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Abstract

From long ago, decision support systems (DSS) as a vital tool in many
industrials is considered by decision-makers. These systems can aid managers in
making better decisions by collecting and interpreting data. Medical decision
support systems (MDSS) have critical role in medical practice. They can help
physicians for improving the quality of medical diagnosis. Classifiers as main core
of MDSS systems play an important role in improving their performance. This paper
presents an unsupervised learning-based real time classifier which is able to
perform recognizing medical patterns with proper precision and speed. In the
training phase, the proposed classifier is capable to obtain reference models related
to classes using synergic clustering technique and finding the frequency of
attributes. In order to evaluate efficiency of the proposed classifier, the UCI datasets
including breast cancer (WBCD), liver disease (ILPD) and diabetic disease (PID)
are applied. The obtained results indicate the effectiveness of the proposed method.
Keywords: Medical Decision Support Systems (MDSS); Machine Learning; Classifier; Clustering
3.

1. Introduction
From the past, pattern recognition as one of the most important issues in the field of
machine learning is interest to researchers and scholars[1, 2]. Indeed, pattern
recognition is a mechanism in which a machine is able to discriminate desirable patterns
from a set of patterns using prior knowledge about them. Pattern recognizing systems
include two phases: training and testing. In the training phase, machine trained on a set
of patterns to partition feature space way that maximize the discrimination ability to
make proper models. In testing phase, the trained machine can assign an unknown
pattern to one of the classes. Pattern recognition has become an important problem in
wide variety of fields such as medicine[3-6], biology[7, 8], audio[9] and image
processing[10, 11], marketing[12] etc.
Up to now, several methods for pattern classification have been presented. Famous
methods such as naïve bayesian (NB)[13], k-nearest neighbor (KNN)[14], support
vector machine (SVM)[15], artificial neural networks (ANN)[16] and decision tree
(DT)[17] are some of them. Among the most important problems of these methods can
address to high time complexity of training and testing phases as well as low accuracy
which is not suitable for many applications such as medical field, in which time and
accuracy are two important factors.
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In this paper, a new fast classifier based on unsupervised learning is presented which
is able to perform medical pattern recognition with proper speed and accuracy. The
proposed approach, in the training phase, is able to make proper reference models using
synergic clustering technique and finding the most frequent features for applying in
recognition phase. The efficiency of the proposed classifier is evaluated by WBCD,
ILPD and PID UCI datasets[18].
The structure of the paper is organized as following: in section 2, the proposed
method is presented; in section 3 the experimental results are shown; finally, the paper
end by conclusion.
2. The Proposed Method
In this section, the details of the proposed method for classifying medical patterns are
presented. The proposed approach includes two phases: training and recognition phases
which their details are introduced in the following.

2.1 Training Phase
The main purpose of this section is finding reference models related to classes and
consists of several steps. For this purpose, at first, the normalization of patterns in
interval [0 1] are carried out by Eq.1:
(1)
th

th

where xi is i feature,
are the maximum and minimum of i feature,
and
respectively.
In the following, the normalized patterns are partitioned into K clusters using Kmeans algorithm. In order to reduce the dimensions of the patterns, vector quantization
is carried out. Moreover, it is determined that each class consists of what unique
clusters. In the next step, for each one of classes, two matrixes Max_Freq and Min_Dist
are calculated. Max_Freq matrix represents the most repeated observations (winners) in
the each of pattern features. The shortest distance between the winner observations and
training patterns is countered as Min_Dist matrix. It should be mentioned that for each
class, the unique clusters, winner observations and the shortest distance are considered
as class reference model. Pseudo code of the proposed training is illustrated in Figure 1.
Procedure of Proposed Training(Inputs Dataset, Output: Max_Freq Min_Dist Matrixes, Unique_Cluster)
Begin
% Pre-processing
Normalize Dataset between [0 1
Codebook= Clustering pre-processed Dataset in to K clusters based on K-means method;
X= Vector Quantization(pre-processed Dataset, Codebook);
New_Dataset= Numeric Quantization(X,0,255);
% Determining unique clusters of classes
For i= 1 to no_classes
Computing unique clusters of classes, Unique_Cluster(i);
End;
% Calculating of Reference Models
For i= 1 to no_class
For j= 1 to no_featurs
For k= 1 to no_frequenceis
finding frequency matrix Max_Freq(i,j,k) related to kth frequency of jth feature of ith class;
End;

80

Journal of Advances in Computer Research

(Vol. 8, No. 3, August 2017) 79-85

End;
End;
For i= 1 to no_class
For j= 1 to no_featurs
For k= 1 to no_frequencies
Computing minimum distance matrix Min_Dist(i,j,k) via Max_Freq(i,j,k) entity and jth feature of ith class
End;
End;
End;
Return class reference models Unique Cluster, Max_Freq and Min_Dist;
End;

Figure 1. Pseudo code the proposed training method

2.2 Recognition Phase
This section discusses how to classify unknown testing patterns by synergistic set of
calculated obtained reference models. For this purpose, at first, preprocessing operation,
involving normalization and vector quantization is performed on the inputted test
pattern. In the following, it is checked whether it is belong to unique clusters or not. If
belong, the label of the inputted pattern is determined, easily. Otherwise, the label is
determined using Max_Freq and Min_Dist matrixes based on the least amount of
distance. Flowchart of the proposed testing method is shown if Figure 2.

Figure 2. Flowchart of the proposed recognizing method

81

N. Hosseinpour, A. Ghaseimi

Presenting a Fast Classifier Based on…
3. Experimental Results

3.1 Dataset
In order to evaluate the proposed method, three datasets of UCI repository including
Wisconsin Breast Cancer Dataset (WBCD), Indian Liver Patient Dataset (ILPD) and
PIMA Indian Dataset (PID) are used. Dataset details are shown in Table 1.
Table 1.Description of used datasets.
Dataset
WBCD
ILPD
PID

#. of instances
699
583
768

#. of patient
458
416
500

#. of non-patient
241
167
268

#. of attributes
10
10
8

3.2 Evaluation Metrics

Confusion matrix is useful tool that can be used to evaluate performance of the
proposed method. Confusion matrix for two classes is illustrated in Table 2.
Table 2.Confusion matrix for positive and negative records
Actual Class

Predicted Class

Positive
Negative

Positive

Negative

True Positive(TP)
False Positive(FP)

False Negative(FN)
True Negative(TN)

True Positive (TP) indicates positive records that are correctly classified while True
Negative (TN) demonstrates negative records that have been property classified.
Moreover, False Positive (FP) shows negative records that falsely classify while False
Negative (FN) indicates positive records that have been incorrectly classified. Accuracy
is a measure that indicates the percentage of records which were correctly classified.
Also, sensitivity and specificity are two other important measures that are used for
evaluating performance classifier. The sensitivity is referred to TP rate while the
specificity indicates TN rate.
(

(

)

(2)

)

(3)
(4)

It should be mentioned the proposed method has been implemented by MATLAB
software.
3.3 Results

The evaluation results of the proposed method on breast cancer, liver disease and
diabetes datasets by accuracy, specificity and sensitivity metrics has been shown in
Table 3.
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Table 3.Evaluating the proposed method in 2-fold, 4-fold and 10-fold cross validations
Dataset
WBCD

ILPD

PID

Metrics
Sensitivity
Specificity
Accuracy
Sensitivity
Specificity
Accuracy
Sensitivity
Specificity
Accuracy

2-Fold
98.23
89.56
95.30
72.47
48.61
66.32
71.26
83.76
79.54

4-Fold
97.70
88.21
94.26
75.13
32.84
62.41
71.64
85.24
80.50

10-Fold
98.03
91.50
96.76
77.20
41.58
66.68
74.32
85.45
81.51

As shown in Table 3, the best performance of the proposed method is in 10-fold
cross validation that for WBCD, ILPD and PID datasets are 96.76%, 66.68% and
81.51%, respectively.
Also, the proposed method is comprised with three efficient classifiers SVM, KNN
and DT. The obtained results have been illustrated in Table 4.
Table 4.Comparison of the proposed method accuracy with SVM, KNN and DT classifiers in 10-flod
SVM
KNN
Decision Tree
The proposed method
Dataset
WBCD
ILPD
PID

Max
97.01
80.71
70.67

Min
56.73
56.16
57.34

Avg
87.16
65.10
64.01

Max
98.5
71.24
73.34

Min
94.03
49.50
60.01

Avg
95.82
62.12
68.81

Max
100
80.71
80

Min
92.54
59.16
60.01

Avg
96.16
67.10
72.40

Max
100
71.13
83.20

Min
92.64
57.05
68.10

Avg
96.76
66.68
81.56

Moreover, up to now several classifiers for disease diagnosis have been presented. In
the following, we compare our method with some of them. The comparison results are
shown in Table 5.
Table 5.Comparison of the proposed method with related works for WBCD, ILPD and PID datasets
Dataset

WBCD

ILPD

PID

Reference

Method

Accuracy (%)

S. Bashir et al.[19]
J. Abonyi and F. Szeifert[20]
A. AKGÜNDOGDU[21]
The proposed method
S. Bashir et al. [19]
S. Karthik et al[22]
F.Wang et al. [23]
The proposed method
S. Bashir et al.[19]
M. F Ganji and M.S. Abadeh[24]
M. W Aslam and A. K Nandi[25]
The proposed method

HMV
Supervised fuzzy clustering
Genetic Programming
Unsupervised learning
HMV
Back Propagation
Triplet-SVM/Doublet-SVM
Unsupervised learning
HMV
Fuzzy-ACO
Genetic Programming
Unsupervised learning

96.71
95.57
96.60
96.76
67.54
61.5
64.84/67.9
66.68
77.08
79.48
78.50
81.51

4. Conclusion
In this paper, a new real time classifier based on unsupervised learning is suggested
which is able to done medical pattern recognition with proper speed and accuracy. The
proposed scheme, in the training phase can make proper reference models using
synergic clustering technique and finding the most frequent features for applying in
recognition phase. The performance of the proposed method is evaluated by WBCD,
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ILPD and PID datasets. The experimental results show the accuracy of the proposed
method on WBCD, ILPD and PID datasets is more than 6% better than average of other
mentioned classifiers.
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