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Abstract— Data mining techniques have
been widely applied to extract knowledge
from medical databases. Data mining is
the search for relationships and global
patterns that exist in large databases but
are `hidden' among the vast amount of
data, such as a relationship between
patient data and their medical diagnosis.
Usually medical databases are high
dimensional in nature. If a training
dataset contains irrelevant and redundant
features (i.e., attributes), classification
analysis may produce less accurate
results. In order for data mining
algorithms to perform efficiently and
effectively on high-dimensional data, it is
imperative to remove irrelevant and
redundant features. Data pre-processing is
required to prepare the data for data
mining tasks to increase the predictive
accuracy. Feature selection is one of the
important and frequently used data
preprocessing technique for data mining
applications in medicine. This paper
illustrates, the application of feature
selection technique in medical databases,
will enable to find small number of
informative features leading to potential
improvement in medical diagnosis. It is
proposed to find an optimal feature subset
of the PIMA Indian Diabetes Dataset

using Symmetrical Uncertainty Attribute
set Evaluator and Fast Correlation-Based
Filter (FCBF). The approach is validated
by means of performance enhancement of
the Libsvm classifier.
Keywords— Data mining, Feature
selection,data preprocessing, predictive
accuracy,Symmeterical
Uncertainty
Attribute set evaluator, FCBF, Libsvm.
I. INTRODUCTION
Medical Data mining is the search for
relationships and patterns within the medical
data that could provide useful knowledge for
effective medical diagnosis. Extracting
knowledge from these health care databases
can lead to discovery of trends and rules for
later diagnostic tools. Consequently, the
predictability of disease will become more
effective and early detection of disease will
aid in increased exposure to required patient
care and improved cure rates [1]. Data
mining methods have been applied to a
variety of medical domains to improve
medical diagnosis [2]. Some include
predicting breast cancer survivability using
data mining techniques [3], application of
data mining to discover subtle factors
affecting the success, failure of back surgery
which led to improvements in care [4], data
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mining classification techniques for medical
diagnosis decision support in a clinical
setting [5] and the techniques of data mining
used to search for relationships in a large
clinical database [6].
Data from medical sources are
voluminous and are high dimensional. The
medical data are characterized by their
incompleteness (missing parameter values),
incorrectness (noise in the data), sparseness
(few and/or non-representable patient
records are available) and inexactness
(inappropriate selection of parameters for a
given task). In a real-world environment,
there are many possible reasons why the
inaccurate or inconsistent data occur in a
medical database, e.g., equipment mal
functioning, the deletion of data instances (or
records) due to the inconsistency with other
recorded data, not entering data due to
misunderstanding, considering the data as an
unimportant at the time of entry, etc. These
data characteristics need to be considered in
the design of analysis tools for prediction,
intelligent alarming and therapy support [7].
Much research work has focused on the
development of data mining algorithms that
can learn regularities in these rich, mixed
media data. Many factors affect the success
of data mining on medical datasets. If
information is irrelevant or redundant or the
data is noisy and unreliable then knowledge
discovery during training is more difficult.
Feature selection is the process of identifying
and removing as much of the irrelevant and
redundant information as possible [8].
Feature selection is often considered as a
necessary preprocess step to analyze these
data, as this method can reduce the
dimensionality of the datasets and often
conducts to better analysis [9]. Research
[10] shows that the reasons for feature
selection
include
improvement
in
performance prediction, reduction in
computational requirements, reduction in
data storage requirements, reduction in the
cost
of
future
measurements
and
improvement
in
data
or
model
understanding. Much research work in data

mining has gone into improving the
predictive accuracy of the classifiers by
applying the techniques of feature selection.
Feature selection techniques identify the
features that mostly improve the predictive
accuracy of the classifiers. Many authors
have reported improvement in the
performance of the classifier when feature
selection algorithms are used [11,12,13].
Two models of feature selection exist
depending on whether the selection is
coupled with a learning scheme or not
[14,15]. The filter model carries out the
feature subset selection independent of the
learning algorithm and the wrapper model
carries out the feature subset selection using
a learning algorithm to measure the
classification accuracy. In this research, we
propose a filter based feature selection
approach Symmetrical Uncertainty Attribute
set selector and FCBF (Fast CorrelationBased Filter) search to remove both
irrelevant and redundant features. FCBF uses
correlation measures for relevant and
redundant analysis [16]. From the remaining
features, we empirically evaluate the
classification effectiveness of Libsvm
Classifier [17] on the reduced feature set of
Pima Indian Diabetes [18] data set.
II. RELATED WORK
Medical applications of data mining
include prediction of the effectiveness of
surgical procedures, medical tests and
medications, and discovery of relationships
among clinical and pathological data [19].
Moustakis and Charissis’ work [20] surveyed
the role of machine learning in medical
decision making and provided an extensive
literature review on various ML applications
in medicine that could be useful to
practitioners interested in applying ML
methods to improve the efficiency and
quality of decision making systems in
medical
applications.
Data
mining
techniques have been applied to a variety of
medical domains to improve medical
decision making [2]. A comparison of
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different learning models used in Medical
Data Mining and a practical guideline how to
select the most suited algorithm for a specific
medical application is found in [7].
The importance of feature selection in
medical domain is found in [21]. Feature
selection has been an active and fruitful field
of research and development for decades in
statistical pattern recognition [22], machine
learning [23,24], data mining [25] and
statistics [26]. It has proven in both theory
and practice effective in enhancing learning
efficiency, increasing predictive accuracy,
and reducing complexity of learned results
[27,28,29]. In the presence of hundreds or
thousands of features, researchers notice
[30,31] that it is common that a large number
of features are not informative because they
are either irrelevant or redundant with
respect to the class concept. Feature selection
has found success in many applications like
text categorization [30], image retrieval [32],
genomic microarray analysis [31], customer
relationship management [33], and intrusion
detection [34].
Filter methods can be further categorized
into two groups, namely attribute evaluation
algorithms and subset evaluation algorithms,
based on whether they rate the relevance of
individual features or feature subsets [29].
Attribute evaluation algorithms rank the
features individually and assign a weight to
each feature according to each feature’s
degree of relevance to the target feature. Yu
and Liu (2003) [16] note that attribute
evaluation methods are likely to yield
subsets with redundant features since these
methods do not measure the correlation
between
features.
Subset
evaluation
methods, in contrast, select feature subsets
and rank them based on certain evaluation
criteria and hence are more efficient in
removing redundant features. A number of
experimental studies [29,14,35] have shown
that irrelevant and redundant features can
dramatically reduce the predictive accuracy
of models built from data. In the filter
approach, examples of evaluation functions
are probabilistic distance, interclass distance,

information-theoretic
or
probabilistic
dependence measures [36]. These measures
are often considered as intrinsic properties of
the data, because they are calculated directly
on the raw data instead of requiring learning
model that smoothes distributions or reduces
the noise [37].
Feature selection is one effective means
to remove irrelevant features [29].
Correlation is widely used in machine
learning for relevance analysis [16].
Researchers often resort to various
approximations to determine relevant
features (e.g., relevance is determined by
correlation between individual features and
the class) [38,16]. However, a single feature
can be considered irrelevant based on its
correlation with the class; but when
combined with other features, it becomes
very relevant. [28,14, 38] in their works
reported the existence and effect of feature
redundancy.
Supervised learning systems such as
classification have been successfully applied
in a number of medical domains, for
example, in localization of a primary tumor,
prognostics of recurrence of breast cancer,
diagnosis of thyroid diseases, and
rheumatology [39].
The Support Vector Machine (SVM) was
originally designed for binary classification
problems [40]. A support vector machine
(SVM) [41] is a popular and much applied
supervised machine learning method.
Support Vector Machines (SVMs),[42,43]
one of the most actively developed
classifiers in the machine learning
community, have been successfully applied
to a number of medical problems [44,
45,46,47,48].
For supervised learning, the primary goal
of classification is to maximize predictive
accuracy; therefore, predictive accuracy is
generally accepted and widely used as the
primary measure by researchers and
practitioners [35]. The performance of a
classifier can also be visualized by using a
Receiver Operating Characteristic (ROC)
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curve [4]. The performance of the classifier
before and after feature selection can be
evaluated based on the Area under the ROC
curve, abbreviated AUC [1].
III. DATASET
The experiments were performed on the
Pima Indian diabetes dataset from the UCI
(University of California at Irvine) machinelearning repository [18], which consists of
768 complete instances described by 8
features and a predictor class. The class
value 1 interpreted as "tested positive for
diabetes" is found in 268 numbers of
instances and class value 0 in 500 numbers
of instances. There is no missing data
present in the training dataset.

features, Sm. The total number of subspaces
is 2M.
The feature selection process consists of
two phases: In the first phase Symmetrical
Uncertainity, SUi,c, the measure of
correlation between the feature i and the
class C, is calculated for each feature. The
features whose SU value greater than a
threshold value δ are chosen to form a
feature subset Sbest, with the vales ordered in
the descending order of SU values.
In the second phase, Sbest is further
processed remove redundant features. Start
with the first feature to eliminate all features
that are redundant to it and keep only the
predominant ones among all the selected
relevant features.
Fi is chosen if fi is SU(Fi,C)≥SU(Fj,C)and
SU(Fi,Fj )≥ SU(Fj, C)

IV. OBJECTIVE/PROBLEM
DEFINITION
The objective of this research is to derive
the optimal feature subset for the PIMA
dataset that improves the performance of the
Libsvm classifier. It is advantageous to limit
the number of input features in a classifier in
order to have a good predictive and less
computationally intensive model. With a
small feature set, the explanation of rationale
for the classification decision can be more
easily realized. In the area of medical
diagnosis, a small feature subset means
fewer test and less diagnosis costs.
We propose to eliminate redundant and
irrelevant features of the PIMA diabetes
dataset
to
improve
the
predictive
performance of the Libsvm classifier. We
use Symmetrical Uncertainty (SU) with
FCBF search method to evaluate the worth
of a set of features by measuring the
symmetrical uncertainty with respect to
another set of features and to remove
redundant and relevant features. The
algorithm work as follows.
Given a N samples of data set with N
features and a class C, the feature selection
problem is to find from the M-dimensional
observation space, SM, a subspace of m

The symmetrical uncertainty is
calculated using the formula [50],

Where IG(X/Y) is
Information Gain [51],

the

measure

of

And

H(X) is the Entropy of a variable X

H (X/Y) is the Entropy of X after observing
values of Y.
V. EMPIRICAL STUDY
The objective of this section is to evaluate
the proposed approach by means of various
performance indicators.
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Experimental set up:
We used the Libsvm classifier and
symmetrical uncertainty
Attribute set
Evaluator and FCBF implemented in the
machine learning
library with Java
implementation “WEKA 3.5.2” [52] for our
experiments.
The experiments are
performed on the PIMA dataset.
To implement our proposed approach,
we used the RBF kernel function for the
Libsvm classifier as the RBF kernel function
can analyze higher-dimensional data and
requires that only two parameters, C and γ to
be defined [53]. Research [54] shows that
setting proper model parameters can improve
the classification accuracy of SVM. The grid
search approach [53] is used to find the best
C and γ.
The classification accuracy is evaluated
using 10-fold cross validation test. Crossvalidation involves breaking a dataset into 10
pieces, and on each piece, testing the
performance of a predictor build from the
remaining 90% of the data. The classification
accuracy was taken as the average of the 10
predictive accuracy values.
The performance of the proposed
approach is analyzed using two criteria: the
accuracy of the classifier and the area under
the ROC. The accuracy of the classifier is
calculated using the formula [55].
Accuracy = (TP + TN) / (TP + TN + FP +
FN)
Where TP: the number of true positives
(number of ‘YES’ patients predicted
correctly), TN: the number of true negatives

(number of ‘NO’ patients predicted
correctly), FP: the number of false positives
(number of ‘YES’ patients predicted as ‘NO’)
and FN: the number of false negatives
(number of ‘NO’ patients predicted as ‘YES’)
The performance of a classifier is
visualized by using a Receiver Operating
Characteristic (ROC) curve. The area under
the ROC curve (AUC) is used as a tool for
comparing the performance of the classifier
on the removal of each feature. The curve
that has a larger AUC is better than the one
that has a smaller AUC.
Experimental Results and Discussion:
The values of best C and γ obtained for
the PIMA dataset using grid search is 12.0
and 0.1 respectively.
The irrelevant and non-redundant features
are removed using Symmetrical Uncertainty
Attributeset Evaluator and FCBF search and
the selected features are ranked in the
decreasing order of SU values. The
experimental results show that the features
Glucose tolerance test, body mass function,
age and diabetes pedigree function are
selected as highly relevant and non-redundant
features. These features are used for the
classification purpose.
Table – I shows the performance of the
classifier before and after feature selection.
The performance of the classifier is evaluated
based on the Accuracy of the classifier and
the Area Under ROC Curve.

TABLE 1
PERFORMANCE OF THE CLASSIFIER BEFORE AND AFTER FEATURE SELECTION
Features
Used

True
Positive

False
Positive

True
Negative

False
Negative

No.of
correctly
classified
instances

No.of
Incorrectly
classified
instances

Accuracy

All features

152

116

443

57

595

173

77.474

4

156

112

443

57

599

169

77.9948
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The experimental results show that the
accuracy of the classifier has improved with
the removal of the irrelevant and redundant
features.
Another way of evaluating the
performance of a classifier is by the analysis
of the ROC curve. The area under ROC for
the whole set of features is 0.8344 and for
the optimal feature subset it is 0.83. The
results show that we could get the same
AUC for the whole set of feature sets and for
the reduced subset of feature. It is depicted in
Figure 1 and Figure-2.

research work attempts to emphasize feature
selection techniques in clinical decision
support tools could empower the medical
community to improve the quality of
diagnosis through the use of technology.
The proposed Symmetrical Uncertainty
and FCBF feature selection approach
produces a feature reduction of 62.5%. The
accuracy of the classifier slightly improves.
In medical domain, it is desirable the feature
selection improves classification accuracy,
but it is appreciable with reduced number of
features if we could get the same
classification accuracy as the whole set of
features as reduction in the features means
diagnosis with less number of tests the
patient should undergo.
The approach is simple and effective and
augments
the
argument
simple
methodologies are better for medical data
mining.
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