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ABSTRACT

Overlapping region is a region in data where at least two different classes Ca and Cb simultaneously exhibit
probability densities greater than zero. Overlapping problem has been a serious problem in classification system
shown to have negative effect on the performance of even re-known classifiers by several researchers.Neural
network is very poor in representing uncertainty as well as having uninterpretable black-boxes, lacking in
transparency, difficult to trust. It is therefore pertinent to develop a system to work making use of neural network to
effectively handle cases of non-linear decision boundaries poised with overlap problem amidst the varied causes of
overlapping problems in datasets as well as augment it with transparency and trust metric so as ensure that it is
interpretable to an extent. Object Oriented Analysis and Design Methodology was used while the implementation
was done using WEKA and Java on a Netbeans platform. Experimental results show that Neutrosophic-Based
Bayesian Neural Network ([NBBNNS) with an accuracy of 96.41% using a confusability measurement threshold of
0.003278 performed better than the conventional Neural Network had an accuracy of 72.45% using ILPD dataset;
Accuracy of 100% was observed for both Wine and Iris datasets respectively. Our system was also used to
differentiate between ILDP positive instances and Hepatitis Positive instances shown to have concept overlapping
problem with accuracy of 97.30%.This clearly shows that Neutrosophic-Based Bayesian Neural Network (BNNS) is
a promising classifier or system for classification of datasets prone to overlap problems.
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1. INTRODUCTION

Classification has been extensively used in statistical literature and machine learning as well as in data mining and in
each of these cases they are either referred to as discrimination or supervised learning. Classification is traditionally
seen as a process of building a function or a rule from a training data and uses these rules to designate new data into
their respective groups. Several classification algorithms have been developed and have been successfully applied to
many domains but as good as they are, researchers are still seeking ways to maximizing or optimizing their
classification performance in relation to practical implementations. Class imbalance when considered in a two class
dataset, is a situation where one of the classes is heavily under-represented in comparison to the other class otherwise
known as the majority one.

The concept of class imbalance has attracted a lot of researchers’ attention because of the cost associated to
misclassification of examples from the minority when considered in a real life environment. Maximizing the accuracy is
not an easy one in real world data where one class might be represented by a large number of examples while the
other is underrepresented owing to the fact that they have fewer examples such as Hepatitis Positive patient in Niger
Delta, oil spill detection, fraud detection, network intrusion to mention a few. Most classification algorithm or techniques
try to minimize the total misclassification error rate which is mostly attributed to cases of overlapping between the two
classes. They ignore the differences between types of misclassification error in particular and they assume that all
misclassification error cost equally.

The remainder of this paper is organized as follows: Section 2 gives a literature review of the overlap problem in data
classification. Section 3 describes the theoretical concepts underlying the proposed system. Section 4 presents the
experiments and evaluation. Conclusion and future work are given in the final section.

2. LITERATURE REVIEW

Class overlap has been touted by researchers in machine leaming to have negative impact on the classification
performance of various classifiers with varying magnitude. Class overlap region S €R, in an n-dimensional feature
space Rycan be described as a region where at least two different classes C,and Cpsimultaneously exhibit probability
densities greater than zero, i.e., P(x|Cs) > 0 and P(x|Cy) > 0, Vx €Sand a=b as opined by Kretzschmar et al (2003).
There has been a natural quest by researchers to uncover the hidden patterns that may be overlapped with data from
two different classes. According to Haitao et al (2013), the overlap problem is handled using two perspectives known
as sample overlapping and concept overlapping perspective.

i.  Sample overlapping- This is a micro view pojnt where some sample from one class have similar characteristics
or overlap with samples from the other clags in feature space.

ii.  Concept overlapping- This is a macro viewpoint where samples from one class and the other class have
overlapping region in the feature space.

Several research works have pointed out that performance degradation is not solely dependent on class imbalance;
rather it depends on other complexities. Japkowicz (2000) opine that in case of feed forward neural networks, class
imbalance does hinder its performance especially when the data complexity increases. As a continuation of that,
Japkowicz and Stephen (2002) discovered that as the level of data complexity increases, the class imbalance factor
begins to affect the generalization capability of a classifier. Japkowicz (2001) also identified the distribution of the data
within each class. Other factors are also identified such as small disjuncts by Weiss and Provost (2003), data
duplication as identified in the work of Kolez et al (2003), and the reason for this research work is the identification of
density and overlap complexity as a factor by Visa and Ralescu (2003).
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Prati et al (2004), opined that although there is no direct relationship or correlation between performance degradation
and class imbalance rather they pointed out that the degradation of performance of classifiers is related to other factors.
In line with the work of Prati et al (2004), Okamoto and Yugami (2003) opined that size of data set is one of such
factors.

Mazurowski et al (2008) investigated the effect of class imbalance in training data when developing neural network
classifiers for computer aided medical diagnosis and showed that classifier performance deteriorates in a class
imbalance environment or scenario. They stressed that uncertainty and imprecision are the striking problem in
developing expert systems in medicine. Garcia et al (2008) analyzed the influence of overlapping for the learning ability
of KNN classifiers in imbalanced classification and opined that the main problem is the separability between the classes
rather than just the skewed distribution. Denil and Trappenberg (2010) examined the effects of overlap and imbalance
on the complexity of the learned model and demonstrated that overlapping is a far more serious factor than imbalance
in this respect. They opined that these two problems acting in concert cause difficulties that are more severe than one
would expect by examining their effects in isolation. In order to do so, they used synthetic datasets for classifying with
a SVM where they vary the imbalance ratio, the overlap between classes and the imbalance ratio and overlap jointly.
Their results showed that when the training set size is small, high levels of imbalance cause a dramatic drop in classifier
performance, explained by the presence of small disjuncts.

Overlapping classes causes a consistent drop in performance regardless of the size of the training set. However, with

overlapping and imbalance combined, the classifier performance is degraded significantly beyond what the model
predicts. Luengo et al (2011) empirically extracted some interesting findings on real world datasets. Specifically, they
depicted the performance of the different datasets ordered according to different data complexity measures (including
the Imbalance Ratio) in order to search for some regions of interesting good or bad behaviour. They could not
characterize any interesting behaviour related to Imbalance Ratio, but they did for other metrics that measure the
overlap between the classes.

2.1.Theoretical Framework:

Central to the proposed algorithm is the machine learning algorithm called neural networks which is used for the
classification task after the suitable number of features have been selected through the feature selection component;
though in this system, feature selection was not used. The distributions of each of the instances are actually calculated
in order to determine the reliability metric to measure the indeterminacy in the datasets. The varied pattern and values
are analyzed and a suitable threshold is used to adequately classify the instances into their respective classes.

2.1.1 Neural Network and Bayesian Neural network:
This is a black box supervised learning algorithms used widely in designing and programming several intelligent
systems whose working principle is in tandem with natural biological neurons. Neural network are based on simulated
neurons which are joined together in a variety of ways to form networks. Neural network resembles the human brain in
the following two ways: -

a) A neural network acquires knowledge through learning

b) Neural networks knowledge is stored within the interconnection strengths known as synaptic weight.

Networks are typically organized in layers. Layers are made up of a number of interconnected nodes which contain an
activation function. Patterns are presented to the network via the input layer, which communicates to one or more
hidden layers where the actual processing is done via a system of weighted connections. It should be noted that neural
network is very poor in representing uncertainty as well as having uninterpretable black-boxes, lacking in transparency
and difficult to trust.
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Instead of considering a single answer to a question, Bayesian methods on the other hand allow us to consider an
entire distribution of answers. With this approach we can naturally address issues like: - regularization (over fitting or
not), - model selection / comparison, without the need for a separate cross-validation data set. With these techniques
we can also put error bars on the output of the network, by considering the shape of the output distribution p (y|D).

2.2. Neutrosophic Logic and Fuzzy Logic

It is an open truth that scientists in the quest to unravel the underlying course and effect of any phenomenon have
always look for typical and normal phenomenon but Medical sciences is however orthogonal in this regard as it looks
into atypical, abnormal and morbid phenomenon. It is the central purpose of medical science to finding a law or relation
for these abnormal, atypical and sometimes morbid phenomena in order to characterize such situations. Ludwik Fleck
(1896-1961), a polish philosopher and physician was the first to notice this and rightly presented it in his book titled
“Genesis and Development of a scientific fact” in 1926. He opined that there are some specific features of the medical
way of thinking. He also went further to state that there was no sharp border between these phenomena. Smooth
transitions in the space of diseases feed from one phenomenon and very small variations could be the reasons that
the physician diagnoses a patient’s with x instead of y.

It is an established conception that physician tends to rely on experience and intuition and not on rational and strong
rules to deduce from the patients’ data to a disease. Fuzzy logic proposed by Lofti Zadeh on the other hand deals with
the notion of degree of belongingness in which value ranges between 0 and 1 or true or false respectively. The degree
is expressed as the membership function of a mapping from a set A to the interval [0,1] using a linguistic variable.
Membership function denoted by As(x) represents a unique fuzzy set S. This logic is quite different from previous logic
theory because rather than considering the categorical boundaries of 1 and 0 only for classes, it seeks for the degree
of membership into the respective classes or sets. If the value is 0, it means that the element does not belong to the
fuzzy set S, otherwise 1, which means that it belongs fully to the fuzzy set S.

As(x): X—30, 1] 2.1

Zadeh (1999) stated that “In a given pathology, denoted by S a set of symptoms, D a set of diagnoses and P a set of
patients. What we call medical knowledge is a fuzzy relation, generally denoted by R, from S to D expressing
associations between symptoms or syndromes, and diagnoses or group of diagnoses”. The Neutrosophic Logic
proposed by Smarandache (1995) is an extension of fuzzy logic which ensures that in addition to the membership to
truth and falsity as presented in Zadeh's fuzzy logic, it caters for issues of uncertainty, ambiguity, redundancy,
imprecision, undefinedness, unknown, incompleteness and other varied meanings of indeterminacy. It is a logic in
which each proposition is estimated to have the percentage of truth in a subset T, the percentage of indeterminacy in
a subset |, and the percentage of falsity in a subset F, where T, |, F are defined above, is called Neutrosophic Logic. A
Neutrosophic set A in X is characterized by a truth membership function TA, an indeterminacy- membership function
|A and a falsity-membership function FA. TA(x), IA(x) and FA(x) are real standard or non-standard subsets of]-0, 1+ [.

2.3 Class Conditional Density Functions

The probability distribution is defined as a function over general sets of values, or it may refer to the cumulative
distribution function. Probability density functions have been used in statistics and probability theory for the density of
continuous variables whose value at any given time in the set of possible values taken at random can provide a relative
likelihood that the value of the random variables would equal that sample. To put it in a more simple form, while the
absolute likelihood from a continuous variable to take any particular value is 0, the value of the PDF at two different
samples can be used to infer, in any particular situation or event of a random draw of the variable, how much likely it
is that the random variable would equal one sample compared to the other sample.
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This PDF is used to specify the probability of any sample falling into any class of the dataset as opposed to only one
class. The PDF over the entire dataset or sample space is equal to 1.

3. METHODOLOGY

The use of effective and appropriate methods in facilitating projects enhances effectiveness and efficiency. The method
applied in this study is the use of Object Oriented System Analysis and Design method (OOAD) where an existing
system is studied from the perspective of objects and similar objects are grouped as classes; their properties are
handled as fields while their behaviors are treated as the actions or methods within the same bundle of object. The
choice of this methodology is clear since it is a method developed in Software Engineering during the last decades to
develop computational models of reality and it is a type of tool needed when one deal with the development of complex
computational applications.

3.1. Data Collection

Collection of quality data is an indispensable aspect of machine learning. This research work made use of data from
online database(www.uci.com) which are available publicly which are collected from good research environment and
have undergone proper organization ethics approval processes and available freely for research purposes. There is
an inherent advantage in the use of this publicly available database which is the ability to make comparison between
our methods and the existing methods by using the same dataset.

Dataset

We had earlier seen from literature that overlap of data has negative impact on the classification performance of data
making the performance of good classifier to go south. Therefore we tried our model on well-known overlap poised
datasets which are based on sample overlapping such as Iris, Wine and ILDP so as to validate our model against the
datasets which were used in existing systems. The datasets used in this work are presented in Table 1 below.

In view of evaluating and validating our proposed model for classifying overlap datasets based on concept overlapping,
two disease datasets from UCI standard datasets whose attributes show considerable overlap and confusing in terms
of diagnosis to a novice physician were used. The first dataset is Liver disorder dataset (ILPD) which contains 583
instances of 11 attributes/symptoms classified as either patient or non-patient while the second one is Hepatitis which
contains 155 instances of 20 attributes classified as either DIE or LIVE. These datasets are downloaded from the
University of California at Irvine website (www.uci.com).

Table 1: Datasets Used in this Study

Name No. of Classes No. of Features Feature Type Size of Samples
Diabetes 2 8 Numeric 768
Hepatitis 2 19 Numeric 155

Iris 3 4 Numeric 150
Liver Disorder 2 10 Numeric 583
Wine 3 13 Numeric 178
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3.2: Architecture of the Proposed System

]
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1
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based
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Measurement k—J

Two Class Bayes 1
I  Neural Network :
1
1
1

(Class I NN and
Class Il NN)

e

Knowledge

Inference

L

Base

System Recommendations

Fig 1: Proposed system

3.3 Algorithm of the Proposed System

The algorithm for the proposed is composed of four phases, which are Phase | (Feature Selection-optional) shown

in Figure 2, Phase II( Network training phase) is shown

in Figure 3 while Phase Ill( Confusability Measurement) and

Phase IV (Testing Phase) is shown in Figure 4 respectively.

Feature Selection

(optional):

Fitness i=1/error

features( i)
b. Go to step 2, and

Step 1: Generation of initial features, fitness at i=fitnes (i) where i=0
Step 2: Perform cross over operation on the features

Step 3: Perform mutation on them

Step 4: feed the features into the two neural networks

Step 5: Calculate the fitness value by Error=Target-output;

Step 6: Evaluate fitness in order to select features—

a. Iffitness(i)<fitness( i+1), take features( i+1) else take

fitness is reached

increment i to i+1 until maximum

Fig. 2: Phase I-Pseudo code for feature selection
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Neural Network Training Phase:

Step 7: The values of selected features in Step 6 should be
fed into neural network (Class | and Class Il NN)

Step 8: Calculate the Error=Target-Output for both the
Class | and Class Il which is denoted by etand effor
all feature vectors —feature (N) for every instance

Step 9: Calculate the local gradient for nodes in each netw

Step 10: Calculate the hidden error of the network;

Step 11: Adjust the weights of the network using the learning

rule until Learning is complete.

Fig. 3: Phase lI-Pseudo Code for neural network training phase

Confusability Measurement:

Step 12: Get the degree of belief in Class | denoted as Pr(Class 1/X)

Step 13: Get the degree of belief in Class Il denoted as Pr(Class II/X)

Step 14: Calculate Confusability Measurement = 1-|Pr(Class 1/X)- Pr(Class II/X)|
Step 15: Determine the threshold CM from the validation data.

Testing phase:

Step 16: Test the system putting CM and the complexity measurement from

the test data into consideration.

Fig. 4: Phase lll and IV- Pseudo code for confusability measurement and testing phase
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4. EXPERIMENT AND RESULT ANALYSIS

The Neutrosophic logic enable our proposed system to have a reliability metric which would act as a diagnostic
criterion for data samples or points to be definitely included or definitely excluded in non-linear decision boundary
cases. This metric quantifies any neutralities or inherent form of uncertainties or indeterminacy that can have negative
impact in such classification. Thus the quantified indeterminacy is utilized to know the extent of quality in any
predicted instance and ultimately improve the classification performance.

4.1. Neural Network Implementation Properties
The neural network properties used in this research are presented as follows:

+¢ Input Neurons: The number of neuron is determined by the number of attributes for any datasets being
considered. For example for Iris dataset we have four input neurons. The confusable disease diagnosis of
ILPD and Hepatitis is made of 23 neurons being the set of features of both diseases.
Hidden Neurons: The number of chosen hidden neurons is 3
Learning Rate: We chose a learning rate of 0.1 for the datasets except Hepatitis dataset which is 0.3 after
careful experimental analysis
Momentum: We chose a momentum of 0.2 after careful experimental analysis
Epoch: An epoch of 2000 was chosen as it gives a low training error for Iris and Wine dataset, while an
epoch of 1750 was used for Hepatitis, Liver Disorder (ILPD) and Diabetes. The elbow method is used.

7
°

7
X4

L)

°

0‘0

In the training procedure, the methods mentioned in algorithm is used to train the neural network, calculates the
parameter of the sigmoid functions, correction models and estimate the threshold values of confusability
measurement from validation instances which is consequently used for the testing instances.

In the testing procedure, for each instance, the confusability measurement is obtained from which a suitable threshold
for confusability measurement is determined and used for assigning the class labels accordingly.

4.1.1 Machine Learning Software Implementation Tools

The java technologies are fast becoming one of the suitable machine learning enabled programming languages due
to its vast arrays of machine learning supporting libraries that can be used with it such as weka.jar and encog.jar,
just to mention a few.

The implementation tools used are:

1. Netbeans 7.3 Integrated Development Environment (IDE)

2. WEKA jar (Waikato Environment for Knowledge Analysis version 3.8.1)

3. jcommons.jar,jmathplot.jar,jama.jar,jfreechart.jar

With the aid of these libraries, machine learning capability is infused into the java platform. A training set of 416
instances obtained from the UCI dataset of Indian Liver Patient Dataset was used and the system mean square error
was recorded. A test data of 167 which represents 30% of the dataset is used to test and study the performance of
the system by presenting the test pattern.
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4.2. Experimental Results and Analysis

There are two basic ways or approaches in class overlaps which also result in class confusability as opined by Haitao
et al (2013) which are sample (Internal) and external (Concept). The internal exists within a datasets while the
external exists between two different diseases or datasets. Our existing systems considered internal confusability in
datasets making use of some re-known datasets poised with high overlaps.

Our proposed system was evaluated and/or validated using datasets that show high confusability internally. Some
of such datasets that are known to be highly overlapping and were also used in our existing systems are Iris, Wine,
Diabetes, and Indian Liver Patient datasets taken from our existing system in order to compare their performance.
The result of our proposed system using the various datasets considered is shown in Table 2 while the bar chart of
the result in shown in Figure 5.

Table 2: Result of Our Proposed System (NBDSS) on Various Datasets Considered

Dataset Author Methods F-measure Accuracy

Iris Our work NBDSS 1.0000 100%
(Our Model)

Wine Our work NBDSS 1.0000 100%
(Our Model)

Diabetes Our work NBDSS 0.8100 NA
(Our Model)

ILPD Our work NBDSS 0.9462 96.41%
(Our Model)
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Fig 5: Performance analysis of proposed system using the various datasets
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4.2.1 Performance Analysis of the Result of Our Proposed System with Existing Systems
The summary of the dataset alongside their performance results is clearly shown in Table 3 in order to assay the
performance of our proposed system while the bar chart of the table is shown in Figure 6.

Table 3: Summary of our Results in Relation to the Overlap Datasets of Existing Systems

Dataset Author(s)/Date Methods F-Measure Resampling
Iris Sharma et a/(2016) K-NN 0.9609
Sharma et al(2016) C4.5 0.8900
Sharma et a/(2016) Naive Bayes 0.9400
Sharma et a/(2016) SVM 0.9504
Sharma et al(2016) Neural Network 0.9523
Our work NBDSS 1.0000
Haitao et al(2013) K-NN 0.9790
Haitao et al(2013) C4.5 0.9320
Wine Haitao et al(2013) Naive Bayes 0.9980
Haitao et al(2013) SVM 0.5790
Haitao et al(2013) CANB 0.9790
Our work NBDS 1.0000
Sharma et a/(2016) K-NN 0.6330 No
Sharma et a/(2016) C4.5 0.5455 No
Sharma et al(2016) Naive Bayes 0.2000 No
Sharma et a/(2016) SVM 0.6222 No
Sharma et a/(2016) Neural Network 0.6349 No
Diabetes Haitao et al(2013) Naive Bayes 0.9980 Yes
Haitao et al(2013) CANB 0.9790 Yes
Haitao et al(2013) SVM 0.5790 Yes
Haitao et al(2013) C4.5 0.9320 Yes
Haitao et al(2013) K-NN 0.9790 Yes
Our work NBDSS 0.8100 No
ILPD Our work MLP 0.5925 No
Our work NBDSS 0.9462 No
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Fig. 6: Performance Analysis of the Result of Our Proposed System with Existing Systems

4.2.2 Result of Our Proposed System on External Overlapping (ILPD /Hepatitis Datasets)

It has been adequately pointed out that there is external confusability between Liver Disorder (ILPD) and Hepatitis. Our
proposed system was also tested using this confusable disease to demonstrate the effectiveness of the proposed
system in effectively diagnosing confusable disease. The performance result using the traditional Multilayer perceptron
neural network is shown alongside our proposed system in Table 4 while Table 5 shows the comparative performance
of the proposed system with the existing system of Mohammed et al (2015).

Table 4.8: Performance Comparison using the Proposed Model and Traditional Approach (MLP) for
Diagnosing Confusable Disease (Indian Liver Patient Dataset/Hepatitis)

Properties Traditional Approach(MLP) Our Proposed Model
Class 1 Class 2 Class 1 Class 2

Correctly classified 41 32 39 36

Incorrectly 0 5 2 1

classified

TP rate 1.0000 0.8650 0.9487 0.9722

FP Rate 0.1350 0.0000 0.0278 0.0513

Precision 0.8910 1.0000 0.9750 0.9474

Recall 1.0000 0.8650 0.9487 0.9722

F-Measure 0.9430 0.9280 0.9618 0.9596

Accuracy 93.5897% 96.15%

Weighted F- 0.935 0.9607

measure
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Table 5: Result using the Proposed Model for Diagnosing Confusable Diseases and Existing Technique

of Mohammed et al (2015)
Dataset Authors Methods Accuracy No. Overlap
of Attributes
Attributes
BUPA Mohammed et al K-means 0.9943 25 2
+ (2015) clustering
Hepatitis +
SVM
BUPA Our work NBDSS 1.0000 25 2
+
Hepatitis
ILPD MLP Traditional 0.9360 22 6
+ (our work) Neural Network
Hepatitis
(ILPD) Our work NBDSS 0.9704 22 6
+
Hepatitis
1 0.9943 1 A
0.99 ccuracy
0.98 1
097 H— 0.9704
096 +1 I 1

095 + |
094 +H |
093 +1 |

0.92 T

091 +1 |

— | e
0.9 -
K-Means +SVM .

NBDSS Using BUPA

Traditional Neural Wéwglbsing ILPD

Accuracy
D

N

Fig 7: Performance comparison of confusable disease diagnosis
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Fig. 8: Graph showing the comparative performance of the proposed model to the traditional model in terms
of correctly and incorrectly classified instances

4.3 Discussion of Results

This section discusses the results of the various experiments done using our proposed model in relation to the
various datasets.

4.3.1 Internal Confusability

Internal confusability is as a result of internal overlapping within classes of the same dataset. The datasets shown

from research of existing systems to be overlapped and confusing are Iris, Wine, Diabetes, and Indian Liver Patient
Dataset whose results are also given in the result section.

(a) Discussion on Iris

The iris dataset has three classes where one of them, Iris-Setosa, is linearly separable from the other two while Iris-
Virginica and Iris-Versicolor show considerable amount of overlap. Our model was tested using the dataset of Iris-
Virginica and Iris-Versicolor. The predictions of the dataset as well as the confusability measurement for all the testing
instances are shown in Table 6. It is observed from the table that the confusability measurement of Iris-Virginica is
higher than Iris-Versicolor and as such using a threshold of 0.0089 to separate the two classes.

Using the confusability measurement threshold of 0.0089, our proposed model recorded a superlative performance of

ROC (AUC) of 1(unity) as well as a high specificity and sensitivity with an F-measure of 1 as presented in Table 6.
Thus the proposed system performed excellently well when compared to existing systems as presented in the results.
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[ £ Prediction table L= | B |G|

Index | Actual Predicted Error | cma

£ 0.0 0.0 0.008483625022 . .
2 0.0 0.0 0.00B597336281...
3 0.0 0.0 0.008609725244 .
4 0.0 0.0 0.008481 772364,
5 0.0 0.0 0.008602525524 . ..
3 0.0 0.0 0.008508532346. ..
T 0.0 0.0 0.008719027758...
a 0.0 0.0 0.00B8248707470. .
9 0.0 0.0 0.008438132351...
10 0.0 0.0 0.00B625578319 ..
11 0.0 0.0 0.008234889176...
12 0.0 0.0 0008641878535, ..
13 0.0 0.0 D.00B8185616481...
14 0.0 0.0 0008578355388 ..
15 0.0 0.0 0.008478415060...
16 1.0 1.0 0.0097F6145027F0. ..
17 1.0 1.0 0.009109925152. .
18 1.0 1.0 0.009273918287...
19 1.0 1.0 0.0029060988095. .
20 1.0 1.0 0009404838275, ..
21 1.0 1.0 0.009510573862...
22 1.0 1.0 0.0028988017482...
23 1.0 1.0 0.009267976482. .
24 1.0 1.0 0.002112681138...
25 1.0 1.0 0.0096548493080. ..
26 1.0 1.0 0.00912230527F1. .
27 1.0 1.0 0009066031912, ..
28 1.0 1.0 0.008227015345 .
29 1.0 1.0 0009222353270, ..
20 1.0 1.0 0.009720964720. ..

Table 6: Prediction Table for Iris Dataset

From Fig.9, which predicts for a single instance, it would also be observed that even though there was a
misclassification using the traditional approach yet with the aid of our proposed model, we were able to correctly classify
the instance using our confusability measurement threshold to the correct class-Iris-Versicolor. It should be noted that
using the traditional approach of classification whereby only the truth membership is used, it will be concluded and
labeled or assign to the class Iris-Virginica but with the aid of our confusability measurement it was classified correctly
to be Iris-Versicolor. Iris-Versicolor and Iris- Virginica are designated as 0 and 1 respectively.

Confusability Measurement  (L00B82630547 2499851

dity measurement of Ins versioolor is lower than the thrashold=0.0089

ity messurement of Iris Virginica & higher than the threshold=0,0089

Fig. 9: Single classification interface for Iris
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(b) Discussion of Wine Results
Our model or approach was applied to the wine dataset. The wine dataset was identified to be slightly overlapped with
an overlap ratio of 7.30% as opined by existing system of (Haitao et al (2013)).

When our proposed system was tested using the wine dataset, the confusability measurement was computed for the
three classes of wine and it was observed that the correct class is the class with the lowest confusability measurement.
The prediction table for wine dataset used for testing showing the confusability of the three classes for every instance
is shown in Table A.1. This observation gives credence to the fact that the higher the confusability measurement the
more unlikely the correctness of the predicted class.

(c) Discussion of Diabetes Results

Diabetes dataset from UCI has the dual problem of class imbalance and overlapping. Haitao et al (2013) estimated the
overlapping ratio of the dataset to be 24.3%. We also applied the dataset to our model. The performance evaluation
of our proposed system with appropriate performance metrics is shown in Figure.A.1. The work of Haitao et al (2013)
performed resampling on the dataset since the dataset is not only overlapped but also imbalanced.

From the performance analysis of our approach on this dataset, it could be observed that it did not perform very well
when compared to existing system using resampling but on the contrary perform better than the existing systems
without resampling. This is traceable to the fact that we did not perform any resampling on the data or could be due to
other data characteristics.

This result gives credence to the fact that apart from overlap, there are other data characteristics that can impact
negatively on the performance of classifiers as opined by Sharma et al (2016). Our approach did not perform very well
on a dataset that is not balanced and as such resampling should be done first before applying the proposed model in
order to handle such situations. Future work would handle this concept.

(d) Discussion of Indian Liver Patient Dataset Results

The Indian Liver Patient Dataset (ILPD) has two classes designated as 1 (Positive) and 2 (Negative) which are
observed to be overlapping hence could be confusing in terms of prediction. This dataset has a dual problem of class
imbalance and overlap problem.

Our proposed model was used for the ILPD dataset; a confusability measurement threshold of 0.003278 was estimated
which was clearly used to assign the class labels accordingly. Confusability measurement is greater than 0.003278 for
all positive instances while negative instances should be less than 0.003278 and if any of the prediction goes contrary,
such prediction should be updated. The class label “1” is used to denote liver disease patient while “0” is used to denote
non-liver patient.

It could be seen that with our approach the accuracy of the model is increased from 72.45% to 96.41% as presented
in the results which is about 24% increase.

4.3.2. Discussion on External Confusability Results

This is the kind of overlapping or confusability that exists between two different datasets. The external confusability
considered two datasets, Indian Liver Patient Dataset (ILPD) and Hepatitis dataset. In order to implement this and
justifiably say that there is confusability in the datasets in terms of diagnosis or classification, the test dataset of
Hepatitis was fed into the ILPD classifier (neural network). We observed a specificity of 100% while the sensitivity was
low. This observation is in consonance with medical theory that all Hepatitis is Liver Disorder. But when ILPD testing
instances was fed into Hepatitis classifier, a low or near zero specificity was observed. The research experimented
with two approaches:
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(a) Using the traditional model of neural network all positive Indian Liver Patient Dataset was labeled as class |
designated as ‘1" while all positive Hepatitis disease as class Il designated as ‘0’ which is referred to as “Confusable
Diseases Dataset’. The testing dataset is made of 30% of both class | and class II. The performance of the traditional
system in diagnosing confusable disease shows a classification accuracy of 93.5897% and F-measure of 0.936 shown
in Figure 4.40 while an ROC Area under Curve of 0.91 as recorded in the result.

(b) Using the proposed system with the confusable disease test data which was also used in the traditional MLP model
of the neural networks, the prediction table showing the confusability measurement of the ILPD testing instances on
Hepatitis and ILPD classifier is shown in Tables A.2 and A.3 while the confusability measurement of Hepatitis testing
instances on ILPD and Hepatitis classifier is shown in Tables A.4 and A.5.

The Confusability measurement on testing confusable disease instance on Hepatitis and ILPD classifier is shown in
Tables A.6 and A.7. It was observed for every instance of true Liver Disorder (ILPD), the confusability measurement is
low on ILPD but very high for Hepatitis. It is also observed for every instance of true Hepatitis, the confusability
measurement is low on Hepatitis but high for Liver Disorder. With the use of the confusability measurement in decision
making, one is able to differentiate between Liver Disorder (ILPD) and Hepatitis. The system recorded an F-measure
of 0.9607 and an accuracy of 96.15% which clearly indicates the high generalization ability of our model as it is better
in performance than using the traditional approach. It was adequately used to differentiate between Liver Disorder
(ILPD) and Hepatitis taking either Liver Disorder (ILPD) or Hepatitis as the index disease.

5. CONCLUSION

A new model to handle overlapping problem in data classification is presented using Neutrosophic-based Bayesian
Neural Network (NBBNN) approach and its performance shows a high potential in alleviating the problem of overlapping
in classification problems. In this research work the proposed system takes features of each of the datasets presented
and a confusability measurement is calculated alongside the predicted class such that it is used to make appropriate
decisions on instances which would have been difficult to predict due to overlapping regions.
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Prediction Table for ILPD test Instances on ILPD classifier and Hepatitis classifier showing the difference in

values
Table A.4: Hepatitis Prediction Table A.5: ILDP Prediction
n HEES e EEE
& Prediction table == & Prediction table =l 2
Index  Acual | Predicied  Eror | confusability measurzment using Hepatds ciassifer |conﬁJsabiIit3rmeasurement | Actual | Predicted | Emor | Index |
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Prediction Table for Hepatitis test Instances on Hepatitis classifier and ILPD classifier showing the difference
in values

Table A.6: Table A.7:
|
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