

Marital 1.955680177257032

Campaign 1.906213326046437

Education 1.884169852621568

Job 1.843067774168533

Month 1.693787248892518

Duration 1.656328522077874

Balance 1.641522556672614

Day 1.592092819503516

Age 1.569785368091825

From the above table 16, it can be seen that the feature ’default,’ ’housing,’ ’loan,’ ’con-
tact’ have the most leading fuzziness index number. After them, we can consider ’previ-
ous,’ ’pdays,’ ’marital,’ and ’campaign’ as the leading features.

The mean classification result of the bank-marketing data set has shown in the following
table 17 (k = 1) and table 18 (k = 2). As less variance was found in the result while
changing the fuzziness parameter, it was decided to keep the result with k=6. Section
5.2.1 has given detailed clarification of the outcome.
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Table 17. Classification results with Bank-marketing data set.

Selected
Features

Mean
Accuracy

Mean
sensi-
tivity

Mean
speci-
ficity

Mean
type 1
error

Mean
type 2
error

Error
rate

Opt.
param.
value

All 0.8464 0.1308 0.9661 0.0339 0.8692 0.1536 k=1

3, 5, 7, 8, 9,
13, 14, 15

0.8412 0.1226 0.9619 0.0380 0.8773 0.1571 k=1

5, 7, 8, 9, 14,
15

0.8426 0.1162 0.9646 0.0354 0.8838 0.1574 k=1

5, 7 0.8846 0 1 0 1 0.1154 k=1

Table 18. Classification results with Bank-marketing data set.

Selected
Features

Mean
Accuracy

Mean
sensi-
tivity

Mean
speci-
ficity

Mean
type 1
error

Mean
type 2
error

Error
rate

Opt.
param.
value

All 0.8470 0.1358 0.9660 0.0340 0.8642 0.1530 k=2

3, 5, 7, 8, 9,
13, 14, 15

0.8428 0.1183 0.9646 0.0354 0.8816 0.1571 k=2

5, 7, 8, 9, 14,
15

0.8413 0.1157 0.9632 0.0368 0.8843 0.1587 k=2

5, 7 0.8846 0 1 0 1 0.1154 k=2
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Appendix B: More analysis of breast cancer data set

The variables of the breast cancer data set have two classes depending on the presence of
texture ’benign,’ and ’malignant’. The class distribution of the data set for breast cancer
can be seen from the figure 7.12 .

Figure 7.12. Class distribution of the breast cancer data set.

From the figure 7.12, it is obvious that in the benign class there are more findings than in
the malignant class.

Analysis of the correlation among the features of the data set for breast cancer has been
performed. Figure 7.13 shows how features are correlated with each other.
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Figure 7.13. Correlation between features.

From the above figure 7.13, it can be seen that between the variables ’cell size uniformity’
and ’cell shape uniformity’ there is a strong positive correlation (0.91).

The fuzziness index number of all features of the breast cancer data set was calculated
and shown in the table 19.

Table 19. Features with their fuzziness index number.

Breast cancer data set Fuzziness Index Number

Mitoses 3.223662491420727e+02

Bare nuclei 3.025521786721899e+02

Normal nucleoli 2.902435244214290e+02

Marginal adhesion 2.798386872300661e+02

Cell size uniformity 2.775232031058360e+02

Cell shape uniformity 2.617379728589730e+02

Clump thickness 2.237402553872059e+02

Blnad chromatin 1.851833328399594e+02

Single epithe-
lial cell size

1.208947546602192e+02
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From the above table 19, it can be seen that only feature ’Bland chromatin,’ and ’Single
epithelial cell size’ have the smallest fuzziness index number so that we can consider them
as least relevant features.
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Appendix C: More analysis of Pima-Indian diabetes data set

Two classes was found in Pima-Indian data set depending on the presence of diabetes
among Indian women. The class distribution of the Pima-Indian data set can be seen from
the following figure 7.14.

Figure 7.14. Class distribution of the Pima-Indian diabetes data set.

From the above figure 7.14, it is obvious that there are more observations in class 1 than
in class 2. 35% measurements are in class 1, and 65% of measurements are in class 2.

Correlation analysis among the features of Pima-Indian data set was performed. Figure
7.15 illustrates how features are correlated with each other.
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Figure 7.15. Correlation between features.

It can be seen from the above figure (7.15) that between the variables ’pregnancies’ and
’age’ there are average positive correlation (0.54).

The fuzziness index number of all features of the Pima-Indian diabetes data set was com-
puted and given in the table 20.
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Table 20. Features with their fuzziness index number.

Pima-Indian data set Fuzziness Index Number

Insulin 3.227674525689122e+02

Skin thickness 2.655140267471564e+02

Blood pressure 2.625657078384939e+02

Body mass index 2.570384510167917e+02

Glucose 2.393637378725252e+02

Pregnancies 2.124403052053256e+02

Age 2.085856304493069e+02

Diabetes pedi-
gree function

2.038001865035220e+02

From the above table 20, it can be seen that the features ’Age,’ and ’Diabetes pedigree
function’ have the smallest fuzziness index number so that we can consider them as irrel-
evant features.
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