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ABSTRACT

Moeketsi Ambrose Ndaba
School of Mathematics, Statistics and Computer Science

Master of Computer Science

Diabetes is a metabolic disorder that develops when the body does not make enough insulin or is
not able to use insulin effectively. Accurate and early detection of diabetes can aid in effective
management of the disease. Several machine learning techniques have shown promise as cost ef-
fective ways for early diagnosis of the disease to reduce the occurrence of health complications
arising due to delayed diagnosis. This study compares the efficacy of three broad machine learning
approaches; viz. Artificial Neural Networks (ANNs), Instance-based classification technique, and
Statistical Regression to diagnose type II diabetes. For each approach, this study proposes novel
techniques that extend the state of the art. The new techniques include Artificial Neural Networks
hybridized with an improved K-Means clustering and a boosting technique; improved variants of
Logistic Regression (LR), K-Nearest Neighbours algorithm (KNN), and K-Means clustering. The
techniques were evaluated on the Pima Indian diabetes dataset and the results were compared to
recent results reported in the literature. The highest classification accuracy of 100% with 100%
sensitivity and 100% specificity were achieved using an ensemble of the Boosting technique, the
enhanced K-Means clustering algorithm (CVE-K-Means) and the Generalized Regression Neu-
ral Network (GRNN): B-KGRNN. A hybrid of CVE-K-Means algorithm and GRNN (KGRNN)
achieved the best accuracy of 86% with 83% sensitivity. The improved LR model (LR-n) achieved
the highest classification accuracy of 84% with 72% sensitivity. The new multi-layer percep-
tron (MLP-BPX) achieved the best accuracy of 82% and 72% sensitivity. A hybrid of KNN and
CVE-K-Means (CKNN) technique achieved the best accuracy of 81% and 89% sensitivity. CVE-
K-Means technique achieved the best accuracy of 80% and 61% sensitivity. The B-KGRNN,
KGRNN, LR-n, and CVE-K-Means technique outperformed similar techniques in literature in
terms of classification accuracy by 15%, 1%, 2%, and 3% respectively. CKNN and KGRNN tech-
nique proved to have less computational complexity compared to the standard KNN and GRNN
algorithm. Employing data pre-processing techniques such as feature extraction and missing value
removal improved the classification accuracy of machine learning techniques by more than 11% in
most instances.
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Chapter 1

Introduction

The World Health Organization (WHO) lists diabetes as one of the most widespread and chal-

lenging chronic diseases in the world [60]. The lack of early diagnosis often makes it dangerous

because in most instances it is diagnosed too late for effective management. Diabetes is a metabolic

disorder which affects the way the body uses digested food for energy. The digestive tract breaks

down carbohydrates into glucose. Glucose is a form of sugar that enters the bloodstream after car-

bohydrates are broken down by an enzyme. With the help of the hormone insulin, cells throughout

the body absorb glucose and use it for energy. Diabetes develops when the body does not make

enough insulin or is not able to use insulin effectively, or both [2]. There are three types of diabetes:

type I (insulin-dependent diabetes), type II diabetes (non-insulin-dependent diabetes), and gesta-

tional diabetes which affects pregnant women. Type I occurs when the body is not able to produce

enough insulin, while type II diabetes develops when the body is not able to use insulin the right

way. Diabetes ultimately leads to many life threatening complications such as heart disease, visual

impairment and kidney failure to mention few.

It is estimated that 90-95% of people living with diabetes have type II diabetes. The International

Diabetes Federation (IDF) estimates that more than 425 million people have been diagnosed with

diabetes and 79% of them live in low and middle income countries [136]. It is estimated that South

1



2 Chapter 1 Introduction

East Asia and Western pacific regions have the highest number of diabetic people in the world

(241 million), followed by Europe with 58 million people, and Africa with 55 million people. It is

estimated that by 2045 the number of people living with the disease will rise to 629 million [136].

In 2014, approximately 4.9 million people died due to diabetes related illnesses [4].

In Sub-Saharan Africa, diabetes used to be considered an uncommon disease, “a disease only

contracted by those in wealthy countries”. This has significantly changed over the last few years

and the disease is becoming more common in all countries in Sub-Saharan Africa. For example

in 2014, 2.7 million people in South Africa were estimated to be diagnosed with type II diabetes

and approximately 70,000 of them died due to health complications as a consequence [5]. The

IDF states that in low and middle income countries, two thirds of people living with diabetes have

inadequate control and management methods of the disease due to limited access to anti-diabetic

treatments such as insulin injections and limited access to quality professional health assistance. It

is estimated that 70% of people with diabetes in Africa are unaware of their diabetic state. This is

due to limited resources and low prioritization of diabetes screening [136].

In Sub-Saharan Africa, especially in rural communities, effective prevention and diabetes manage-

ment is slow because of difficulty in reaching testing and treatment centres due to transportation

constraints and affordability of medicines for which individuals usually have to pay for. The global

health care expenditure on diabetes has increased from 232 billion USD in the year 2006 to 700

billion USD in 2017 [136]. The rapid global increase in number of diabetic people and expendi-

ture on diabetes related illnesses shows that traditional methods for diagnosing and containing the

spread of diabetes are not effective. Health professionals and researchers are in agreement that the

most effective way of controlling a disease is early detection, immediate commencement of treat-

ment and active awareness about the disease. Therefore, there is a need for accurate, quick and

easy to access tools that can aid in the diagnosis and early detection of diabetes in order for health

professionals to efficiently manage it. Research has shown that 80% of complications related to
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type II diabetes can be delayed from starting or be completely prevented by early identification of

people who are at risk [7].

Diabetes diagnosis is a data classification problem in ML. Data classification is a technique that

is employed in ML to predict or allocate a class label to an instance in a dataset based on a given

input. In order to classify an instance, a classifier processes a dataset known as a training set to

uncover patterns or relationships in a set of instance attributes. Once the classifier “knows” patterns

or relationships in the data well enough, a test dataset with unseen instances is introduced to the

classifier so that it can classify the instances based on the knowledge it gained from “learning”. The

performance of the classifier is then evaluated by how many instances in the test set it classified

correctly. This allows other real-world problems to be formulated as a classification problem in

different domains such as fraud detection, manufacturing, and customer segmentation to mention

few.

1.1 Problem Statement

The diagnosis of type II diabetes using ML techniques and patient data collected from clinical

trials and routine health check-ups is an important problem which still requires extensive research

since many studies in literature have not yet found optimal results - i.e., 100% diagnosis accuracy.

This is due to different factors such as the size and quality of datasets used by the researchers,

their choice of ML techniques to apply, and ML technique parameters to mention few. These

factors make it very challenging to obtain optimal results since they have to be carefully considered

jointly. This study attempts to improve the effectiveness of three types of ANNs, two Instance-

based classification techniques, and a Logistic Regression Model with the hope to find optimal

results. The influence of missing data and the lack of data preprocessing in diabetes diagnosis

accuracy is an area that needs to be researched further since it has not been thoroughly reviewed in

literature. This study also intends to perform this thorough evaluation.
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1.2 Purpose of The Study and Motivation

The purpose of the research is to implement and evaluate novel ML techniques to the type II dia-

betes classification problem. The motivation of the research is to find more efficient and accurate

ML techniques for type II diabetes classification - i.e, techniques that outperform those in litera-

ture. Due to the rapid increase in undiagnosed diabetes cases and the number of people living with

the disease, there is an urgent need for alternative tools that are more accurate and easily accessible

to health professionals and patients, especially those in the poorest communities. The need for ML

techniques that are more accurate is also evident in studies that were conducted in literature which

discovered that the average type II diabetes diagnosis accuracy of ML classification techniques is

between 75 and 80% [18,20,54].

1.3 Research contribution

The key contribution of this study is the use of 6 novel ML techniques to improve the classification

accuracy obtained in previous studies in the diabetes classification problem. The novel ML tech-

niques that are proposed in this study can also be used to solve other binary classification problems

in different domains. The enhancements on ML techniques proposed in this thesis are an original

work of this study and to the best of the researcher’s knowledge they have never been applied in

other studies. This study also proposes different ways to deal with missing values in the dataset and

how to improve the quality of the dataset in order to harness the full potential of ML techniques.

The novel ML techniques proposed in this study can be used to implement tools that will allow

people to perform self-assessment of their type II diabetes state. This will in turn reduce the high

number of undiagnosed cases, save health care related costs (transportation costs for patients, con-

sultation fees, etc.) and it will also save time for both patients and health care providers especially
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in developing countries where there is a shortage of health professionals and resources.

1.4 Research Methodology

In this study, the application of ANNs, Statistical Regression, Instance-based techniques, and other

ML techniques in previous studies on the diabetes classification problem will be reviewed. After

that, the diabetes dataset from the University of California Irvine (UCI) ML repository will be

thoroughly explored and presented. Several data preprocessing and feature extraction methods for

improving the quality of the dataset and the diabetes classification accuracy will then be discussed

and applied on the dataset to produce new datasets for training and testing the ML techniques pro-

posed in this study. Thereafter, the enhancements on the explored ML techniques will be proposed

and outlined. These enhanced techniques will then be tested and the experimental results will be

used to evaluate their performance. The experimental results will also be used to determine the in-

fluence of data preprocessing techniques on the performance of the techniques. Furthermore, these

results will be used to compare the classification accuracy of the novel ML techniques proposed in

this study with other techniques in literature. After that, the results and their implications will be

discussed. Finally, the conclusions and future works on the conducted research will be provided.

1.5 Research Scope and Limitations

This study only focuses on the classification of Type II diabetes. Type I and gestational diabetes

are not part of this study. The results obtained in this study are based on the Pima Indian diabetes

dataset and datasets that were derived from it. These datasets do not represent the diabetic state

and properties of the entire population in the world. The datasets used in this study have between

350 and 768 records. The size of the datasets could also impact the performance of the proposed

ML techniques since some techniques need larger datasets to learn effectively. Therefore, it would
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be beneficial to have larger datasets that are obtained from different countries and ethnic groups to

ensure that the results obtained with the proposed ML techniques are true for the entire population

in the world. Most studies in literature on the diabetes classification problem did not provide the

results of other algorithm performance evaluation methods except the classification accuracy. This

made it difficult to thoroughly compare the performance results and the strength of the techniques

that were proposed in literature in classifying diabetes with those proposed in this study.

1.6 Overview of ML Techniques for Medical Diagnosis

Lazy learning (Instance-based) and eager learning ML techniques can be used to solve the data

classification problem. Lazy learning techniques simply store the training data or partially process

the training data and then waits for the test data to be provided in order to perform classification.

On the other hand, eager learning techniques use a set of training data to construct a classification

model that can be used to classify a new test data that was not used in model construction. Lazy

learning takes less computational time to train and more computational time to perform classifica-

tion of unseen data while eager learning takes more computational time building a model and less

computational time performing classification of unseen data. Lazy learning techniques are found

to be very resource intensive in many real-world applications which have enormous amounts of

data to be classified since all training instances need to be stored and retrieved for classification.

KNN is one of the most popular lazy learning techniques. Artificial Neural Networks and Logistic

Regression are examples of eager based learning techniques.

Artificial Neural Networks are biologically inspired computer programs designed to simulate the

way in which the human brain processes information [76]. The key element of ANNs is their in-

formation processing structure that is composed of a large number of immensely interconnected

processing units called neurons that are collectively working together towards solving a given
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problem. The neurons are interconnected through weights (coefficients) that are organised in lay-

ers. Every neuron has inputs, an activation function and one output. One example of ANNs is the

GRNN which is a special case of the Radial Basis Function Network. GRNN draws the estimation

of the function directly from the training data [79]. GRNN does not require an iterative learning

process like the multi-layer perceptron that has to adjust its neuron connection weights in order to

reduce the classification error.

K-Nearest Neighbours Algorithm classifies instances based on their similarity or their closeness

to training examples that are in a feature space. The closest training examples to a test instance

are called neighbours. KNN picks the “popular” class among the neighbours and classifies the test

instance as belonging to that class.

In K-Means Clustering when a new instance is introduced to be allocated to a cluster, it is allo-

cated into a cluster in which its centroid (cluster centre) is the nearest to the instance. The selection

of initial cluster centres and the number of clusters in this algorithm is one of the critical things that

should be carefully done since one can get different results depending on the number of clusters

formed and the initial cluster centres that were selected.

Logistic Regression is a regression technique that is used to model a relationship between one

dependent variable and one or more independent variables. In Logistic Regression, the depen-

dent variable takes a categorical value either “0” or “1” to represent outcomes such as diabetic/not

diabetic, alive/dead, etc. The independent variables can either be discrete or continuous variables.

1.7 Thesis Layout

This section provides a summary of chapters in this thesis.

• Chapter 2: Literature Review

This chapter provides a thorough comparative study of several diverse approaches employed
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in previous studies to solve the diabetes classification problem. The study outlines the ap-

proaches proposed in literature, their strengths, their weaknesses and their results.

• Chapter 3: Methods

This chapter provides a detailed description and technical details of datasets, data prepro-

cessing methods and novel ML techniques proposed in this study for diabetes classification.

• Chapter 4: Experimental Results

The results obtained using the proposed methods in chapter 3 are presented and compared

with results obtained in literature by similar techniques.

• Chapter 5: Discussion

In this chapter, the interpretation of experimental results and their implications is presented.

The the impacts of the dataset preprocessing techniques used and the limitations of methods

proposed in chapter 3 are also discussed in this chapter. A comparative analysis on the

performance of the proposed Machine Learning techniques and those in literature is also

provided.

• Chapter 6: Conclusion and Future Works

A summary of findings of this study, research conclusions and future work are presented in

this chapter.



Chapter 2

Literature Review

Diabetes is diagnosed by considering several factors or features. This allows ML techniques to be

employed as alternative methods for analyzing these features from the data and be able to make

classifications that can aid in the diagnosis by physicians. Many studies have been done on this

subject and they all propose different approaches for performing type II diabetes classification.

These approaches are also continually improved by other scholars in order to be able to detect the

presence of diabetes more accurately and as efficiently as possible. Most diabetes classification

models that have been researched in previous studies are based on different implementations of

supervised and unsupervised learning techniques such as Artificial Neural Networks, K-nearest

Neighbour Algorithm, Varying implementations of Decision Tree Algorithm, and Support Vector

Machines to mention few. This chapter provides an overview of the work done in previous studies

of type II diabetes classification using ML techniques.

2.1 Artificial Neural Networks (ANNs)

Artificial Neural Networks have been extensively studied and applied to the diabetes diagnosis

problem. This is because of its many advantages such as its ability to detect non-linear relationships

9
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between dependent and independent variables, fault tolerance, missing data tolerance, the ability

to detect all possible relationships between predictor variables and having a wide range of training

algorithms [76, 78, 93, 136]. ANNs have many different architectures and learning methods.

One popular type of ANN is the Multi-Layer Feed-Forward ANN which uses a back propagation

learning algorithm. This ANN is called a Multi-Layer Back-Propagation Network (ML-BPN).

ML-BPNs have proved to be very effective in the implementation of disease diagnosis systems

and have been successfully used in replacing conventional pattern recognition methods.

In 2012, Mehmet et al. [55] conducted a diabetes classification study using 6 different types of

ANNs namely: Probabilistic Neural Network (PNN), Learning Vector Quantization (LVQ), Feed-

Forward Network (FFN), Cascade-Forward Networks (CFN), Distributed Time Delay Networks

(DTDN), and Time Delay Networks (TDN). Mehmet et al. [55] used the Pima Indian diabetes

dataset to train and test the ANNs. The best classification accuracy of 76% was achieved by the

DTDN, followed by LVQ with a classification accuracy of 73%, and PNN with 72% accuracy.

The DTDN performed better than other ANNs because it incorporated knowledge from previous

iterations to learn better. FFN and CFN both achieved 68% accuracy. TDN achieved the lowest

accuracy of 66%. The best sensitivity of 63% was achieved by the PNN, while the best specificity

of 89% was achieved by DTDN. Mehmet et al. [55] used the dataset for training and testing the

ANNs without preprocessing it, this contributed in obtaining average results. The networks failed

to deal with a slight class imbalance in the dataset. One can observe that at there is a huge gap

between the maximum sensitivity and specificity values which were obtained by the networks. All

networks classified a high number of negative instances than positive instances.

Kayaer and Yildirim [79] used a Lavenberg-Marquardt (LM) training algorithm for the ML-BPN

on Pima Indian dataset. They achieved an accuracy of 77%. Kayaer and Yildirim [79] also pro-

posed a GRNN and a RBF network. Their GRNN and RBF network achieved the highest accuracy

of 80% and 68% respectively. For GRNN and RBF network, the optimal spread values were found
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by trial-and-error. The performance of RBF was found to be worse than the ML-BPN for all spread

values tried. Although the LM algorithm is known to help ANNs converge faster and find better re-

sults, the ML-BPN performed worse than the GRNN technique. This could be due to the selection

of training parameters such as momentum and learning rate for the ML-BPN. Temurtas et al. [137]

proposed the ML-BPN and PNN, both trained using the LM algorithm in 10-fold cross validation.

Their ML-BPN achieved the classification accuracy of 82%, while the PNN achieved the accuracy

78%. The performance of the ML-BPN proposed by Temurtas et al. [137] is better than that of the

similar approach proposed by Kayaer and Yildirim [79]. This can be due to [79] not addressing the

memorization effect of the LM algorithm when the overtraining occurs. The LM algorithm con-

verges very fast, when overfitting occurs it starts to memorize the learning data which decreases

the ability of the network to generalize. Adeyemo and Akinwonmi [102], employed GRNN and

PNN to classify diabetes using patient data obtained from Family Medicine Clinic in University

Teaching Hospitals of Nigeria. Both networks used tanh as the activation function. Their GRNN

achieved a classification accuracy of 84% while PNN achieved an accuracy of 76%.

One of the drawbacks of ML-BPNs is their slow convergence rate that makes them achieve sub-

optimal results because of the use of gradient optimization algorithm to update their weights [13].

Many algorithms have been introduced to address the slow convergence rate of the ML-BPN. A

recent study conducted by [13] used a LM training algorithm to address the slow convergence rate.

LM provided faster convergence and a classification accuracy of 91% was achieved [13]. Kare-

gowda et al. [14] used a hybrid of a Genetic Algorithm (GA) and ML-BPN to classify diabetes.

One of the drawbacks of ML-BPN they identified was that the gradient descent method used to

train the network took too long to produce a solution [14]. Karegowda et al. [14] suggested that in-

stead of employing gradient-based learning techniques, one can apply other techniques such as the

Genetic Algorithm (GA), Particle Swarm Optimization (PSO), and the Ant Colony Optimization

(ACO) algorithm to find the best network weights. The GA was used to initialize and optimize
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the connection weights of the ML-BPN, such as the number of hidden layers, feature selection

of relevant subsets, the learning rate, and optimal initial connection weights. Features were also

identified by [14] through applying Decision Tree and GA-CFS (Correlation Feature Selection)

technique. These methods were used as input to the hybrid model of the ML-BPN and GA to

classify diabetes. A classification accuracy of 84% was achieved by this hybdrid model. Priya et

al. [15] proposed the use of a hybrid classification model using K-Means clustering and C4.5 clas-

sifier which resulted in 92% classification accuracy. This method was further enhanced by using

ANNs for classification. This enhancement improved the classification accuracy to 97%.

The studies in literature show that the choice of the learning algorithm, training parameters, and

feature selection techniques play an important role in obtaining good results. The studies also show

that hybridizing ANNs with other techniques helps to obtain improved results. The lack of dataset

preprocessing can make good algorithms perform poorly. It is always recommended to preprocess

the dataset before using it.

2.2 K-Nearest Neighbour Algorithm (KNN)

A notable strength of KNN is its ability to be combined with other algorithms for better accuracy.

Researches have harnessed this advantage to provide efficient solutions to classification problems.

KNN is a simple, yet powerful Instance-based learning algorithm that is well known for its highly

effective method of inductive inference for noisy training data and complex target functions [8].

Furthermore, it fully exploits the available local information to form highly linear and adaptive

decision boundaries for each object. The disadvantage of the KNN algorithm is that it takes a long

time to classify test instances even though the learning is quick and simple [8]. Another drawback

is that it requires the whole training set to be stored in memory and this tends to be costly when a

training set is large. Various studies were conducted to address issues associated with large training

datasets on the KNN [24, 25, 26, 27].
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Vijayan et al. [22] conducted a study on the use of the traditional KNN, K-Means clustering algo-

rithm and amalgam KNN for diabetes classification using the Pima Indian dataset. The amalgam

algorithm was a hybrid of KNN and K-Means clustering algorithm with some additional process-

ing. This algorithm was designed to harness the strengths of KNN and K-Means clustering to

improve the classification accuracy even for large number of data sets. Their KNN algorithm

achieved 73% classification accuracy. Their K-Means clustering algorithm achieved 77% accu-

racy, and the amalgam KNN algorithm achieved the accuracy of 80%. The amalgam KNN used

K-Means clustering to identify and remove instances that were erroneously classified by KNN.

The dataset was also preprocessed before applying the amalgam KNN to reduce noise in the data.

This made the algorithm obtain improved results. KNN and K-Means clustering algorithm did

not perform well because of the distance measure used, the choice of k values, and the use of

un-preprocessed noisy data.

To address the memory and high computation issue of KNN algorithm, P. Hart [27] proposed the

use of a local search method called Condensed Nearest Neighbour (CNN). CNN only stores a

subset of the training set for classification. P. Hart [27] assumed that all patterns in the training set

could be similar and some were highly unlikely to add any additional information for improving

the classification accuracy. G. Gates [24] developed a Reduced Nearest Neighbour (RNN) method

to further reduce the subset. RNN removed all those elements in a subset that would not lead to

an error in classification after their removal. They concluded that the RNN provided a notable

benefit by reducing the execution time of a CNN and this contributed to improved classification.

The disadvantage of using these approaches is that they are not effective when the dataset is very

small.

A classification accuracy rate of 89.1% with k = 5 and 87.3% with k = 3 was achieved by Saxena

et al. [8] on a dataset from the LARS project at Stanford University. Saxena et al. [8] stated that

during the experiment, the results showed that as the value of k increased beyond 5, the accuracy
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rate decreased. Hence, the selection of the best k was crucial when using KNN. Karegowda et

al. [20] used Cascading K-Means clustering, GA and KNN to predict diabetes. The classification

accuracy achieved was 97% with k = 5. Karegowda et al. [20] approached the problem by creating

a model that used K-Means clustering to identify and remove all training instances that were not

classified correctly. After that they employed GA and CFS in a cascaded fashion for relevant

feature extraction. KNN was then used for classification by taking each test instance that was

correctly clustered in K-Means clustering process with a feature subset identified during feature

extraction process as inputs for the KNN.

The studies show that the selection of the parameter k for KNN has a significant influence on

the performance of the algorithm. The KNN algorithm on its own achieved average results on

the diabetes classification problem. However, when it was used in hybrid models, its strengths

were harnessed and improved results were obtained. Similarly for K-Means clustering algorithm.

Feature extraction and dataset preprocessing also proved to be useful in obtaining improved results.

2.3 Decision Tree Algorithm (DT)

The DT technique is a commonly used ML technique for developing classification systems based

on multiple covariates or for developing classification algorithms for a target variable [30]. In a

DT, a set of objects are classified into branch-like segments mimicking an inverted natural tree

such that there is a root represented by a root node, branches represented by internal nodes and

leaves represented by leaf nodes. In a DT, each internal node denotes a test on an attribute, each

branch represents the outcome of a test, and each leaf node denotes a class label [30]. To classify

an instance, the attribute-vector of an instance is computed and applied to the tree.

There are various DT algorithms such as ID3, C4.5, C5, J48, CART and CHAID to mention a few.

One of the benefits of the DT is that it does not change in structure no matter how large a dataset

might be and it can efficiently deal with large complicated data sets. DT allows an exploration of
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many possible outcomes of a decision and weigh these outcomes against each other to decide the

best to minimize chances of selecting the worst decision as a solution. Recently there is a surge

in application of DT algorithms in medical research. An example of medical use of the Decision

Tree algorithms is in the diagnosis of a medical condition by analyzing patterns and relationships

in the attributes of a dataset.

Habibie et al. [31] investigated the use of the J48 algorithm to create a classification model for

diabetes. This technique was applied on the dataset that was obtained from a database in a dia-

betes control system in Tabriz, Iran. The dataset was collected from people who were referred for

diabetes screening between 2009 and 2011. The J48 algorithm achieved a classification accuracy

rate of 72%. J48 algorithm used WEKA’s implementation of C4.5 for building the decision tree.

One of the interesting things about the classification research done by Habibie et al. [31] was the

exclusion of laboratory tests for classification. The results of collected attributes such plasma glu-

cose and 2-Hour Serum Insulin were excluded. J48 was still successful without considering these

attributes. Habibie et al. [31] admitted that the exclusion of laboratory tests features decreased

the sensitivity and precision of the model compared to other models explored in literature. An

improved version of the J48 algorithm was used by Kaur et al. [32] in the classification of diabetes

using the Pima Indian dataset. Table 2.1 provides a list of comparative results that were obtained.
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Algorithm Accuracy

Improved J48 99%

MultiClassClassifier 77%

NaiveBayes 76%

LADTree 74%

Multilayer Perceptron 73%

RandomForest 73%

Standard J48 73%

BFTree 73%

ADTree 72%

RandomTree 68%

REPTree 68%

Table 2.1 Findings by Kaur et al. [32]

J48 is an extension of ID3 algorithm and it has additional features that deal with missing values,

decision trees pruning, and derivation of rules among others [32]. These additional features and the

use of C4.5 algorithm helped the improved algorithm to perform better than the original J48. Bashir

et al. [36] investigated the combination of three different decision tree algorithms: ID3, C45 and

CART. The decision trees were used as base classifiers in their experiment. Ensemble techniques

were used to combine ID3, C45 and CART. Ensemble techniques which were applied are: Major-

ity Voting, Adaboost, Bayesian Boosting, Stacking and Bagging. The ensemble that produced the

highest accuracy in classification was selected as a solution. The combination of these three tech-

niques was tested on Pima Indian dataset and the diabetes dataset from the BioStat repositories.

The highest accuracy of 91.56% using Bagging ensemble method was achieved. This result was

better than the accuracy achieved by each algorithm in different studies conducted by K. Sangeetha
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[40] using C4.5 which achieved 91% accuracy, Ashwinkumar [37] using CART achieved 44.44%

and his C4.5 achieved which 68% accuracy. The study by Bashir et al. [36] demonstrated the

power of combining multiple powerful algorithms to unleash their unique strengths in order to

achieve a classification accuracy that is greater than each algorithm’s individual accuracy.

2.4 Support Vector Machines (SVM)

The SVMs are supervised learning models with associated learning algorithms that can efficiently

analyse data and recognize patterns that can be used for classification and regression [10]. SVMs

are usually referred to as a non-probabilistic binary linear classifiers because they can classify

training patterns as belonging to one of the two classes say “C1” and “C2”. SVMs seek a hyper-

plane that can efficiently separate data points of two classes given the labels say yi = +1,-1. The

SVM model learns by representing training instances as mapped points in an n-dimensional space

with a clear separation that divides instances of separate categories. To classify new instances,

SVM maps them into the same space as the training set and then classifies them based on which

side of the boundary they belong to [10]. SVMs are known to have less over-fitting because of

their robustness to noise and their learning task is not sensitive to the relative number of training

instances in the positive and negative classes [41]. Another powerful strength of SVMs is that they

can perform non-linear classification tasks by using a kernel to implicitly map their inputs into

high dimensional feature spaces efficiently [41, 42]. Due to their efficient classification capability,

SVMs have recently became very popular [41].

K. Polat et al. [43] used a combination of Generalized Discernment Analysis (GDA) technique

with Least Square Support Vector Machine (LSSVM) to do classification. The model achieved a

classification accuracy of 79.16%. LSSVM was used with a Radial Basis Function (RBF) kernel.

Tsyurmasto et al. [44] applied a robust version of SVM based on Value-at-Risk (VaR) measure.

This technique was called VaR-SVM. VaR-SVM achieved an accuracy rate of 97.83%. The idea
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behind this model was to create a classifier that is stable to data outliers unlike other SVM models

such as hard-margin SVM, soft-margin SVM, and v-SVM. Purnami et al. [45] approached the

problem by enhancing the Smooth SVM (SSVM) using a Multiple Knot function as a smooth

function instead of a default-plus function of a SSVM. A multiple Knot function is the modification

of the three order function [45]. This enhanced SSVM achieved a classification accuracy of 93.2%.

Zolfaghari [47] proposed a three-layer hierarchy multi-classifier using SVM with ensemble ML-

BPN. This technique achieved an accuracy of 88%. Although SVMS show good performance,

they are very dependent on a selection of a proper kernel function, and they have high memory

utilization and CPU time.

2.5 Swarm Intelligence (SI)

The ANNs, DTs, SVMs and KNN algorithms are by far the most popular applied ML techniques

for solving the diabetes classification problem. In most instances, SI techniques are usually used

to enhance the classification accuracy of these techniques. SI is based on social behavior of or-

ganisms like ant colonies, animal herding, and bacterial growth. SI can be used as a problem

solving technique that encompasses the implementation of a collective intelligence of groups of

simple agents which are based on the behavior of real world insect swarms [142]. The collective

intelligence of agents satisfies cooperative transportation, division of labor, nest-building of social

insects, collective sorting and clustering [142]. Mishra et al. [42] proposed the use of a hybrid of

SVM and ACO, and a hybrid of Naive Bayes with ACO. The hybrid of SVM and ACO produced

best results compared to the hybrid of Naive Bayes and ACO. SVM and ACO achieved the clas-

sification accuracy of 85% while the Naive Bayes and ACO achieved 80% accuracy. Mishra et

al. [42] noted that as the number of generations in GP went above 125, the created trees became

too big and difficult to handle. Mishra et al. [42] used the ACO technique to remove redundant

attributes in the dataset and then used Naive Bayes and SVM for classification.
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Aslam and Nandi [50] created a classification model using Genetic Programming (GP) and they

achieved an accuracy of 75%. Aslam and Nandi [50] then proposed a hybrid of a GP algorithm

and a variation of GP algorithm called GP with Comparative Partner Selection (CPS). They split

their algorithm to solve the classification problem in two stages. In the first stage they used the GP

algorithm to convert original features for each instance in the training set into a single feature that

had different values for diabetic and non-diabetic patients. The second stage involved classifying

the test dataset. Their hybrid algorithm achieved the classification accuracy of 79%.

2.6 Logistic Regression (LR)

Nai-Aruna and Moungmaia [87] proposed the use of Logistic Regression and a hybrid of Logistic

Regression with ensemble methods. The selected ensemble methods were Boosting and Bagging.

Ensemble methods are designed to improve the stability and the accuracy of ML algorithms. Nai-

Aruna and Moungmaia [87] utilized a dataset that was obtained from 26 Primary Care Units (PCU)

of the Sawanpracharak Regional Hospital in Thailand. The standard LR model proposed by [87]

achieved the highest classification accuracy of 82.308%. Their hybrid of LR and Boosting and

the hybrid of LR and Bagging achieved 82.312% and 82.318% respectively. These results showed

that ensemble methods were not effective in significantly improving the classification accuracy

of the LR model. Meng et al. [91] used a combination of LR and cross validation technique to

classify diabetes using a dataset collected from 1487 individuals living in Zhuguang, China. Their

LR model achieved a classification accuracy of 77% with 80% sensitivity and 72% specificity.

Bassam et al. [143] employed LR to classify diabestes using data from Kuwait Health Network

which integrated patient data from primary health centres and hospitals in Kuwait. Bassam et al.

[143] observed that ethnicity was a major contributor in making a more accurate model. They

noticed that Kuwaiti natives and Asian expatriates had significant differences in prevalence and in

trends associated with features (such as age at onset and body mass index) of diabetes. As a result,
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they decided to also implement separate LR models using the Kuwaiti natives dataset and the Asian

expatriates dataset. The results showed that the two LR models did not perform equally well for

the two ethnicities. They obtained 84% classification accuracy on Asian expatriates dataset while

they obtained 79% on Kuwaiti natives dataset. The classification accuracy of 81% was obtained

using the overall dataset which was comprised of both ethnicities.

Devi et al. [144] proposed the use of two LR models on the dataset from clinical laboratory of AR

Hospital in Madurai, India. The first LR model was a standard LR model using the sigmoid activa-

tion function and regression coefficients. The second LR model used a Bipolar Sigmoid Function

(BSF) which was calculated using a Neuro-based Weight Activation Function (WAF) instead of

the sigmoid function to improve the results. A Distance-based Outlier Detection (DBOD) tech-

nique was employed to preprocess the dataset. Their standard LR model achieved a classification

accuracy of 79%, while the improved LR model achieved an accuracy of 90%.

2.7 Rule-based Systems

Rule-based systems have been successfully employed to solve many problems encountered in sci-

ence, economics and engineering [117]. Rule-based systems are used as a way to store and manip-

ulate knowledge to interpret information in a meaningful way.

Hayashi and Yukita [138] proposed a Recursive-Rule eXtraction (Re-RX) algorithm which gen-

erated more rules than other rule extraction algorithms due to its recursive nature. To overcome

this they applied the J48graft algorithm combined it with sampling selection techniques. Re-RX

algorithm could classify diabetes considerably better than other rule-based algorithms in previous

studies. A classification accuracy of 83.83% was achieved by Re-RX algorithm after 10 runs of

10-fold cross validation. Their improved Re-RX with J48graft algorithm provided a few number

of rules than the original Re-RX algorithm. Lekkas et al. [120] proposed an evolving fuzzy classi-

fication method which allowed data to be processed online by recursively modifying a fuzzy rule
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base on a per-sample basis from data streams instead of processing data offline like a majority of

existing fuzzy systems. Offline data processing in fuzzy rule-based systems means that the process

of rule induction is in one shot (batch learning), while in online data processing the process of

rule induction occurs over indefinite periods which permits the refinement of rules as new data

becomes available. The evolving fuzzy method achieved a classification accuracy of 83% on Pima

Indian dataset. Sharifi et al. [118] used the Takagi-Sugene fuzzy system to classify diabetes. The

system was named ANFIS-GMDH because it was based on adaptive neuro-fuzzy inference system

(ANFIS) structure. A classification accuracy of 80% was achieved using this approach.

2.8 Other ML Techniques

Pasrapoor and Bilstrup [51] used an ensemble method based on human emotional processing sys-

tem that was inspired by human decision making process. This approach achieved a classification

accuracy of 77%. Vembandasamy and Karthikeyan [131] proposed the use of fuzzy clustering

with outlier detection method to classify diabetes. They initially performed the c-means clustering

algorithm to create clusters that were used at a later stage for identifying outliers in the data. The

Modified PSO with the Least Square SVM (MPSO-LSSVM) technique was then applied on the

data with removed outliers to perform classification. They found that their proposed technique

achieved a classification accuracy of 93% which was 9% better than the standard MPSO-LS-SVM

algorithm without outlier detection. Vembandasamy and Karthikeyan also noted that the detection

of outliers in the data significantly reduced computation time by 38%.

2.9 Summary and Conclusion

A brief summary of classification results from literature which were discussed in this chapter is

given in table 2.2 below.
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Algorithm Type Algorithm Year Reference Classification Accuracy

Artificial Neural Networks K-Means+C4.5+ANN 2012 Priya et al. [15] 98%

ML-BPN 2015 Durairaj and Kalaiselvi [13] 91%

GA-ML-BPN 2011 Karegowda et al. [14] 84%

GRNN 2011 Adeyemo and Akinwonmi [102] 84%

Baysian Technique 2012 Priya et al. [15] 79%

DTN 2012 Mehmet et al. [55] 76%

LVQ 2012 Mehmet et al. [55] 73%

PNN 2012 Mehmet et al. [55] 72%

CFN 2012 Mehmet et al. [55] 68%

FFN 2012 Mehmet et al. [55] 67%

TDN 2012 Mehmet et al. [55] 67%

Gini Algorithm 2012 Mehmet et al. [55] 66%

KNN KNN 2014 Saxena et al. [8] 97%

GA-KNN-Kmeans 2012 Karegowda et al. [20] 89%

KNN-K-Means 2014 Vijayan et al. [22] 80%

K-Means 2014 Vijayan et al. [22] 77%

KNN 2014 Vijayan et al. [22] 73%

Decision Tree J48 2015 Habibie et al. [31] 99%

Improved J48 2014 Kaur and Amit [32] 91%

ID3+C4.5+CART 2014 Bashir et al. [36] 72%

C4.5 2012 Ashwinkumar and Anandakumar [37] 68%

CART 2012 Ashwinkumar and Anandakumar [37] 44%

Support Vector Machines GDA+LSSVM 2008 K. Polat et al. [43] 79%

VaR-SVM 2013 Tsyurmasto et al. [44] 93%

SSVM 2009 Purnami et al. [45] 88%

SVM+MLP-BPN 2012 Zolfaghari [47] 79%

Population-Based Algorithms GA 2010 Aslam and Nandi[50] 75%

GP+CPS 2010 Aslam and Nandi [50] 82.312%

Logistic Regression LR 2015 Nai-aruna et al. [87] 82.308%

LR+Boosting 2015 Nai-aruna et al. [87] 78%

LR+Bagging 2015 Nai-aruna et al. [87] 77%

LR 2013 Meng et al. [91] 75%

Rule-based Systems IF-THEN+ACO 2010 Ganj et al. [48] 80%

Fuzzy-Rule 2010 Aibinu [49] 80%

ANFIS-GMDH 2008 Sharifi et al. [118] 80%

Evolving Rule-Base 2010 Lekkas et al. [120] 83%

Table 2.2 Comparison of results in literature
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The use of SVMs and ANNs has shown that good results can be obtained by applying them,

especially if they are hybridized with other powerful ML techniques. The studies also show that

hybridizing different ML techniques improves the classification accuracy in a significant way in

many instances. The performance of various ML techniques was greatly influenced by the selection

of good training parameters such as the value of k for KNN and the learning rate for algorithms

such as Lavenberg-Marquart algorithm for ANNs.

It can be observed from literature that many hybrid ML techniques which obtained improved re-

sults were comprised of standard algorithms, i.e., there were no attempts made to first improve

the performance of individual algorithms before hybridizing them. This area requires further re-

search to see whether the diabetes diagnosis results could be improved further by hybridizing ML

techniques which were individually improved. The performance of a majority of ML techniques

proposed in literature for diabetes diagnosis was only assessed by evaluating their classification

accuracy instead of also reporting the results of other performance measures such as sensitivity,

specificity, PPV, NPV, and AUC of ROC to mention a few. Classification accuracy on its own

does not provide enough evidence to demonstrate the effectiveness of a classifier [139]. There

are instances in a dataset where there is class imbalance or a classifier is only able to learn to ef-

fectively classify negative instances more than positive instances, or vice versa. For example, a

classifier with a classification accuracy of 85% which can correctly classify 80% of negative cases

and 5% positive instances in a dataset with 80 negative cases and 20 positive cases is not useful in

implementing a medical diagnosis system where the identification of positive cases is more impor-

tant. This shows that assessing the performance of a classifier by only considering its classification

accuracy may lead to incorrect conclusions.

It was also observed in literature that only a handful of studies rigorously applied data preprocess-

ing techniques to improve the quality and consistency of their datasets before applying ML for

diagnosis. An objective of this study is to address these gaps which were observed in literature.
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Methods

This chapter presents the methods and materials employed to solve the diabetes diagnosis problem.

The data preprocessing and Machine Learning techniques used in the study are detailed. The

algorithm performance evaluation measures used are also described in this chapter.

3.1 Datasets

This study made use of the widely-used Pima Indian diabetes dataset [21]. The Pima Indian, a

native American population in Phoenix Arizona, USA, has been continually studied and exam-

ined since 1965 due to the high incidence of diabetes [52]. Pima Indian females participated in

standardized diabetes examinations. Three additional datasets were derived from the Pima Indian

dataset and used in this study.

In this dataset, diabetes was diagnosed according to the World Health Organization criteria [12].

A patient was considered diabetic if the 2 hour post-load plasma glucose was at least 200 mg/dl

(11.1mmol/l) at any survey examination, or if the Pima Indian Health Service Hospital serving

the community found a glucose concentration of at least 200 mg/dl during the course of routine

medical care [22]. The Pima Indian dataset has 768 observations, each with nine attributes. Five-

24
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hundred of these patients were non diabetic, and the rest were diabetic. Each patient has only one

record in the dataset. The attributes in this dataset are given below. Basic statistical properties of

the dataset are given in Table 3.1.

1. Number of times pregnant (PREG)

2. Plasma Glucose Concentration at 2 Hours in an Oral Glucose Tolerance Test (GLUC)

3. Diastolic Blood Pressure (mmHg) (PRESS)

4. Triceps Skin Fold Thickness (mm) (SKIN)

5. 2-Hour Serum Insulin (Uh/ml) (INSU)

6. Body Mass Index (Weight in kg / (Height in cm)) (BMI)

7. Diabetes Pedigree Function (PDF)

8. Age in years (AGE)

9. Diabetes Class Variable (0 or 1) . where 0 = Not diabetic and 1 = Diabetic

Feature Minimum Maximum Mean Variance Standard Deviation

Number of times pregnant 0.00 17.00 3.85 11.34 3.37

Plasma Glucose Concentration at 2 Hours in an Oral Glucose Tolerance Test 0.00 199.00 120.89 1020.92 31.95

Diastolic Blood Pressure (mmHg) 0.00 122 69.11 374.16 19.34

Triceps Skin Fold Thickness (mm) 0.00 99.00 20.54 254.14 15.94

2-Hour Serum Insulin (Uh/ml) 0.00 846 79.8 13263.89 115.17

Body Mass Index (Weight in kg / (Height in cm)) 0.00 67.10 31.99 62.08 7.88

Diabetes Pedigree Function 0.08 2.42 0.47 0.11 0.33

Age (years) 21.00 81.00 33.22 138.12 11.75

Table 3.1 Statistical properties of the dataset
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3.1.1 Data Preprocessing

All attribute values in the Pima Indian dataset were re-scaled (normalized) to avoid the disadvan-

tages with using data that has varying value scales for classification. For example, age and blood

pressure attributes are on different numerical scales. Min-Max, Z-score, and Decimal Scaling are

popular normalization techniques. In this study, the Min-Max Normalization technique was used

to re-scale all attribute values to be in the range [0,1]. This technique was selected because of

its simplicity and ability to preserve the relationships among the original data values. Min-Max

Normalization provides a linear transformation on the original range of data by computing a new

value for each attribute of an instance.

Feature Selection Techniques

Feature selection is a technique that is used to select a subset of original features from a dataset us-

ing a certain criteria with the aim of reducing irrelevant, redundant, or noisy features [147]. Feature

selection helps to speed up the learning process of Machine Learning techniques and it improves

their learning accuracy [147]. The Analytic Hierarchy Process (AHP) and learner-based feature

selection techniques were explored and used for feature selection. AHP is a method, introduced by

Thomas Saaty [59], to deal with complex decision making process. AHP helps the decision maker

to define priorities for variables and to perform comparisons using a scale of absolute judgements

to determine the significance of one variable to another with respect to a given attribute. AHP uses

a process of pair-wise comparison to determine the relative importance of criteria or alternatives

in decision making [67]. The pairwise comparison is represented as a matrix, m, to compute rel-

ative scores. The following scores are used to create the pairwise comparison matrix for different

criteria:

Learner-based feature selection techniques employ a generic but powerful learning algorithm on
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m jk Interpretation

1 j and k are equally important

3 j is slightly more important than k

5 j is more important than k

7 j is strongly more important than k

9 j is absolutely more important than k

2,4,6,8 Used when when there is no good word to describe the comparison

Table 3.2 Relative Scores [148]

the dataset. The performance of the learning algorithm is evaluated with different subsets of at-

tributes which are selected from the dataset. The subset of attributes which make the algorithm

achieve the best results are then selected. The algorithm used for feature selection does not have to

be an algorithm intended to be used to model the data. The Random Forest algorithm was selected

as a classifier for selecting features in this study.

3.1.2 Derived Datasets

Attributes with missing values are known to have a negative impact on the accuracy of the classi-

fication model by causing noise and bias. Attributes such as diastolic blood pressure and insulin

level cannot have zero values. Breault [54] conducted a thorough analysis of missing attribute

values in the Pima Indian dataset. He discovered that many published studies based on the Pima

Indian diabetes dataset had overlooked missing values and had simply used the data values as

recorded without preprocessing them.

Breault [54] emphasized that overlooking dataset incompleteness is a serious concern especially

since some of the missing data fractions are very high. For example, triceps skin fold thickness

has approximately 30% of entries missing, while serum insulin concentration has approximately
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49% of entries missing. The preprocessing and feature selection techniques described above were

used to decide how to handle missing values, identify relevant features, and to address varying

attribute value scales in the dataset. As a result of applying these methods on the Pima Indian

dataset, three additional datasets were formed. These datasets were used to evaluate the various

ML techniques and to determine the efficacy of different dataset preprocessing techniques. These

additional datasets were:

1. Dataset B-[Excl Missing]: all instances with missing values were removed.

2. Dataset C-[Replaced by Mean]: missing attribute values were replaced by the mean value

of that attribute (except attributes: number of times pregnant and class variable).

3. Dataset D-[Extracted Features]: insignificant features were excluded using the results of

AHP and the learner-based feature selection technique (Random Forest algorithm).

The original un-preprocessed dataset is referred to as A-[Unprocessed]. Table 3.3 provides an

overview of basic properties of these derived datasets and the original dataset.

Measure A-[Unprocessed] B-[Excl Missing] C-[Replaced by Mean] D-[Extracted Features]

Number of Instances 768 359 768 359

Number of Positive Instances 268 128 268 128

Number of Negative Instances 500 231 500 231

Number of Instances With Missing Values 409 0 0 0

Table 3.3 Properties of diabetes dataset A, B, C and D.

3.2 Machine Learning Techniques

Artificial Neural Networks, Statistical Regression, and Instance-based ML techniques are widely

used in solving the diabetes classification problem. This study aims to enhance these techniques
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using novel approaches to extend their capabilities and to perform a comparative analysis of their

performance. The performance of the enhanced ML techniques is also compared with previous

studies in literature which employed similar techniques to diagnose type II diabetes. Algorithm

performance measures such as classification accuracy, sensitivity, and specificity were used to

compare the performance of these techniques. The following enhanced ML techniques for Type II

diabetes classification are proposed in this study:

1. Instance-based Techniques

(a) The K-fold Cross-Validated Enhanced K-Means clustering algorithm (CVE-K-Means)

This technique is proposed to improve the standard K-means clustering algorithm by

finding an optimal value of k within a predefined range of values. To obtain clusters

of good quality, this technique selects initial cluster centers by computing the distance

between each training instance and the origin. The distance is then used to initially

assign training instances to appropriate clusters based on their proximity to the origin.

The CVE-K-Means algorithm also excludes outliers in the dataset during training.

(b) A Hybrid of CVE-K-Means and the KNN algorithm (CKNN)

The cluster centers (centroids) produced by the CVE-K-Means algorithm from training

instances are used by the KNN algorithm as the training set to improve its computation

time and classification accuracy.

2. Artificial Neural Networks

(a) A hybrid of CVE-K-Means and the Generalized Regression Neural Network (KGRNN)

The KGRNN uses the CVE-K-Means algorithm to produce centroids which represent

training instances to reduce the computation time of the network.

(b) An ensemble of CVE-K-Means, Boosting, and the Generalized Regression Neural Net-

work (B-KGRNN)
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This technique employs the Boosting ensemble to further enhance the classification ac-

curacy of the KGRNN technique by combining poor performing KGRNN models to

produce a single powerful KGRNN classifier.

(c) An efficient Multi-Layer Artificial Neural Network (MLP-BPX)

The MLP-BPX network uses a Xavier weight initialization technique to allow it to

quickly converge, thus improving the computation cost and classification accuracy. The

Back-Propagation algorithm was used to train the network.

3. Statistical Techniques

(a) An improved Logistic Regression model with n-restarts (LR-n)

The LR-n model restarts n− times during training to produce k models which are cre-

ated using different data samples from the same dataset (with replacement). The final

classification accuracy is obtained by computing the average accuracy of k models dur-

ing testing.

All the ML techniques proposed in this study for diabetes classification were implemented in Java

programming language on a machine with Intel i5 vPro processor, 2.30GHz speed, 8 GB RAM,

and using JDK 1.6 software (Java Development Kit). The following subsections describe these

techniques in detail.

3.2.1 Instance-based Techniques

Instance-based techniques in type II diabetes diagnosis have shown promising results in literature

and are widely-used [22, 27, 8]. These techniques have also proved to be useful in efficiently

sampling and grouping instances in the dataset before applying other advanced ML techniques.

This study proposes novel ways to improve the computation time and classification accuracy of

K-Means clustering and the KNN algorithm. In this section, a brief overview of the standard
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K-Means clustering algorithm and the KNN algorithm will be provided. Extensions to these tech-

niques are then described.

K-Means Clustering Algorithm

K-Means clustering partitions n objects into k clusters in which each object belongs to the clus-

ter with the nearest mean [145]. The objective of K-Means clustering is to minimize the total

intra-cluster variance, or, the squared error function [145]:

J(v) =
c

∑
i=1

ci

∑
j=1

(||xi− v j||)2 (3.1)

where: ||xi− v j|| is the Euclidean distance between the datapoint xi and the cluster centre v j, ci is

the number of data points in the i-th cluster, and c is the number of cluster centers. The Euclidean

distance between two multi-dimensional data points X = (x1,x2,x3...xm) and Y = (y1,y2,y3...ym)

is computed as follows:

d(X ,Y ) =
√

(x1− y1)2 +(x2− y2)2 + ...(xm− ym)2 (3.2)

The pseudocode for the K-Means clustering algorithm is given in Algorithm 1.
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Algorithm 1: Pseudocode for the K-Means clustering algorithm, adapted from [145]

1 Require: A set D of n data points where D = d1, d2,d3, ...,di, ..,dn

2 Produce: A set of k clusters with k centroids

3 centroidList ← initializeCentroids(D)

4 clusters← newClusters(D,centroidList);

5 repeat

6 foreach data point in the clusters do

7 closestCentroid ← f indClosestCentroid(computeDistances(datapoint,centroidList));

8 clusters← assignDataPoint(datapoint,closestCentroid);

9 centroidList ← computeNewCentroids(clusters);

10 until centroids are not changing or no data point is moving from one cluster to another;

11 Return: clusters;

Enhanced K-Means Clustering Algorithm (CVE-K-Means)

The selection of initial cluster centers in K-Means clustering greatly influences the inter-cluster

and intra-cluster distances and cohesion [70]. Researchers have extensively investigated the impact

of intelligently selecting the initial centroids using different approaches to improve the efficiency

and accuracy of K-Means clustering algorithm [69]. In this study, the efficiency and accuracy of

K-Means clustering was enhanced by extending a method proposed by Madhu Yedla et al. [69] to

intelligently determine initial centroids. They computed a distance between each instance with n

attributes and the origin in the n-dimensional space using the Euclidean distance method. The data

points were then sorted with respect to their distances from the origin. The sorted list was then

split into k samples of the same size. To determine initial centroids, an instance in the middle of the
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sorted instance list in each sample was selected. They addressed negative attribute values in their

datasets by transforming negative attribute values into positive values. The authors concluded that

the selection of initial centroids using this approach led to better results with lower time complexity

compared to other clustering techniques.

This study proposes an enhanced K-Means clustering algorithm for efficiently grouping similar

instances into the same cluster. The proposed algorithm is called CVE-K-Means algorithm because

it is an extended K-Means clustering algorithm which uses k-fold cross validation. The proposed

CVE-K-Means algorithm uses the initialization technique proposed by Madhu Yedla et al. [69].

However, it differs from the standard K-Means clustering algorithm and the algorithm proposed

by Madhu Yedla et al. in that it searches for an optimal value of k (i.e. the number of clusters)

within a pre-defined range for a given dataset using k-fold cross validation. K-fold cross validation

is implemented by partitioning the dataset into k equal samples and running the classification

algorithm k times, ensuring that all samples are used as a test set exactly once and are used at

least once as part of the training set. The new CVE-K-Means algorithm also excludes outliers in

the dataset using the relative distance of each datapoint from the object that has attribute values

similar to the origin in an n-dimensional space. The pseudocode for the CVE-K-Means clustering

algorithm is given in Algorithm 2.

The CVE-K-Means algorithm enhances the standard K-Means clustering algorithm in the follow-

ing ways:

1. It introduces the use of the distance measure between data points and the origin to select

initial clusters.

2. It dynamically searches for the best k for a given dataset, thus minimizing the reliance on a

single value of k selected by a user.

3. It excludes outliers in the training and test datasets to improve the effectiveness of the algo-

rithm.
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4. It uses the k-fold cross validation methodology to ensure that every data point is used exactly

once as part of the testing set and at least once as part of the training set.

Algorithm 2: Pseudocode for CVE-K-Means Algorithm
1 Require: A set D of n data points where D = d1, d2,d3, ...,di, ..,dn

2 Input: A range for number of clusters minNum,maxNum

3 Produce: A set of best clusters and the classification accuracy after k-fold Cross Validation

4 begin

5 bestK←−1; . initialize best k

6 bestClassificationAccuracy← 0;

7 currentK←minNum;

8 D← removeOutliers(D);

9 partitions← getEqualRandomSamples(D,m); . Partition dataset D into m equal samples. m = number of samples

10 repeat

11 . Perform k-fold cross validation on m samples in 12-34

12 repeat

13 testSet← partitions.get(0); partitions.remove(0);

14 trainingSet← clone(partitions);

15 . Intelligently select initial cluster centers and cluster training data in 16-29

16 foreach data point in trainingSet do

17 Calculate its distance from origin;

18 sortedTrainingSet← sortByDistance(trainingSet);

19 clusters← getKClusters(sortedTrainingSet,currentK);

20 foreach cluster in clusters do

21 centroidList.add(cluster.get(midpoint));

22 cluster.remove(midpoint);

23 repeat

24 foreach data point in clusters do

25 distanceList ← computeDistance(datapoint,centroidList);

26 closestCentroid ← f indClosestCentroid(distanceList,centroidList);

27 clusters← assignDataPoint(datapoint,closestCentroid);

28 computeNewCentroids(centroidList, clusters);

29 until All centroids are not changing or no data point is moving from one cluster to another;

30 testAccuracy← classi f yUnseenData(testSet,centroidList);

31 testAccuracyList.add(testAccuracy);

32 partitions.add(testSet,partitions.getSize()-1); . Return current test set to initial samples

33 testSet.clear();

34 until Each sample in m samples is used exactly once as the test set and at least once as the training set;

35 accuracyForCurrentK← average(testAccuracyList); . Avg of results after CV

36 if accuracyForCurrentK > bestClassificationAccuracy then

37 bestClassificationAccuracy← accuracyForCurrentK;

38 bestK← currentK;

39 testAccuracyList.clear();

40 until Until all k-values in the range minNum:maxNum are considered;

41 bestCentroidList← getBestCentroidList(bestK, partitions); . Get list of centroids using best k found during CV

42 saveBestCentroids(bestCentroidList); . Or pass them as input to another ML technique like GRNN

43 return bestClassificationAccuracy;
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KNN Algorithm

The KNN algorithm performs classification by considering a dominant class among k nearest train-

ing instances to the testing instance rather than constructing a classification model from training

data. The pseudocode of the KNN algorithm is given in Algorithm 3. The objective of the KNN

algorithm is to minimize the Sum of Squared Errors (SSE) function [22]:

argminC =
k

∑
i=1

∑ p ∈Ci|p−mi|2 (3.3)

where: p is the object that belongs to cluster Ci, mi is the centroid for cluster Ci, k is number of

clusters, and |p−mi|2 is the squared distance between the cluster centroid and an instance.

Algorithm 3: Pseudocode of KNN Algorithm, adapted from [22]

1 Require: A set D of m data points where D = d1,d2,d3, ...,di, ..,dn is a set of test instances

2 Require: A set M of n instances where M = = m1,m2,m3, ...,mi, ..,mn is a set of training instances

3 Input k as the number of desired neighbours to be used for classification

4 Produce: A percentage of correctly classified examples of test set using training set

5 begin

6 numO fCorrectClassi f ications←0;

7 foreach test instance di in D do

8 distanceList← computeDistance(di,M);

9 neighbours← getNeighbours(distanceList,M,k);

10 classification← classi f y(neighbours,di);. Using a voting scheme with tie breaking rules

11 if di.getClass() == classification then

12 numO fCorrectClassi f ications++;

13 return 100 x (numO fCorrectClassi f ications/D.getSize()); . Classification accuracy
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An Improved KNN Algorithm (CKNN)

Although KNN is widely used for diverse classification problems, it has major drawbacks which

hinder its ability to classify instances with low computational cost and optimum accuracy. This

study proposes a Centroids-based KNN (CKNN) which uses the best cluster centres obtained from

the CVE-K-Means algorithm for classification. This new approach tries to minimize the compu-

tational cost of KNN while also attempting to improve the classification accuracy. In the CKNN

technique, the best cluster centers produced by CVE-K-Means algorithm are used as a training set

for KNN to classify instances in the test set. Therefore, instead of computing the distances between

the test instance x and all instances in the training set to determine neighbours of x, the proposed

algorithm computes the distance between x and the selected cluster centres. The algorithm then

selects k cluster centres which are the nearest to the test instance in order to assign the test instance

to a known class by majority voting. The CKNN algorithm addresses the following weaknesses of

KNN which were identified by [22]:

1. The KNN algorithm has a high computational cost because of the necessity to compute

the distance between each test instance and all training examples. The proposed CKNN

technique addresses this by using a subset of the training set which is produced by employing

an efficient K-Means clustering algorithm on the entire training set.

2. The KNN algorithm needs a large amount of data for training which leads to the need for

large memory space to store the training set. Since the CKNN algorithm uses the subset

of the training dataset, it ensures that less memory is needed to store the training set for

classification. Furthermore, the use of cluster centers as training instances allows the CKNN

algorithm to perform classification with less training data compared to the KNN algorithm.

Algorithm 4 below gives a pseudocode for the CKNN Algorithm.
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Algorithm 4: Pseudocode for CKNN Algorithm

1 Require: A set D of m instances, where D = d1, d2,d3, ...,di, ..,dm is a set of test instances

2 Require: A set M of n instances, where M = m1, m2,m3, ...,mi, ..,mn is a set of training instances

3 Input k as the number of desired neighbors to be used for classification

4 Input x as the desired number of centroids

5 Produce: A percentage of correctly classified instances of test set using centroids produced by

CVE-K-Means algorithm

6 begin

7 numO fCorrectClassi f ications←0;

8 centroidList←CVE-K-Means(M,x); . Invoke CVE-K-Means algorithm

9 trainingSet← centroidList;. Size of trainingSet < size of M, thus improving computation cost

10 foreach test instance di in D do

11 distanceList← computeDistance(di, trainingSet);

12 neighbours← getNeighbours(distanceList, trainingSet,k);

13 classification← classi f y(neighbours,di); . Using a voting scheme with tie breaking rules

14 if di.getClass() == classification then

15 numO fCorrectClassi f ications++;

16 return 100 x (numOfCorrectClassifications/D.getSize()); . Classification accuracy

3.2.2 Artificial Neural Networks (ANN)

Artificial Neural Networks (ANNs) have been extensively applied to solve the diabetes classifica-

tion problem [13, 14, 79, 137]. ANNs are widely used because of their highly adaptive learning,

excellent self-organization property, and their high level of fault tolerance [76]. ANNs in literature

have shown to perform better when they are hybridized with other ML techniques. The diabetes
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classification results using ANNs in previous studies showed that there is still a need to further

enhance the performance of ANNs to obtain more accurate results. This study proposes the use

of an intelligent weight initialization technique, the CVE-K-Means algorithm, and a boosting en-

semble to enhance the performance of a multi-layer ANN and a Generalized Regression Neural

Network (GRNN). This section provides an overview of these ANNs and how they were enhanced

to improve their performance.

Generalized Regression Neural Network

A GRNN is used to estimate a joint probability density function (pdf) of an independent vari-

able x and the dependant variable y, given only a training set [79]. The GRNN is derived from the

Radial Basis Function (RBF) network that is based on a standard statistical technique called kernel

regression. Therefore, a GRNN can be viewed as a normalized RBF network which has each unit

(neuron) centred at every training instance. A GRNN uses the Gaussian activation function in its

processing elements (neurons). Suppose that f (x,y) represents a known joint continuous pdf of

a vector random variable x, and a scalar random variable y [78]. Let X be a particular measured

value of the random variable x. The conditional mean of y given x (also referred to as regression

of y on x) is given by [78] as:

E[y|x] =
∫

∞

−∞
y. f (x,y)dy∫

∞

−∞
f (x,y)dy

(3.4)

where: y = output of the estimator, x = the estimator input vector, E[y|x] = the expected value of

output given the input vector x, and f (x,y) = the pdf of x and y. GRNN is therefore based on the

function in (3.4), and this function can be optimally estimated in the following way:

yi =

n

∑
i=1

gi.wi j

n

∑
i=1

gi

(3.5)
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where: x is the input test vector, vi is the training vector i at neuron i, wi j is the target output

corresponding to input training vector vi, gi = e−
D2

i
2.σ2 is the output of a hidden layer neuron, D2

i =

(x−vi)
T (x−vi) is the squared distance between the input vector x and the training vector v, and σ =

a constant controlling the size of the receptive region. The pdf used in a GRNN follows the normal

distribution; therefore each training example x j is used as the mean of a normal distribution. In a

GRNN, the distance Di between the training sample and the test instance x is used to measure how

well each training example can represent the position of x.

The smoothness parameter, sigma, can be determined through trial and error or using methods

proposed in [78]. When the smoothness parameter is too large, it allows training samples that are

far from the point of classification to have a high influence on the final classification [80]. Leading

to poor classification accuracy. Furthermore, if the smoothing parameter is chosen to be very small,

then it only allows training examples that are very close to the point of classification to have a high

influence towards classification. The pseudocode for training and testing the GRNN network is

given in Algorithm 5 below.
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Algorithm 5: Pseudocode for the GRNN

1 Require: A set D of m instances, where D = d1,d2,d3, ...,di, ..,dm is a set of test examples

2 Require: A dataset T of n instances, where T = T1,T2,T3, ...,Ti, ..,Tn are training instances, and n > m

3 Produce: A classification accuracy of the network given all instances from D as input

4 begin

5 Make each instance Ti in dataset T a centre point for each neuron Ni in the hidden layer

6 numClassified← 0 . Initialise counter of correctly classified test instances to zero

7 for each instance di in D do

8 input layer of the network receives di attributes as input;

9 input layer passes inputs to all neurons in the hidden layer;

10 . Hidden layer receives the input from input layer and computes Gaussian function in 11-14

11 for each neuron in the hidden layer do

12 Di ← distance(input,Ti);

13 Gaussian activation function gi = e−
D2

i
2.σ2 ;

14 Transfer the result of activation function as input to neurons in the summation layer;

15 . Summation Layer computations in 16-17

16 numerator←
n

∑
i=1

(weighti x GaussianOut puti);

17 denominator←
n

∑
i=1

(GaussianOut puti);

18 Output← numerator/denominator; . Output Layer result

19 . Classification process in 20-25

20 if result < 0.5 then

21 classification = 0;

22 else

23 classification = 1;

24 if classification == di.getLabel() then

25 numClassified++;

26 overallAccuracy = numClassified / size of D;

27 return 100 x overallAccuracy;
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Hybrid of CVE-K-Means and GRNN (KGRNN)

A hybrid of CVE-K-Means and GRNN is proposed in this study to classify type II diabetes. The

CVE-K-Means algorithm is used to produce k centroids that are used as centre points for neurons

in the hidden layer of the GRNN. This approach is proposed to try to minimize the computation

effort that is needed to compute a Gaussian function for each instance in the training set and the

test instance x. The centroids usually provide a good representation of instances that belong to the

same cluster as the centroid. This hybrid technique is called KGRNN since it is based on CVE-

K-Means and GRNN. The pseudocode of KGRNN is given in Algorithm 6. Figure 3.1 shows

the structure of the proposed KGRNN network. This network has 4 layers. The first layer has 9

neurons representing the 9 attributes in the dataset (including the class label T). The hidden layer

has 49 neurons representing 49 RBF activation functions with 49 centroids. The summation layer

has 2 neurons which compute the weighted and unweighted sum of inputs from the hidden layer.

Finally, the output neuron computes the final classification value.

Figure 3.1 KGRNN Architecture
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Algorithm 6: Pseudocode for KGRNN

1 Require: A set D of n instances where D = d1,d2,d3, ...,di, ..,dn is a set of test examples

2 Require: A set C of k-centroids (with k < n) produced by CVE-K-Means using training set

3 Produce: A classification accuracy of the network given all instances from D as input

4 begin

5 Make each centroid Ci in the dataset C be the centre point for each neuron Ni in the hidden layer of GRNN

6 . number of neurons in the hidden layer is = number of centroids

7 numClassified← 0 . Initialise counter of correctly classified test instances to zero

8 for each instance di in D do

9 input layer of the network receives di attributes as input;

10 input layer passes inputs to all neurons in the hidden layer;

11 . Hidden layer receives the input from input layer and computes Gaussian function in 12-14

12 for each neuron in the hidden layer do

13 Di ← distance(input,Ci);

14 Gaussian activation function gi = e−
D2

i
2.σ2 ;

15 Transfer the result of activation function as input to neurons in the summation layer;

16 . Summation Layer computations in 17-18

17 numerator←
n

∑
i=1

(weighti x GaussianOut puti);

18 denominator←
n

∑
i=1

(GaussianOut puti);

19 Output← numerator/denominator; . Output Layer result

20 . Classification process in 21-26

21 if result < 0.5 then

22 classification = 0;

23 else

24 classification = 1;

25 if classification == di.getLabel() then

26 numClassified++;

27 overallAccuracy = numClassified / size of D;

28 return 100 x overallAccuracy;
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Ensemble of CVE-K-Means, Boosting, and GRNN (B-KGRNN)

This study proposes an ensemble of GRNN, the CVE-K-Means algorithm, and the Adaboost algo-

rithm to further improve the performance of the GRNN network. Boosting is a machine learning

technique that is used to reduce bias and variance in the data during supervised learning, thus im-

proving the accuracy of the model. The primary purpose of boosting is to convert a set of weak

learners into strong learners. A weak hypothesis or a weak learner performs slightly better than

random chance [71]. There are many boosting algorithms, e.g., AdaBoost (Adaptive Boosting),

Gradient Tree Boosting, and XGBoost. These algorithms implement boosting by iteratively learn-

ing weak classifiers with respect to a distribution and then combining these weak classifiers into

a strong classifier. The contribution (weight) of each weak classifier to the final classification is

based on its classification accuracy.

Adaboost was chosen because it was primarily designed to solve binary classification problems

such as diabetes diagnosis. Adaboost carries out boosting by assigning weights to training in-

stances. Instances that are hard to classify are assigned more weight and those that have been

already classified well by other classifiers are assigned less weight. This allows classifiers to focus

their training on more difficult patterns. The output of the final classifier is limited to either 1 or

-1. Formally, the final classifier in Adaboost is defined as follows:

H(x) = sign

(
T

∑
t=1

αtht(x)

)
(3.6)

where: T = the number of weak classifiers, ht(x) = the output of weak classifier t (output limited to

-1 or +1), and αt = the contribution weight of the classifier t to final classification (weight is based

on classification accuracy of the classifier). The final output is a linear combination of all the weak

T classifiers. The classification decision is made by observing the sign of the sum. The weak

classifiers are trained one at a time. The probability (weight) of each training instance appearing in

the training set for the next classifier is computed after each classifier is trained. The first classifier
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is always trained with equal weights assigned to all training instances. The value of αt for each

classifier is computed after training. αt is based on the classification error rate et of the classifier.

The formula for computing αt is given as follows [86]:

αt =
1
2

ln
(

1−et
et

)
(3.7)

The weights of training instances are updated after computing alpha and the error rate using the

equation [86]:

Dt+1(i) =
Dt(i)exp(−αtyiht(xi))

Zt
(3.8)

where: Dt(i) = the vector of training instance weights, exp(−αtyiht(xi)) = formula used to scale
the weight of the training instance up or down based on the instance class which is computed by
the classifier ht(xi), and Zt = sum of weights that is used to normalize a set of weights to make
them a probability distribution. The Adaboost algorithm is outlined in Algorithm 7. Since the

Algorithm 7: Adaboost Algorithm, adapted from [86]

1 begin

2 Given: (x1,y1), ...(xm,ym), where xi ∈ X ,yi ∈ Y = {−1,+1}

3 Initialize: D1(i) = 1/m for i = 1,2, ....,m;

4 for t =1; t<=T; t++ do

5 Train weak leaner using distribution Dt ;

6 Get weak hypothesis ht : X→{-1,+1}with error et = Pri∼Dt [ht(xi) 6= yi];

7 Choose αt ← 1
2 ln
(

1−et
et

)
;

8 Update, for i =1; i<=m; i++ do

9 Dt+1(i) =
Dt(i)exp(−αtyiht(xi))

Zt
; . Zt = normalization factor to make Dt+1 a distribution

10 H(x) = sign

(
T

∑
t=1

αtht(x)

)
; . Result of final classifier

Adaboost algorithm gives an output of 1 or -1, the instances with class label 0 on the dataset used
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for training the Adaboost algorithm had their class label replaced with -1. The psuedocode for the
boosted KGRNN network is given in Algorithm 8 below.

Algorithm 8: Pseudocode for B-KGRNN Network

1 Require: A set D of m instances where D = d1, d2,d3, ...,di, ..,dm as test set.

2 Require: A set T of n instances with n greater than m as a training set.

3 Input: Minimum acceptable error MinError

4 Input: The value of smoothing factor sigma

5 Input k as the desired number of centroids to be used as training set

6 Produce: A classification accuracy of B-KGRNN given all instances from D as input

7 begin

8 repeat

9 if iteration == 1 then

10 foreach instance in training set T do

11 instance.setWeight(1/n); . All training instances have equal probability of being selected from the

beginning

12 trainingSubSet← getInstancesWithHigherWeight(w);

13 centroidList←CVE-K-Means(trainingSubSet, k); . Invoke CVE-K-Means to get k centroids

14 weakClassifier← KGRNN(centroidList, trainingSubSet,Sigma); . KGRNN returns classifier with training

error less than MinError

15 classifierList.add(weakClassifier);

16 MinError← weakClassi f ier.getClassi f icationError();

17 weakClassifierWeight← getClassi f ierAl pha(weakClassi f ier);

18 classifierWeightList.add(weakClassifierWeight);

19 listOfcentroidList.add(centroidList);

20 foreach Instance in training set T do

21 Update instance weight using formula (7.8); . For likelihood of instance to be in next batch

22 until required number of weak classifiers is produced or no improvement in training error;

23 . Weak classifier is a KGRNN instance with its set of centroids and α

24 accuracy← f inalClassi f ier(classi f ierList,classi f ierWeightList,Sigma,TestSetD);

25 return accuracy;
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Improved Multi-Layer Back-Propagation Neural Network (MLP-BPX)

A Multi-Layer Neural Network (MLP) is a feed-forward neural network with one or more lay-

ers between the input layer and output layer. This type of network is usually trained using the

Back-Propagation algorithm and it is one of the most extensively used type of ANNs to solve the

diabetes classification problem [92]. The MLP network was proposed in previous studies to over-

come the limitations of single-layer neural networks which were only capable of solving linearly

separable classification problems [92]. The MLP network approximates the non-linear relation-

ship between the input to the network and the output of the network by adjusting weights that

connect neurons between different network layers. MLPs have exactly one input layer and output

layer and can have an unlimited number of hidden layers. The MLP proposed in this study is

called the MLP-BPX network because it uses a Xavier [149] weight initialization technique and

the Back-Propagation algorithm for learning. The learning of the MLP-BPX network using the

Back-Propagation algorithm involves four main stages:

1. Weight Initialization

The weights of MLP-BPX network are intelligently initialized using a Xavier weight ini-

tialization technique which selects values from a Gaussian distribution with zero mean and

variance of 1/((number of input nodes + number of output nodes)/2).

2. Feed-Forward:

In this stage, each node (including bias nodes) computes a weighted sum of inputs and uses

an activation function to produce an output which is transferred to the nodes in the next layer

as input. This process continues until the last hidden layer sends its output to the output

layer. The formula for the weighted sum x j is given as follows:

x j = ∑
k∈K j

wk jyk. (3.9)
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where: K j is the set of nodes from the k-th layer which feeds node j, wk j is a set of weights

connecting nodes in the k-th layer with node j, and yk is a set of outputs of the activation

functions in the k-th layer which serve as input to the j-th layer nodes. The activation func-

tion is given as:

f (x j) = y j. (3.10)

This study uses the sigmoid function to train the MLP-BPX network. The sigmoid function

is defined as follows:

f (x j) =
1

1+ e−x j
. (3.11)

The sigmoid function is widely used as an activation function for ANNs because its deriva-

tive can be easily computed using the quotient rule or the product rule. The derivative of the

sigmoid function is computed as follows:

d
dx j

f (x j) =
d

dx j

[
1

1+e−x j

]
=

d
dx j

(
1+ ex j)

)−1

=−(1+ e−x j)−2(−e−x j)

=
e−x j

(1+ e−x j)2

=
1

(1+ e−x j)
.

e−x j

(1+ e−x j)

=
1

(1+ e−x j)
.
(1+ e−x j)−1
(1+ e−x j)

=
1

(1+ e−x j)
.

(
1− 1

(1+e−x j )

)
= f (x j).(1− f (x j))

(3.12)

3. Output Error Computation:

The output nodes multiply the input by the weights connecting them to the final hidden

layer to compute the final result. The result of the activation function f (x j) of each output
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neuron is compared with the expected target result ty to produce the classification error (E)

= (ty− yi). Since all nodes in the hidden layer contributed to the overall classification error,

the error of the output layer needs to be propagated backwards to each node in the hidden

layer. The overall error of the network is given as follows:

E =
1
2

J

∑
j=1

(t j− y j)
2. (3.13)

Formula 3.13 is only applicable to the output nodes in the output layer. The training error

for nodes in the hidden layer is computed differently.

4. Output Error Back-Propagation and Connection Weights Update:

The value of each connection weight is updated using the computed errors. This is done

after the errors for all nodes are computed. The weight update process and error back-

propagation is repeated until the network converges to a state that allows a certain number

of training examples to be encoded by the network. The Stochastic Gradient Descent (SGD)

[150] technique is usually used to search for the minimum value of the error function. The

backpropagation algorithm iteratively changes weights by their proportion of influence to

the overall error. The change of weight connecting a node in layer k to a node in layer j is

given as follows [150]:

4wk j =−α
∂E

∂wk j
. (3.14)

where: α is the predefined learning rate that defines the step size. The partial derivative of

(3.14) is expanded using a chain rule to get:

∂E
∂wk j

=
∂E
∂yi

∂yi

∂x j

∂x j

∂wk j
(3.15)

where x j is the weighted sum inputs into node j. Therefore:

∂x j

∂wk j
= yk. (3.16)
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From (3.15), the error term can be written as:

δi =
∂E
∂yi

∂yi

∂x j
(3.17)

The partial derivative of the sigmoid function is used to find the error of the output layer by

utilizing the target value [150]. The partial derivative of the sigmoid function is computed

as follows:
∂y j

∂x j
= y j(1− y j) (3.18)

The partial derivative of the error term (3.17) is then computed for an output layer by using

the derivative of (3.13) with respect to yi [150] given by:

∂E
∂y j

=−(t j− y j) (3.19)

To compute an error for output layer with respect to weights and the target value; (3.16),

(3.18), and (3.19) are combined to produce:

δ j =
∂E

∂w jk
=−(t j− y j)y j(1− y j)yk. (3.20)

The error for the nodes in the j-th hidden layer is computed as:

δ j := (∑
i∈I j

δw ji)y j(1− y j). (3.21)

Finally, the weight update rule is then given as:

4wk j(n) = αδ jyk +η4wk j(n-1) (3.22)

where: α is the learning rate, yk is the output of the node in layer k (the node upstream of

the weight), n and n− 1 are epochs in a loop, η is the momentum term, and δ j is the error

term for each node.
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This study investigated the use of Xavier weight initialization technique to ascertain whether it

could enhance the learning and the classification accuracy of the MLP network. The selection of

initial weights is critical to the performance of the Back-Propagation algorithm [96]. If the initial

weights are too small, the signal shrinks significantly as it passes from layer to layer until it is too

small to be useful [96]. If the initial weights are too large, then the output signal grows exponen-

tially until it is too big to produce useful results. If the algorithm is not initialized with proper

weights, the loss function might not change even after thousands of iterations during learning. An

effective method of initializing weights is to select values from the Gaussian distribution with zero

mean [97]. Consider a linear neuron:

y = w1x1 +w2x2 + ...+wNxN +b (3.23)

The idea behind Xavier initialization is to try to keep the variance between x and y the same from

layer to layer in order to prevent the output signal from exponentially growing to a high value or

vanishing to zero causing the learning process to not be effective. The derivation of the Xavier

equation for preservation of variance of x and y is given below.

var(y) = var(w1x1 +w2x2 + ...+wNxN +b) (3.24)

where: xi is the i-th independent variable; wi is the weight (coefficient) associated with the i-th

independent variable, and b is the constant bias variable.

∴ var(wixi) = var(wi)var(xi) (3.25)

∴ var(y) = var(w1)var(x1)+ ...+ var(wN)var(xN) (3.26)

∴ (y) = N ∗ var(wi)∗ var(xi) (3.27)

∴ var(wi) = 1/N (3.28)

Formula (3.28) gives the Xavier weight initialization rule where the initial weights are selected

from a Gaussian distribution with zero mean and a variance of 1/N. N is the number of input
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nodes in the network. Formula (3.28) is effective in preserving the variance during the feed-

forward phase. In order to preserve variance during back-propagation process, N becomes the

average of the number of input neurons and output neurons. This causes equation (3.28) to be

slightly modified to:

var(wi) = 1/Navg (3.29)

where: Navg = (Nin +Nout)/2

The pseudocode of Back-Propagation algorithm using the Xavier technique is given in Algorithm

9.
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Algorithm 9: Back-Propagation Algorithm with Xavier Technique, adapted from [94]

1 Require: A set D of m instances, where D = d1, d2,d3, ...,di, ..,dm is a set of training examples

2 Require: A MLP Network

3 Produce: A trained MLP Network

4 begin

5 networkWeights

← getXavierWeights(MLP.getNumO f InputNodes(),MLP.getNumO f Out putNodes());

6 foreach for each example e in training Set D do

7 inputVector← e’s input vector;

8 target←e’s output vector;

9 output ← ACTIVATE(network,inputVector);

10 foreach network output units ok do

11 errorok ← targetok−out putok ;

12 4ok ← g′(inok)∗ errorok ;

13 sumOfDeltash j ← 0;

14 foreach of network’s hidden units h j do

15 wh j ,ok← wh j ,ok +α ∗out puth j ∗4ok ;

16 sumOfDeltash j ← sumO f Deltash j +wh j ,ok ∗4ok ;

17 foreach of network’s hidden units h j do

18 4h j← g′(inh j)∗ sumO f Deltash j ;

19 foreach of network’s input units si do

20 wsi,h j ← wsi,h j +α ∗ si ∗h j;
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3.2.3 Statistical Techniques

A statistical model describes the relationship between data attributes such as a dependent vari-

able with independent variables [71]. The Statistical techniques which are used for classification

include regression analysis and its various sub-categories such as linear regression, generalized lin-

ear models (Logistic Regression and Probit regression). The LR model is one of the most popular

statistical technique for type II diabetes classification [87,143].

Improved Logistic Regression with n−restarts (LR-n)

The LR model is a popular statistical technique for classification because of its many strengths.

It is quick to train, is resistant to over-fitting, and it does not make assumptions about distributions

of classes in feature space [89]. This study proposes a modified LR model which uses a restart

mechanism to create n LR models to diagnose type II diabetes. The goal of the LR technique is to

find the best fitting model to describe the relationship between the dependent variable and predictor

variables. Logistic Regression generates the coefficients of a formula to predict a probability of a

binary response based on predictor variables by using a logistic function which is a cumulative lo-

gistic distribution. Suppose that Y is a dichotomous random variable which represents an outcome

of an experiment, X = (x1,x2, ...,xm) be a set of independent variables, α and wk (k = 1,2, ...,m)

be the weight parameters for each independent variable, and E(y) be the expected value of the

dependent variable Y [88], then the Logistic Regression equation is given by:

E(y) = hw(x) =
1

1+ e
−(

m

∑
k=1

wixi +α)

(3.30)

where:

hw(x) = P(y = 1|x;w) (3.31)
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1−hw(x) = P(y = 0|x;w). (3.32)

∴ P(y|x;w) = (hw(x))y(1− (hw(x))1−y (3.33)

Since the logistic function is used to predict probabilities, it can be fitted using the maximum like-

lihood function [88]. Maximum likelihood is used to find the smallest possible deviance between

target values and predicted values using derivatives. Likelihood is computed as follows:

L(w) = p(y|X ;w)

=
m

∏
i=1

p(yi|xi;w)

=
m

∏
i=1

(hw(xi))
yi(1−hw(xi))

1−yi

(3.34)

where: ∏
m
i=1 is the logistic function.

The goal of logistic regression is to maximize the likelihood function. To efficiently achieve this

goal, the log of w is used to get the log likelihood l(w) which is given by:

l(w) = logL(w)

=
m

∑
i=1

yilog(h(xi))+(1− yi)log(1−h(xi))
(3.35)

To find the best coefficients that maximize the likelihood function, the derivative of the function

with respect to the weights is computed. The derivative is given as follows:

∂

∂w j l(w) =
(

y 1
g(wx) − (1− y) 1

1−g(wx)

)
∂

∂w j g(wx)

=

(
y 1

g(wx) − (1− y) 1
1−g(wx)

)
g(wx)(1−g(wx))

∂

∂w j wx

=

(
y(1−g(gx))− (1− y)g(wx)

)
x j

= (y−h(x))x j

(3.36)

Weights (coefficients) are iteratively updated using the following Stochastic Gradient Ascent (SGA)

rule:

w j+1 = w j +λ (yi−hw(xi))x
j
i (3.37)
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To perform classification with Logistic Regression, the model makes a classification for a training

example, then a classification error is calculated, and then the model is updated using SGA algo-

rithm to reduce the error for the next classification. This process is repeated until an error is as

small as possible or a set stopping condition is met. The model is then tested for accuracy using

a test set. The LR-n algorithm enhances the standard LR algorithm by selecting the best model

that fits the data well out of k logistic models. The model with the highest diabetes classification

accuracy is selected as the best model.

To create, test and select the best model, the initial dataset D is partitioned into k samples of equal

size at random without replacement. Each sample is further split into training set and validation set

(e.g. using 90% train, 10% validation rule) to create a model. On each iteration of the algorithm,

k−1 models are created using k−1 training samples and the model with the best classification rate

on its validation set is selected to classify the remaining k-th sample. The coefficients of the model

with the best classification rate are used to clasify instances on the k-th sample. The algorithm

restarts n-times with random selection of k samples in order increase chances of getting a model

that can accurately generalize on unseen data. Once the number of restarts reaches a set threshold,

the classification accuracies of selected models are averaged to get the final classification accuracy

of the algorithm. The approach of this algorithm maximizes chances of selecting training sets that

best represent the entire dataset in order to generalize better on unseen data. The pseudocode of

this algorithm is given in Algorithm 10.
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Algorithm 10: Improved Logistic Regression with n restarts.

1 Require A dataset D with m instances

2 Input: A Number of restarts n

3 Input: A Number of samples k

4 Produce: A classification accuracy LR-n given all instances from D

5 begin

6 samples← partition(D,k); . Partition D into k samples of equal size

7 i←0; . Initialize counter for restarts elapsed

8 repeat

9 randomNumber← getRandomNumber(lowerBound,upperBound);

10 finalTestSet← getRandomSample(samples,randomNumber);

11 samples.remove(randomNumber); . Remove final test set from samples

12 foreach sample ki in K-1 samples do

13 Split sample ki into training set Ti and Validation set Vi;

14 coefficientsTi← 0; . Initialise coeffs for all independent variables

15 finalCoeffs← SGA(trainingsetTi); . SGA to find best coeffs

16 classificationAccuracy← getAccuracy(Vi, f inalCoe f f s);

17 listOfFinalCoeffs.add(finalCoeffs);

18 listOfAccuracies.add(classificationAccuracy);

19 bestCoeffs← getBestModel(listO f FinalCoe f f s, listO f Accuracies); . Get

coefficients from the list which gave highest accuracy on Vi

20 finalClassificationAccuracy← getAccuracy( f inalTestSet,bestCoe f f s);

21 listOfFinalAccuracies.add(finalClassificationAccuracy);

22 i++;

23 samples.addSample(finalTestSet,randomNumber); . Re-add for next iteration

24 until i == n;

25 return listOfFinalAccuracies/n; . Avg of accuracies on finalTestSet in each restart
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3.3 Algorithm Performance Measures

Algorithm performance measures are used to determine the quality and the effectiveness of a classi-

fier in achieving a desired goal. In this section, the following performance measures are described:

Accuracy, Error Rate, Confusion Matrix, Sensitivity, Specificity, Positive Predictive Value (PPV),

Negative Predictive Value (NPV), Receiver Operating Characteristic (ROC), Area Under the ROC

Curve (AUC), and Chi-Square Goodness-of-fit test. In this study, these evaluation measures were

used in order to extensively evaluate the experimental results of the methods proposed in this chap-

ter.

1. Accuracy is defined as the total number of instances that were correctly classified by the

classifier divided by the total number of instances in the dataset [151]. The equation for

computing accuracy in a binary classification problem with classes labelled as negative or

positive is given as follows:

Accuracy =
T P+T N

T P+T N +FP+FN
(3.38)

Where:

• True Positive (TP) is the number of instances from the positive class that were cor-

rectly classified as being positive by the classifier.

• True Negative (TN) is the number of instances from the negative class that that were

correctly classified as being negative by the classifier.

• False Positive (FP) is the number of instances from the negative class that were incor-

rectly classified as being positive by the classifier.

• False Negative (FN) is the number of instances from the posit5ive class that were

incorrectly classified as being negative by the classifier.
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2. Error Rate is used to determine the misclassification rate of the classifier [151]. It is simply

computed as 1-accuracy rate of the classifier.

3. Confusion Matrix is used to describe the performance of a classification model. A confu-

sion matrix tabulates the number of correct and incorrect classifications as count values that

are categorized by each class [152]. TP, TN, FP, and FN counts are used to create it.

4. Sensitivity represents the percentage of positive instances that were correctly classified as

being positive by the classifier [151]. This measure is critical in the medical domain where

the goal of the classifier is to diagnose a disease. For example, a classifier with a high

accuracy rate of 95% and sensitivity of 15% is not useful in the diagnosis of a disease since

it cannot identify a majority of positive cases. The equation for Sensitivity is defined as:

Sensitivity =
T P

T P+FN
s (3.39)

5. Specificity is the percentage of negative instances that were correctly classified as negative

by the classifier [151]. The formula for computing Specificity is given as:

Speci f icity =
T N

T N +FP
(3.40)

6. Positive Predictive Value (PPV) is used to determine how likely an instance will be positive

if the classifier classified it as positive [153]. This is measure is used in medical applications

to determine the probability of a disease. PPV is defined as:

PPV =
T P

T P+FP
(3.41)

7. Negative Predictive Value (NPV) is used to determine how likely an instance will be nega-

tive if the classifier classified it as negative [153]. NPV is defined as:

NPV =
T N

T N +FN
(3.42)
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8. Receiver Operating Characteristic curve (ROC) is used to illustrate the classification abil-

ity of a binary classifier as its discrimination threshold is varied [151]. The curve is created

by plotting sensitivity against false positive rate which is simply computed as 1-specificity.

The ROC curve can be used to decide the cut off value for classification when using contin-

uous valued models like regression for binary classification.

9. Area Under the ROC Curve (AUC) is used to summarize the ROC curve results in a

single number [90]. A classifier with AUC value between 90% to 100% is considered an

excellent classifer [130]. A classifier with AUC between 80% and 89% is considered a good

classifier [130]. A classifier with AUC between 70% and 79% is considered a fair classifier,

and a classifier with AUC between 50% and 60% is considered a failure [130]. Several

mathematical methods are used to estimate an AUC. The Riemann Sums, the Trapezoidal

Rule, and Simpson’s Rule are few examples of many methods that are used to compute the

AUC. In this study the Trapezoidal Rule was used.

10. Chi-Square Goodness-of-fit test or simply Chi-Square test is a non-parametric statistical

test that is used to determine if there is sufficient evidence in a sample of data to deduce

that a certain condition (hypothesis) is true for the whole dataset [154] In this study, Chi-

Square tests were conducted to test how well each model or classifier fits the diabetes dataset.

Chi-Square test involves the construction of two statements: the null hypothesis H0 and

alternative hypothesis Ha. Null hypothesis assumes that there is no significant difference

between the observed and the expected value. The alternative hypothesis assumes that there

is a significant difference between the observed and the expected value.



Chapter 4

Experimental Results

The performance results of Machine Learning techniques and feature extraction approaches pro-

posed in Chapter 3 are presented in this chapter. This study applied the following Machine Learn-

ing techniques: the standard K-Means Clustering Algorithm, the CVE-K-Means Clustering Al-

gorithm, a Hybrid of CVE-K-Means and KNN Algorithm (CKNN), a Hybrid of CVE-K-Means

and GRNN (KGRNN), an Ensemble of CVE-K-Means, Boosting, and GRNN(B-KGRNN), an

Improved Multi-Layer Back-Propagation Neural Network (MLP-BPX), and an Improved Logis-

tic Regression with n-restarts (LR-n). These techniques were applied to each of the following

datasets: A-[Unprocessed], B-[Excl Missing], C-[Replaced by Mean], and D-[Extracted Features].

The performance of these ML techniques was evaluated using the following measures: classifica-

tion accuracy, sensitivity, specificity, PPV, NPV, ROC Area, Chi-squared test, and computational

time.

4.1 Feature Extraction

The dataset B-[Excl Missing] was used for discovering the most important features using the Ran-

dom Forest algorithm. Five-fold cross validation was used during training and testing of the Ran-

60
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dom Forest classifier. Weka ML tool was used to implement the Random Forest feature selection

technique. Weka is a machine learning tool that allows researchers to use a collection of ML

techniques for data mining tasks. The pairwise comparison matrix for AHP was constructed by

considering all the attributes in dataset A-[Unprocessed] except the class variable. Feature selec-

tion using Random Forest algorithm and the AHP allowed the proposed ML techniques to improve

their performance results by 10% on average.

4.1.1 Learner-based Feature Extraction using the Random Forest Algorithm

The results of the proposed learner-based feature selection technique are given in table 4.1. The

Attribute Number of Folds Contribution Percentage

Plasma Glucose Concentration at 2 Hours in an Oral Glucose Tolerance Test 5 100%

Diabetes Pedigree Function(PDF) 4 80%

Age in (years) 3 60%

Number of times pregnant 3 60%

Triceps Skin Fold Thickness (mm) 3 60%

2-Hour Serum Insulin Uh/ml) 2 40%

Diastolic Blood Pressure in mm Hg (PRESS) 1 20%

Body Mass Index (Weight in kg / (Height in m)) 1 20%

Table 4.1 Learner-based Feature Extraction Results

results show that PDF and Plasma Glucose are the most significant features in classifying type

II diabetes. Plasma Glucose was considered a significant feature in all 5 folds while PDF was

considered significant in 4 folds. The results also show that Age, Number of Times Pregnant and

Triceps Skin Fold Thickness are equally important features for diabetes classification and they

are the third most important features. Insulin, Blood Pressure and Body Mass Index are the least

important features. These features were only useful in classifying diabetes in one or 2 folds during

cross validation.
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4.1.2 AHP

The results of the leaner-based feature selection technique and the assumptions made on the signif-

icance of attributes in the dataset for Type II diabetes diagnosis were used to construct the pairwise

comparison matrix. It was assumed that insulin and glucose levels are not directly influenced by

genetics since their values are influenced by other attributes such as weight and dietary habits.

Figure 4.1 gives a diagrammatic view of the AHP structure using attributes from the Pima Indian

diabetes dataset.

Figure 4.1 AHP hierarchy for diabetes feature importance

A pairwise comparison matrix for the diabetes dataset is given in figure 4.2. The column headings

(from left to right) and row headings (from top to bottom) for the compared attributes in the matrix

are ordered as follows: GLUC, PDF, AGE, BMI, PREG, PRESS, SKIN, INSU.

A decimal-based matrix (precise to two decimal places) was used for computations to find a priority

vector. A priority vector is a maximum eigenvector that is derived from the pairwise comparison

matrix. A priority vector is used to quantify the relative importance of attributes. Values of matrix

[M] in Figure 4.2 were converted to decimals as shown in Figure 4.3. The matrices from Figure

4.4 to Figure 4.7 show the results of the intermediate steps taken to produce the final priority vector

in Figure 4.8.
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[M] =
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
Figure 4.2 Pairwise Matrix for Diabetes Dataset

It can be observed in the AHP results, presented in Table 4.2, that PDF and Glucose concentration

are ranked as the most important factors. Age, BMI and number of times pregnant are relevant by

8% each. High blood pressure, skin fold thickness and insulin level are individually relevant by

2%, which is extremely low. To compute a consistency ratio, the value of the principal eigenvalue

and Consistency Index were used. The value of λmax (principal eigenvalue) = 8.86, Consistency

Index = 0.12 and the Consistency Ratio = 0.09. This consistency ratio falls within the acceptable

value (less or equal to 0.1); hence one can be confident that the judgements made in this study

for building a pairwise comparison matrix are not inconsistent and they are close to the truth.

Furthermore, the results are in agreement with the results of the learner-based feature extraction

[M] =
1.00 1.00 1.00 9.00 9.00 9.00 9.00 9.00
1.00 1.00 9.00 9.00 9.00 9.00 9.00 9.00
0.11 0.11 1.00 1.00 1.00 7.00 7.00 7.00
0.11 0.11 1.00 1.00 1.00 7.00 7.00 7.00
0.11 0.11 1.00 1.00 1.00 7.00 7.00 7.00
0.11 0.11 0.14 0.14 0.14 1.00 1.00 1.00
0.11 0.11 0.14 0.14 0.14 0.10 1.00 1.00
0.11 0.11 0.14 0.14 0.14 0.10 1.00 1.00


Figure 4.3 Pairwise Compari-
son Matrix in Decimal Format

[M] =
7.06 7.06 32.78 40.78 40.78 178.00 178.00 178.00
7.94 7.94 40.78 48.78 48.78 234.00 234.00 234.00
2.86 2.86 7.04 7.92 7.92 43.98 43.98 43.98
2.86 2.86 7.04 7.92 7.92 43.98 43.98 43.98
2.86 2.86 7.04 7.92 7.92 43.98 43.98 43.98
0.60 0.60 1.94 2.82 2.82 7.92 7.92 7.92
0.60 0.60 1.94 2.82 2.82 7.92 7.92 7.92
0.60 0.60 1.94 2.82 2.82 7.92 7.92 7.92


Figure 4.4 Squared and Normalized
Comparison Matrix.
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w =


0.37
0.35
0.09
0.07
0.07
0.02
0.02


Figure 4.5 First Eigenvector

[M1] =


751.28 751.28 2360.25 3043.75 3043.75 12166.67 12166.67 12166.67
933.28 933.28 2919.86 3786.4 3786.4 14915.31 14915.31 14915.31
187.00 187.00 627.42 809.42 809.42 3229.55 3229.55 3229.55
187.00 187.00 627.42 809.42 809.42 3229.55 3229.55 3229.55
187.00 187.00 627.42 809.42 809.42 3229.55 3229.55 3229.55
44.79 44.79 143.31 180.43 180.43 767.18 767.18 767.18
44.79 44.79 143.31 180.43 180.43 767.18 767.18 767.18
44.79 44.79 143.31 180.43 180.43 767.18 767.18 767.18


Figure 4.6 Second Squared Matrix

[M2] =


4480054.58 4480054.58 14498107.70 18554950.04 18554950.04 75630774.51 75630774.51 75630774.51
5538361.30 5538361.30 17923875.79 22941081.36 22941081.36 93490021.25 93490021.25 93490021.25
1168993.34 1168993.34 3785247.94 4843554.78 4843554.78 19751683.55 19751683.55 19751683.55
1168993.34 1168993.34 3785247.94 4843554.78 4843554.78 19751683.55 19751683.55 19751683.55
1168993.34 1168993.34 3785247.94 4843554.78 4843554.78 19751683.55 19751683.55 19751683.55
272809.27 272809.27 882659.05 1129272.50 1129272.50 4606909.33 4606909.33 4606909.33
272809.27 272809.27 882659.05 1129272.50 1129272.50 4606909.33 4606909.33 4606909.33
272809.27 272809.27 882659.05 1129272.50 1129272.50 4606909.33 4606909.33 4606909.33


Figure 4.7 Final Squared Matrix

wmax =


0.31
0.39
0.08
0.08
0.08
0.02
0.02


Figure 4.8 Final Eigenvector and Priority Vector

technique proposed in this study. Feature extraction using the Random Forest algorithm and the

AHP led to the dataset D-[Extracted Features] to be comprised of only 5 features instead of 9

original features. The most important features that were selected are: GLU, PDF, AGE, PREG,

and SKIN.
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Attribute Ordered w3 Relevance (%) Rank

PDF 0.39 39% 1

GLU 0.31 31% 2

AGE 0.08 8% 3

BMI 0.08 8% 3

PREG 0.08 8% 3

PRESS 0.02 2% 4

SKIN 0.02 2% 4

INS 0.02 2% 4

Table 4.2 Relative Importance of Attributes

4.2 Instance-based Techniques

All the datasets presented in Chapter 3 were used to train and test the performance of the standard

K-Means clustering algorithm and the new CVE-K-Means algorithm. Nine-fold cross validation

was used to train and test both K-Means and the CVE-K-Means technique on each dataset. The

CVE-K-Means technique outperformed the standard K-Means clustering algorithm by 3% in terms

of classification accuracy.

4.2.1 K-Means Clustering Algorithm

K-Means clustering algorithm consistently achieved the lowest results for different number of clus-

ters on the un-preprocessed dataset compared to the results obtained using the derived datasets.

The algorithm achieved the highest classification accuracy of 77% and sensitivity rate of 55% on

dataset B-[Excl Missing] using 10 clusters. The classification accuracy on dataset C-[Replaced by

Mean] and D-[Extracted Features] was 75% on each dataset. The classification accuracy of 73%
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and 30% sensitivity were obtained using the dataset A-[Unprocessed]. This result was the lowest

compared to other datasets. The datasets in which the algorithm produced poor and better results

were considered to investigate the influence of different values of k on the performance of the al-

gorithm. It was discovered that the algorithm produced poor results on dataset B-[Excl Missing]

as the value of k became larger while on dataset A-[Unprocessed] the opposite occurred. This is

illustrated in Figure 4.9.

Figure 4.9 Standard K-Means classification accuracy vs k-value

4.2.2 CVE-K-Means Clustering Algorithm

CVE-K-Means algorithm was able to identify more positive cases than the standard algorithm

during testing. The highest classification accuracy achieved by CVE-K-Means was 80% with sen-

sitivity of 61% using 12 clusters. The algorithm produced these results on the dataset B-[Excl

Missing] using 9-fold cross validation. The classification accuracy on dataset C-[Replaced by

Mean] and D-[Extracted Features] was 78% and 79% respectively. On the unprocessed dataset

A-[Unprocessed] the algorithm achieved the classification accuracy of 77%. This study consid-
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ered the dataset A-[Unprocessed] in which both the standard K-Means clustering algorithm and

the CVE-K-Means algorithm produced poor results compared to other datasets and investigated

how different values of k influenced their performance. After experimentation, it was observed

that the algorithms performed better when k values were between 10 and 21. These results are

shown in Figure 4.10. It can also be noticed in Figure 4.10 that CVE-K-Means shows a consistent

improvement in the classification accuracy for all values of k compared to the standard algorithm.

Figure 4.10 CVE-K-Means classification accuracy vs Standard K-Means using different
values of k

Figure 4.11 gives an overall performance comparison of the accuracy and execution times of the

Standard K-Means algorithm and CVE-K-Means algorithm using the same number of clusters (k)

and the same dataset A-[Unprocessed]. The standard K-Means algorithm was slightly tweaked to

also search for an optimal value of k, as in CVE-K-Means, to fairly compare their execution times

and classification accuracy. The results show that CVE-K-Means consistently found solutions in

less time compared to the standard algorithm for all values of k, even after finding an optimal

value of k for the standard K-Means algorithm. Furthermore, it can be observed that the number
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of clusters used is directly proportional to the execution time of the algorithm since an algorithm

has to consider many instances during classification.

Figure 4.11 CVE-K-Means versus Standard K-Means classification accuracy for each
k-value over time

Figure 4.12 provides an overall summary of CVE-K-Means’ performance measures across all four

datasets. Although the CVE-K-Means algorithm shows improvement in the classification accuracy

accross all the datasets, it can be observed in Figure 4.12 that the algorithm failed to identify a large

number of positive cases since its sensitivity values range between 20% and 61%.

The best classification accuracy that was achieved by the CVE-K-Means algorithm is 3% higher

than the best classification accuracy known in literature by other improved variants of K-Means

clustering. In literature, the best classification accuracy was obtained by an improved K-Means

clustering algorithm proposed by [22] using Pima Indian dataset. Table 4.3 provides a comparison

of results between the CVE-K-Means algorithm and other K-Means clustering variants in literature

which were outperformed by the CVE-K-Means algorithm in terms of classification accuracy.
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Figure 4.12 Performance measures for CVE-K-Means algorithm

Year Reference ML Technique Accuracy k-value Dataset

2017 This study CVE-K-Means 80% 12 B-[Excl Missing]

2016 [146] K-Means 77% Not Reported Pima Indian

2014 [22] K-Means 77% Not reported Pima Indian

2013 [75] NovelK-Means 69% 2 Pima Indian

2012 [74] K-Means 52% 3 Pima Indian

Table 4.3 Accuracy comparison of CVE-K-Means Algorithm with other studies

4.2.3 Hybrid of CVE-K-Means and KNN Algorithm (CKNN)

The performance of the new CKNN was tested using all four datasets. Twenty-five cluster centers

produced by CVE-K-Means algorithm were used as the training set with 10-fold cross validation

and three nearest neighbours for classification. The optimal number of neighbours and clusters

were found through trial and error. CKNN achieved the highest classification accuracy of 81%
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with 89% sensitivity and 88% specificity on dataset B-[Excl Missing]. The algorithm achieved

the second highest classification accuracy of 80% on dataset D-[Extracted Features], followed by

dataset C-[Replaced by Mean] with classification accuracy of 78% and dataset A-[Unprocessed] as

the lowest with classification accuracy of 75%. The performance results of the CKNN algorithm

are given in figure 4.13.

Figure 4.13 Performance measures for CKNN algorithm.

The un-preprocessed dataset, A-[Unprocessed], was used to investigate the impact of using cluster

centers as the training set on the computation time during the classification stage. To achieve

this, the algorithm was tested using different number of cluster centers (between 10 and 300) and

for each iteration the time it took to classify test instances was recorded. The outcomes of this

investigation are given in Figure 4.14. It can be observed from the results that as the number of

clusters increases, the computation time for the classification stage also increases. This increase

in computation time is due to the high number of potential neighbours that have to be assessed for

their proximity to the test instance before the instance is classified. The benefits of using cluster

centres as the training set instead of the whole set would be even more evident in datasets which

contain millions of instances.
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Figure 4.14 CKNN Classification Duration for Different Number of Clusters

Year Reference ML Technique Accuracy k-value Dataset

2017 This study CKNN 81% 3 B-[Excl Missing]

2014 [8] KNN 75% 5 Pima Indian

2014 [22] Amalgam kNN 80% Not reported Pima Indian

2013 [72] Class-wise KNN 78% 10 Pima Indian

2009 [73] KNN-Naive-Bayes 76% 10 Pima Indian

2003 [23] kNNModel 75% 5 Pima Indian

Table 4.4 Accuracy comparison of CKNN Algorithm with other KNN algorithms.
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Table 4.4 compares the performance of the CKNN algorithm to similar techniques reported in

literature which were outperformed by the CVE-K-Means algorithm in terms of classification ac-

curacy.

4.3 Artificial Neural Networks

The KGRNN network was configured with nine neurons in the input layer, forty-nine neurons in

the hidden layer, two neurons in the summation layer and one neuron in the output layer {9,49,2,1}.

Nine-fold cross validation and k = 12 for the CVE-K-Means algorithm were used by the network

for all datasets. Dataset A-[Unprocessed] was used to train and test the B-KGRNN technique since

all ML techniques proposed in this study achieved the lowest classification accuracy on this dataset.

Dataset A-[Unprocessed] was chosen as an ideal candidate for testing the impact of the boosting

technique since it has missing values that can negatively impact the performance of classifiers.

To make the boosting ensemble more effective, dataset A-[Unprocessed] was slightly modified by

normalizing all attribute values to be in the scale of [0,1]. The MLP-BPX network was designed

to have a topology of nine input neurons, two hidden layers with nine neurons in the first hidden

layer, seven neurons in the second hidden layer and one output neuron in the output layer {9,9,7,1}.

The topology and the learning rate with best performance were found through experimentation.

The network was trained and tested using 5-fold cross validation on all datasets. The B-KGRNN

technique outperformed KGRNN and MLP-BPX in terms of classification accuracy, sensitivity,

and specificity. The accuracy of B-KGRNN was 18% and 14% higher than the accuracy of MLP-

BPX and KGRNN respectively. Compared to the MLP-BPX and KGRNN, the sensitivity of B-

KGRNN was superior by 18% and 28% respectively. The specificity of B-KGRNN was superior

to MLP-BPX and KGRNN by 17% and 12% respectively.
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4.3.1 Hybrid of CVE-K-Means and GRNN (KGRNN)

With the selected configuration of 49 neurons (using 49 centroids) in the hidden layer and the

smoothing factor σ = 0.19, the network achieved the highest classification accuracy of 86% with

83% sensitivity and 87% specificity using dataset D-[Extracted Features]. KGRNN achieved the

second highest classification accuracy of 85% on dataset B-[Excl Missing] using σ = 0.08 and 49

centroids as training instances. The network performed poorly on two datasets A-[Unprocessed]

and C-[Replaced by Mean]. It achieved the highest classification accuracy of 66% on dataset A-

[Unprocessed] using 49 centroids and σ = 0.09. On dataset C-[Replaced by Mean] it achieved the

highest classification accuracy of 71% using 49 centroids as training set and σ = 0.05. Figure 4.15

provides the performance results for the KGRNN technique using forty-nine training centroids and

the different values of σ given above.

Figure 4.15 Performance measures for KGRNN network.

For KGRNN to be more effective, it requires a balance between the smoothing factor σ which
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influences the classification accuracy and the number of cluster centers which influence the com-

putational effort of the network. As shown in Figure 4.16 below, the majority of extreme solutions

(very high and low accuracies) are concentrated in the region with smaller values of the smoothing

factor. This is due to the strictness of the network in the selection of centroids which influence the

classification outcome of a test instance as the smoothing factor approaches zero. This behaviour

of the network can also be noticed across all the datasets used in this study as shown in Figure

4.17. The results in Figure 4.16 were obtained by training and testing the network using dataset

D-[Extracted Features].

Figure 4.16 KGRNN accuracy using different values of sigma and number of cluster
centres



4.3 Artificial Neural Networks 75

Figure 4.17 KGRNN accuracy using different values of sigma and datasets

The performance of KGRNN was evaluated by considering the training and classification time as

the number of centroids for training was incrementally increased. The results in Figure 4.18 show

that as the number of centroids increased from 5 to 140, the time it took the network to train and

classify test cases also steadily increased. Figure 4.18 shows that it took longer to train and classify

when the un-processed dataset was used.

The ROC curve for KGRNN is given in Figure 4.19. The AUC of the KGRNN ROC curve is 87%.

This shows that the network is a good classifier. The ROC curve was plotted by training and testing

the network using dataset D-[Extracted Features], 49 centroids as training set and σ = 1.9.

Compared to other GRNN variants proposed in literature, the KGRNN technique outperformed the

standard GRNN technique proposed by Alby and Shivakumar [140] by 1%. The GRNN proposed

in [140] obtained the highest classification accuracy known in literature for a GRNN. Table 4.5

compares the performance of KGRNN to other ANNs in literature which were outperformed by

the KGRNN technique in terms of classification accuracy.
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Figure 4.18 KGRNN Execution Time for Different Number of Centroids.

Figure 4.19 ROC Curve for the KGRNN Network
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Year Reference ML Technique Accuracy Sigma Dataset

2017 This study KGRNN 86% 0.19 D-[Extracted Features]

2017 [140] GRNN 85% Not Reported Pima Indian

2017 [141] RBM ANN 85% N/A Pima Indian

2011 [102] GRNN 84% Not Reported W. G. Unit - Nigeria

2016 [83] CNN 83% N/A Pima Indian

2016 [82] PNN 81% N/A Pima Indian

2003 [79] GRNN 80% 2.5 Pima Indian

2016 [84] GA-MLPNN 79% N/A Pima Indian

2017 [81] RBFN 70% N/A Pima Indian and Synthetic

2014 [135] VGRNN 57% Not reported Pima Indian

Table 4.5 Accuracy comparison of the KGRNN network with other ANNs

4.3.2 Ensemble of CVE-K-Means, Boosting and GRNN(B-KGRNN)

The B-KGRNN technique achieved the highest classification accuracy of 100% with equal sensi-

tivity and specificity rates of 100%. These results were obtained by the proposed technique using

18 centroids and the σ value of 5. For σ values less than 0.02, the network performed slightly

below 100% for all performance measures due to the strictness of the smoothing factor σ .

Ten weak classifiers of KGRNN were combined to form one strong classifier using boosting. Table

4.6 provides a list of contribution weight values (alpha) for ten weak classifiers obtained with

smoothing factor 5 and eighteen centroids. It can be seen from the results in Table 4.6 that the

classifier with the lowest training error has the highest weight in the classification decision. This

phenomenon can also be visualized in Figure 4.20 that shows that the weight of the classifier is

inversely proportional to its training error.
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Weak Classifier hx α αvalue Training Error

h1(x) α1 0.39 0.32

h2(x) α2 0.43 0.30

h3(x) α3 0.49 0.27

h4(x) α4 0.53 0.26

h5(x) α5 0.58 0.24

h6(x) α6 0.69 0.20

h7(x) α7 0.78 0.17

h8(x) α8 0.91 0.14

h9(x) α9 1.01 0.12

h10(x) α10 1.47 0.05

Table 4.6 Weight contribution in the classification for each weak classifier

Figure 4.20 Relationship Between Classifier Weight and Training Error
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The final strong classifier H can be given as an equation using the values in Table 4.6 as follows:

H(x) = α1 ∗h1(x)+α2 ∗h2(x)+α3 ∗h3(x)+α4 ∗h4(x)+α5 ∗h5(x)+α6 ∗h6(x)+α7 ∗h7(x)+α8 ∗h8(x)+α9 ∗h9(x)+α10 ∗h10(x)

(4.1)

Where x is an instance to be classified; h1,h2,..., h10 are weak GRNN classifiers with their respec-

tive classification weights αi. B-KGRNN improved the lowest classification accuracy of KGRNN

by 44% using the same dataset A-[unprocessed]. B-KGRNN achieved a 15% better classifica-

tion accuracy than the highest classification accuracy achieved by the GRNN in [87]. Table 4.7

provides the comparison of classification accuracy between B-KGRNN versus other boosted and

“un-boosted” variants of ANNs which were outperformed by the B-KGRNN technique in terms of

classification accuracy.

Year Reference ML Technique Accuracy Sigma Dataset

2017 This study B-KGRNN 100% 5 A-[Unprocessed]

2017 This study KGRNN 86% 0.19 D-[Extracted Features]

2015 [87] BT+ANN 85% N/A Sawanpracharak RH

2016 [83] CNN 83% N/A Pima Indian

2016 [82] PNN 81% N/A Pima Indian

2003 [79] GRNN 80% 2.5 Pima Indian

2016 [84] GA-MLPNN 79% N/A Pima Indian

2017 [81] RBFN 70% N/A Pima Indian

2014 [135] VGRNN 57% Not reported Pima Indian

Table 4.7 Comparison of the B-KGRNN with other ANN variants
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4.3.3 Improved Multi-Layer Back-Propagation Neural Network (MLP-BPX)

The best classification accuracy that was obtained by the proposed network on test instances us-

ing the learning rate of 0.67 and 500 training epochs was 82% with 72% sensitivity and 73%

specificity. The MLP-BPX network achieved a classification accuracy of 84% on the training

set during 5-fold cross validation. These results were obtained on the dataset B-[Excl Missing].

The proposed network achieved the second highest classification accuracy of 81% on dataset D-

[Extracted Features], followed by the classification accuracy of 79% on dataset C-[Replaced by

Mean]. The lowest classification accuracy achieved by the proposed network was 71% on dataset

A-[Unprocessed]. The same network configuration was used for all four datasets. The learning

rate of 0.67 did not only produce a good classification accuracy but it also enabled the network

to produce acceptable sensitivity and specificity results. Figure 4.21 shows performance results of

the MLP-BPX network on the different datasets.

Figure 4.21 Performance measures for MLP-BPX network
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Figure 4.22 gives the comparison of classification accuracies achieved by MLP-BPX on test in-

stances from different datasets during cross validation. Figure 4.23 provides a performance com-

parison between different training sets during cross validation.

Figure 4.22 MLP-BPX accuracy on different test sets for each fold

Figure 4.23 MLP-BPX accuracy on different train sets for each fold
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Figure 4.24, 4.25, 4.26, 4.27, and 4.28 show a cross validation training and test error trend of

the network on dataset B-[Excl Missing] in which the network achieved its highest classification

accuracy.

Figure 4.24 MLP-BPX Fold 1 on B-
[Excl Missing]

Figure 4.25 MLP-BPX Fold 2 on B-
[Excl Missing]

Figure 4.26 MLP-BPX Fold 3 on B-
[Excl Missing]

Figure 4.27 MLP-BPX Fold 4 on B-
[Excl Missing]
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Figure 4.28 MLP-BPX Fold 5 on B-[Excl Missing]

In these charts one can observe that the Mean Squared Error (MSE) stops decreasing and starts

increasing after a certain number of iterations. This is due to over-fitting on the test sets. It is

important to note that the MLP-BPX network was programmed to only consider the best solution

that was obtained before over-fitting commenced. Hence, the trends are only used to show the

behaviour of the network on the test data without stopping the learning when over-fitting starts

occurring. All the training trends show how the network consistently learned the data until the

smallest error was reached. Figure 4.29, 4.30, 4.31, 4.32, and 4.33 give a cross validation training

and test error trend of the network on dataset D-[Extracted Features] in which the network achieved

the second highest classification accuracy.
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Figure 4.29 MLP-BPX Fold 1 on D-
[Extracted Features]

Figure 4.30 MLP-BPX Fold 2 on D-
[Extracted Features]

Figure 4.31 MLP-BPX Fold 3 on D-
[Extracted Features]

Figure 4.32 MLP-BPX Fold 4 on D-
[Extracted Features]
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Figure 4.33 MLP-BPX Fold 5 on D-[Extracted Features]

Figure 4.34, 4.35, 4.36, 4.37, and 4.38 give a cross validation training and test error trend of

the network on dataset C-[Replaced by Mean] in which the network achieved the third highest

classification accuracy.

Figure 4.34 MLP-BPX Fold 1 on C-
[Replaced by Mean]

Figure 4.35 MLP-BPX Fold 2 on C-
[Replaced by Mean]
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Figure 4.36 MLP-BPX Fold 3 on C-
[Replaced by Mean]

Figure 4.37 MLP-BPX Fold 4 on C-
[Replaced by Mean]

Figure 4.38 MLP-BPX Fold 5 on C-[Replaced by Mean]

Figure 4.39, 4.40, 4.41, 4.42, and 4.43 provide a cross validation training and test error trend of the

network on dataset A-[Unprocessed] in which the network achieved the lowest classification accu-

racy. The network was trained using this dataset with a learning rate of 0.01 and 60 epochs. With

this dataset the network was not able to converge using a high learning rate (0.67) that was used

for other datasets. The learning rate and number of epochs were chosen through experimentation.
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Figure 4.39 MLP-BPX Fold 1 on A-
[Unprocessed]

Figure 4.40 MLP-BPX Fold 32 on A-
[Unprocessed]

Figure 4.41 MLP-BPX Fold 3 on A-
[Unprocessed]

Figure 4.42 MLP-BPX Fold 4 on A-
[Unprocessed]
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Figure 4.43 MLP-BPX Fold 5 on A-[Unprocessed]

The outcomes of testing the performance of MLP-BPX network using different configurations on

dataset B-[Excl Missing] are given in figure 4.44 below.

Figure 4.44 MLP-BPX classification accuracy using different configurations on dataset
B-[Excl Missing].

In Figure 4.44, the network with configuration {9,9,7,1} has the best classification of 82% on the

test set, while configurations {9,9,8,1} and {9,9,9,1} have the second best classification accuracy
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of 80%. Configuration {9,9,1,1} has the lowest classification accuracy of 76%. The otherconfigu-

rations have classification accuracies that range between 77% and 79%. Table 4.8 below provides

detailed results on the performance of the network with these configurations. It is important to

note that the lowest MSE errors reported in Table 4.8 are errors of the fold with the lowest error

during 5-fold cross validation. Therefore it is possible for a network configuration with the best

overall accuracy to have the lowest training or test error that is higher than the configuration with

the lower overall accuracy. The last column in Table 4.8 gives the epoch number where the best

solution was found on each fold/iteration of 5-fold cross validation during testing.

Network Configuration Num of Epochs in CV Time (Seconds) Lowest Training Error Lowest Test Error Classification Accuracy Best Epoch in Each Fold (1,..,5)

9,9,1,1 500 1.268 0.076 0.078 76.33% 2,119,31,9,296

9,9,2,1 500 1.958 0.066 0.075 78.87% 2,98,192,128,40

9,9,3,1 500 2.893 0.070 0.074 79.15% 14,463,19,92,60

9,9,4,1 500 3.485 0.069 0.072 79.71% 288,3,9,6,27

9,9,5,1 500 4.196 0.067 0.078 78.30% 106,7,5,109,7

9,9,6,1 500 4.783 0.064 0.068 80.00% 294,72,8,160,7

9,9,7,1 500 5.662 0.059 0.060 82.00% 33,12,470,173,4

9,9,8,1 500 6.369 0.064 0.068 80.00% 84,38,267,5,8

9,9,9,1 500 7.026 0.068 0.052 80.00% 72,55,60,151,8

Table 4.8 MLP-BPX performance using different configurations on dataset B-[Excl Miss-
ing].

The ROC curve for MLP-BPX Network is given in Figure 4.45. The AUC of the MLP-BPX ROC

is 80.4%, this allows the network to be called a good classifier. The ROC curve was plotted by

training and testing the network using dataset B-[Excl Missing], 500 training epochs and a learning

rate of 0.67. Statistical analysis on the classification performance of MLP-BPX Network is given

in Table 4.9. The level of significance was selected to be 0.05. This means that the null hypothesis

is rejected if the computed p-value is less than 0.05. The dataset B-[Excl Missing] was used for

the statistical analysis. The statistical results show that only the third model (3rd fold) did not fit

the diabetes data well even though a classification accuracy of 85% was achieved by the model

on the test data. This model did not classify a sufficient number of expected positive instances.
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Figure 4.45 ROC Curve for MLP-BPX Network

The null hypothesis was accepted in all other four models during cross validation, meaning that

they classified a significant number of expected diabetic and non-diabetic instances in the test set.

Hence, the hull hypothesis was accepted.

Fold Number Expected (Non Diabetic, Diabetic) Observed (Non Diabetic, Diabetic) Degrees of Freedom Chi-square p-value: Result

Fold 1 46,25 49,22 1 0.56 0.46 Accept H0

Fold 2 49,22 44,27 1 1.65 0.20 Accept H0

Fold 3 43,28 53,18 1 5.32 0.02 Reject H0

Fold 4 50,21 52,19 1 0.27 0.60 Accept H0

Fold 5 45,26 44,27 1 0.06 0.81 Accept H0

Table 4.9 Goodness-of-fit test for 5-fold CV MLP-BPX Network

Table 4.10 provides a comparison of the MLP-BPX with recent studies in literature which were

outperformed by the MLP-BPX techniques in terms of classification accuracy.
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Year Reference ML Technique Accuracy Learning Rate Dataset

2017 This study MLP-BPX 82% 0.67 B-[Excl Missing]

2016 Poonkuzhali et al. [98] MLP-BP 80% 0.33 Pima Indian

2016 Karumuri et al. [99] Mathlab MLP 80% 0.3 Pima Indian

2016 Jan et al. [100] CV-MLP 75% Not Reported Pima Indian

2011 Pradhan et al. [101] MLP-GA 72% Not Reported Pima Indian

Table 4.10 Performance comparison of different types of MLP Neural Networks

4.4 Statistical Techniques

On each iteration (restart) of the LR-n technique, the dataset was randomly partitioned into five

samples of equal size, and four of these samples were used to create four LR models. Each sample

was used to create a distinct LR model. To create a LR model, each sample was partitioned 60:40

into a training set and a validation set. The 5-th sample was used as the test sample for the model

with the best classification accuracy on its validation set. The following parameters were used to

train and test the LR-n technique on all datasets: number of restarts = 5, number of samples = 5,

number of epochs for GSA algorithm = 300, and a learning rate = 0.15.

4.4.1 Improved Logistic Regression with n−restarts (LR-n)

The LR-n technique achieved the highest classification accuracy of 84% with 72% sensitivity and

100% specificity on dataset B-[Excl Missing]. The Logistic Regression equations for the model

with best validation accuracy on each restart were obtained and are as follows:

E(y) = hw(0.38∗PREG+1.53∗GLUC−0.31∗PRESS+1∗SKIN +1.98∗ INSU +0.41∗BMI +1.49∗PDF +1.36∗AGE)

(4.2)
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E(y) = hw(0.15∗PREG+1.68∗GLUC−0.41∗PRESS+1.47∗SKIN +1.2∗ INSU−0.66∗BMI−0.06∗PDF +1.91∗AGE)

(4.3)

E(y) = hw(0.85∗PREG+2.43∗GLUC−0.47∗PRESS−1.17∗SKIN +1.67∗ INSU−0.61∗BMI +1.53∗PDF +1.1∗AGE)

(4.4)

E(y) = hw(−0.2−3.38∗PREG+0.58∗GLUC+3.34∗PRESS−0.47∗SKIN +1.2∗ INSU−0.29∗BMI +1.27∗PDF +0.37∗AGE)

(4.5)

E(y) = hw(−0.16∗PREG+1.34∗GLUC+0.58∗PRESS+1.7∗SKIN +1.05∗ INSU +1.14∗BMI +0.65∗PDF +1.32∗AGE)

(4.6)

E(y) = hw(0.04∗PREG+2.38∗GLUC−1.2∗PRESS+0.48∗SKIN−0.24∗ INSU +0.12∗BMI +0.64∗PDF +2.22∗AGE)

(4.7)

The algorithm converts the output of hw into crisp values 0 or 1 using the cut off value of 0.5 (i.e.

if output of hw is less than 0.5 then output = 0 else output = 1). The chart in Figure 4.46 shows the

classification accuracy of each model that was picked to classify the final test set per restart. One

can observe from the results in Figure 4.46 that LR-n achieved the lowest average classification

accuracy of 64% on dataset A-[Unprocessed], followed by average accuracy of 80% on dataset

C-[Replaced by Mean], and then the second highest average classification accuracy of 81% on

dataset D-[Extracted Features]. All these results were obtained using similar parameters that were

used to find the best classification accuracy of 84% using dataset B-[Excl Missing].

The proposed LR model achieved the lowest classification accuracy on the unprocessed dataset

A-[Unprocessed] compared to all techniques proposed in this study. This suggests that the logistic

model does not deal well with missing data or attribute values of varying scales to learn effectively.

This is supported by the lowest sensitivity of 7% that was achieved by the model on the unprocessed

dataset A-[Unprocessed]. Figure 4.47 provides performance results of the proposed LR-n model

on different datasets. The ROC curve for LR-n technique is given in Figure 4.48. The AUC of the

LR-n ROC curve is 77% which allows the LR-n technique to be regarded as a fair classifier. The
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Figure 4.46 Performance of best LR models on final test sets on each restart

ROC curve was plotted by training and testing the technique with dataset B-[Excl Missing], using

a learning rate of 0.15 and 300 epochs for SGA algorithm.

Figure 4.47 Performance measures for LR-n technique.
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Figure 4.48 ROC Curve for LR-n model

The statistical analysis of the classification performance of LR-n technique on dataset t B-[Excl

Missing] is given in Table 4.11. The level of significance was selected to be 0.05. According to

Chi-Square results in Table 4.11, the fourth model (best model in the 4-th restart) did not fit the

diabetes data well. This model did not classify a sufficient number of expected diabetic and non

diabetic instances. The null hypothesis is accepted for the four models, meaning that they classified

a significant number of expected diabetic and non-diabetic instances on the test set. Hence, the hull

hypothesis was accepted.

The standard LR model was also trained and tested in this study. This standard model achieved

the classification accuracy of less than 68% in all datasets utilized in this study. It is evident from

the results that LR-n improved the accuracy of the standard LR model by approximately 17%.

LR-n technique also performed better than other variants of Logistic Regression techniques that

were proposed in literature. Table 4.12 provides a comparison of the LR-n technique with similar
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Model Expected (Non Diabetic, Diabetic) Observed (Non Diabetic, Diabetic) Degrees of Freedom Chi-square p-value: Result

Model 1 20,8 20,8 1 0.00 1.00 Accept H0

Model 2 23,5 22,6 1 0.24 0.62 Accept H0

Model 3 19,9 21,7 1 0.66 0.42 Accept H0

Model 4 23,5 18,10 1 6.09 0.01 Reject H0

Model 5 18,10 17,11 1 0.16 0.69 Accept H0

Table 4.11 Goodness-of-fit test for n models in LR-n algorithm

techniques in literature which were outperformed by the LR-n in terms of classification accuracy.
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Year Reference ML Technique Accuracy Dataset

2017 This study LR-n 84% B-[Excl Missing]

2015 Nongyao Nai-Aruna, et al. [87] LR with Boosting (BT+LR) 82% Sawanpracharak RH

2013 Bassam et al. [143] LR 81% Kuwait NHN

2016 Devi et al. [144] LR 79% AR Hospital - Madurai

2004 Cabrera et al [90] Carabera’s LR (CLR) 78% Pima Indian

Table 4.12 Comparison of LR variants

4.5 Summary of Results

Table 4.13 provides an overall summary of all the results obtained in this study. Figure 4.48, 4.49,

4.50, 4.51 show the performance comparison of these techniques in graphical form.

Figure 4.49 Performance Comparison of proposed ML techniques on dataset A-
[Unprocessed]
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Dataset ML technique Accuracy Sensitivity Specificity PPV NPV Area Under the ROC Curve (AUC)

A-[Unprocessed] CVE-K-Means 77% 41% 94% 76% 78% -

CKNN 75% 68% 84% 75% 79% -

KGRNN 66% 68% 66% 53% 78% -

B-KGRNN 100% 100% 100% 100% 100% 100%

MLP-BPX 71% 83% 36% 43% 79% -

LR-n 64% 7% 98% 20% 65% -

B-[Excl Missing] CVE-K-Means 80% 61% 90% 60% 90% -

CKNN 81% 89% 88% 73% 96% -

KGRNN 85% 67% 92% 75% 89% -

MLP-BPX 82% 72% 73% 57% 83% 80%

LR-n 84% 72% 100% 100% 87% 77%

C-[Replaced by Mean] CVE-K-Means 78% 59% 88% 70% 81% -

CKNN 78% 56% 98% 93% 82% -

KGRNN 71% 65% 76% 65% 76% -

MLP-BPX 79% 61% 88% 68% 84% -

LR-n 80% 72% 73% 73 83 -

D-[Extracted Features] CVE-K-Means 79% 67% 86% 71% 73% -

CKNN 80% 71% 90% 83% 83% -

KGRNN 86% 83% 87% 77% 91% 87%

MLP-BPX 81% 70% 81% 66% 84% -

LR-n 81% 59% 95% 85% 79% -

Table 4.13 Summary of results obtained by ML techniques proposed in this study
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Figure 4.50 Performance Comparison of proposed ML techniques on dataset B-[Excl
Missing]

Figure 4.51 Performance Comparison of proposed ML techniques on dataset C-
[Replaced by Mean]
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Figure 4.52 Performance Comparison of proposed ML techniques on dataset D-
[Extracted Features]

An overview of recent results in literature and the results obtained in this study is provided in Table

4.14.
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Algorithm Type Algorithm Year Reference Accuracy Learning Rate Smoothing Factor σ Num of Neighbours (k) Clusters

Artificial Neural Networks B-KGRNN 2017 This study 100% N/A 0.2 N/A 18

KGRNN 2017 This study 86% N/A 0.19 N/A N/A

BT+ANN 2015 Nongyao et al. [87] 85% N/A N/A N/A N/A

CNN 2016 S. Tharani et al. [83] 83% N/A N/A N/A N/A

MLP-BPX 2017 This study 82% 0.67 N/A N/A N/A

PNN 2016 Zahed Soltani [82] 81% N/A N/A N/A N/A

GRNN 2003 Kayaer et al. [79] 80% N/A 2.5 N/A 49

[98] MLP-BP 2016 Poonkuzhali et al. [98] 80% 0.33 N/A N/A N/A

Mathlab MLP 2016 Karumuri et al. [99] 80% 0.30 N/A N/A N/A

GA-MLPNN 2016 Kumar Choubey [84] 79% N/A N/A N/A N/A

CV-MLP 2016 Jan et al. [100] 75% Not Reported N/A N/A N/A

MLP-GA 2011 Pradhan et al. [101 72% Not Reported N/A N/A N/A

RBFN 2017 Cheruku et al. [81] 70% N/A N/A N/A N/A

VGRNN 2014 V. Sujatha [135] 57% N/A Not Reported N/A N/A

Instance-based Techniques CVE-K-Means 2017 This study 80% N/A N/A N/A 12

K-Means Clustering 2017 This study 77% N/A N/A N/A 12

[22] K-Means 2014 Vijayan et al. [22] 77% N/A N/A N/A Not Reported

[75] Novel K-Means 2013 Shadi et al. [75] 69% N/A N/A N/A 2

[74] K-Means 2012 Nidhi et al. [74] 52% N/A N/A N/A 3

CKNN 2017 This study 81% N/A N/A 3 N/A

Amalgam KNN 2014 Vijayan et al. [22] 80% N/A N/A Not Reported N/A

Class-wise KNN 2013 Christobel et al. [72] 78% N/A N/A 10 N/A

KNN-Naive-Bayes 2009 L. Jiang et al. [73] 76% N/A N/A 10 N/A

[8] KNN 2014 K. Saxena et al. [8] 75% N/A N/A 5 N/A

kNNModel 2003 Gongde Guo et al. [23] 75% N/A N/A > 5 N/A

Statistical Techniques LR-n 2017 This study 84% 0.15 N/A N/A N/A

LR with Boosting 2015 Nongyao et al. [87] 82% Not Reported N/A N/A N/A

Carabera LR (CLR) 2014 Cabrera et al. [90] 78% Not Reported N/A N/A N/A

Meng LR (MLR) 2013 Meng et al. [91] 77% Not Reported N/A N/A N/A

Table 4.14 Comparison of best results with previous studies
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Discussion

The following Machine Learning techniques were applied: the standard K-Means Clustering Al-

gorithm, the CVE-K-Means Clustering Algorithm, a Hybrid of the CVE-K-Means and the KNN

Algorithm (CKNN), a Hybrid of CVE-K-Means and GRNN (KGRNN), an Ensemble of CVE-

K-Means, Boosting, and GRNN(B-KGRNN), an Improved Multi-Layer Back-Propagation Neural

Network (MLP-BPX), and an Improved Logistic Regression with n-restarts (LR-n). The perfor-

mance results of these techniques and their implications are discussed. The discussion on the

impacts of different data preprocessing techniques used and the limitations of classification tech-

niques proposed in this study is then provided. A comparative analysis of the performance between

the Machine Learning techniques proposed in this study and those in literature is also provided and

discussed in this chapter.

5.1 Data Preprocessing

The Pima Indian diabetes dataset has 65% positive instances and 35% negative instances. This

means that the dataset is slightly imbalanced. This dataset has an average feature completeness rate

of 90%. Feature completeness rate is the number of instances with a value for the feature divided

101
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by the total number of instances in the dataset. Out of the 9 features in the dataset, 4 of them

are 100% complete, meaning that 44% of features in the dataset are complete. These features are

PREG, PDF, AGE, and Class Variable. Two out of 9 features (22% of the total) are 99% complete.

These features are GLU and BMI. PRESS is 95% complete, SKIN is 70% complete, and INS is

51% complete. The minimal imbalance in the dataset and the high number of incomplete features

motivated this study to apply feature extraction techniques and preprocess the dataset to produce

other additional datasets of better quality. On average, the proposed ML techniques obtained results

which were 12% higher on the derived datasets compared to the original un-preprocessed dataset.

This clearly shows that the issue of incomplete feature values and the minimal class imbalance

in the dataset was adequately addressed by preprocessing the data and applying feature extraction

techniques.

The removal of missing values provided the best results compared to other data preprocessing

techniques in this study. This approach ensured that all instances which caused noise, variance and

bias in the dataset were removed. Feature extraction followed by data imputation also provided an

improvement on the performance of ML techniques. The advantage of imputing the data is that

all instances in the dataset are not removed but their quality is improved by substituting erroneous

attribute values which cause noise in the data with better values. The advantage of using feature

selection was the exclusion of redundant features which made the learning of ML technique slow

and inefficient. The balance of feature importance between features whose values are directly

influenced by genetics and those which are not was observed. As shown in the feature extraction

results in Table 4.2, the combined feature importance percentage for features that are influenced by

genetics is 51% (PDF+MMI+PRESS+SKIN) while for those which are not influenced by genetics

is 49% (GLU+AGE+PREG+INS = 49%). These results imply that although hereditary charac-

teristics have a significant influence in the development of diabetes, other factors are as equally

important as diabetes risk factors.
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Although the ML techniques performed well on the derived datasets, the preprocessing techniques

that were used to derive them also have limitations. Removing missing values has limitations

when the original dataset is very small since it causes a reduction in the total number of instances

in the dataset. Similarly for feature extraction, if the dataset has a small number of features then it

becomes difficult to obtain exceptional results using a very small number of features. The downside

of imputing data is that instances with erroneous attribute values are not removed in the dataset and

they still pose of a risk of negatively impacting the performance of ML techniques if the imputation

technique was not effective.

5.2 Comparison of Techniques

The algorithm performance evaluation measures such as the classification accuracy, sensitivity,

specificity, and ROC were used in this study. These performance measures were used to determine

the efficacy of the proposed ML techniques in type II diabetes diagnosis and to compare their

performance with each other including other ML techniques proposed in literature. Sensitivity and

specificity were used to assess the effectiveness of the classifiers in identifying diabetic and non

diabetic instances since the classification accuracy only reveals the number of instances that were

correctly classified from all test instances. The ML techniques employed in this study obtained

competitive results on the derived datasets, and a majority of them did not perform well on the

un-preprocessed dataset. Out of six novel ML techniques proposed in this study, three of them

obtained results which were superior to the best results known in literature that were obtained by

similar techniques. The proposed ML techniques were superior in terms of classification accuracy

and computational time complexity. The proposed ML techniques were applied to each of the

following datasets: A-[Unprocessed], B-[Excl Missing], C-[Replaced by Mean], and D-[Extracted

Features].

The dataset A-[Unprocessed] is the raw Pima Indian dataset. This dataset had seven hundred and
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sixty eight (768) instances, of which 65% of them were not diabetec and 35% were diabetic. Each

instance in this dataset had nine attributes. The ML techniques in this study were applied on this

dataset without preprocessing it. The best classification accuracy of 100% was obtained by the B-

KGRNN technique on this dataset. This was followed by the CVE-K-Means, CKNN, MLP-BPX,

KGRNN, and LR-n technique which individually obtained the highest classification accuracy of

77%, 75%, 71%, 66%, and 64% respectively. Each of these techniques had the sensitivity of 41%,

68%, 83%, 68%, and 7% respectively. An ensemble of CVE-K-Means, Adaboost, and the KGRNN

technique significantly improved the performance of the KGRNN technique on this dataset. The

ensemble improved the classification accuracy and sensitivity of the KGRNN technique on dataset

A-[Unprocessed] by 34% and 32% respectively. This shows that the B-KGRNN technique was

more effective in dealing with noise, bias, and varying attribute value scales in the dataset. Each

weak learner in the B-KGRNN technique effectively encoded all training instances which could

not be encoded by other learners, thus, allowing the final classifier which is a combination of weak

KGRNN techniques to be able to generalize well on the test data.

Although the B-KGRNN technique performed well on dataset A-[Unprocessed] than other tech-

niques, the enhanced Instance-based techniques outperformed the the other ANNs and the Statis-

tical technique. This shows that the enhancements applied on Instance-based techniques enabled

them to deal better with noise and variance in the data since these techniques are known to be prone

to noise and bias in the data. The LR-n technique obtained the lowest sensitivity and classification

accuracy on dataset A-[Unprocessed] compared to other techniques on the same dataset. The LR-n

technique obtained the sensitivity of 7% and the classification accuracy of 64%. The missing data

and the presence of slight class imbalance in the dataset inhibited the technique from learning the

training data well to be effective in generalizing well on unseen instances. The sensitivity results

show that the noise and the presence of slight class imbalance in the dataset favored the learning

of a large number of negative instances than positive instances by the LR-n technique. Notwith-
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standing the poor performance of the majority of ML techniques on dataset A-[Unprocessed], the

advantage of using the original dataset without preprocessing it is that it allows the use of all the

instances and their features in a dataset without the loss of any essential information which can aid

the ML techniques to learn better. This however, comes at a high cost because the disadvantages

of using a dataset without preprocessing it outweigh the advantages. Often, raw data is prone to

noise and bias due to missing values and class imbalance which significantly affect the efficacy of

ML techniques in a negative way.

The dataset B-[Excl Missing] was formed as a result of removing instances with missing values

in the Pima Indian dataset. This dataset had three hundred and fifty-nine (359) instances of which

55% of them were not diabetec and 45% were diabetic. Each instance in this dataset had nine

attributes. The best classification accuracy of 85% with 67% sensitivity on this dataset was ob-

tained by the KGNN technique compared to other techniques. The CKNN technique obtained the

best sensitivity of 89% with 81% classification accuracy on this dataset compared to other tech-

niques. The CVE-K-Means technique obtained the lowest classification accuracy of 80% and 67%

sensitivity on this dataset. The results showed that excluding the missing data from the Pima In-

dian dataset improved the classification accuracy of all the ML techniques employed in this study.

The classification accuracy of the LR-n, KGRNN, MLP-BPX, CKNN, CVE-K-Means, and the

technique improved by 20%, 19%, 11%, 6%, and 3% respectively. The sensitivity for the LR-n,

CKNN, and the CVE-K-Means technique improved by 65%, 21%, 20%, and respectively. On the

other hand, the sensitivity of the KGRNN and the MLP-BPX technique decreased by 1% and 11%

respectively.

The removal of the missing data provided a significant increase in accuracy and sensitivity of the

LR-n technique. This suggested that the LR-n technique was only effective when the dataset was

cleansed of noise and the slight class imbalance was reduced. Although the KGRNN and the

MLP-BPX technique also had the highest improvement in terms of classification accuracy, their
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ability to diagnose more diabetic cases slightly decreased. This indicates that the KGRNN and

the MLP-BPX were not very effective in classifying a large number of positive instances also in

the absence of noise and class imbalance in the data. Instead, the removal of missing data made

the KGRNN and the MLP-BPX technique to be more effective in classifying negative instances.

The exclusion of missing values also allowed the CVE-K-Means technique to be more effective in

classifying positive instances. By considering both the classification accuracy and sensitivity, one

can conclude that the CKNN technique performed better than other techniques in diagnosing type

II diabetes on the dataset B-[Excl Missing].

The dataset C-[Replaced by Mean] was formed by imputing missing values in the Pima Indian

dataset with their respective attribute mean values. The class variable and number of times preg-

nant (PREG) attribute values were not imputed since missing values were represented by zeros

in the data set. The zeros were permissible in these two attributes. The dataset C-[Replaced by

Mean] had an equal number of instances as dataset A-[Unprocessed]. The ratio of diabetic and non

diabetic instances was also the same. The LR-n technique obtained the best classification accuracy

of 80% and 72% sensitivity on dataset C-[Replaced by Mean] compared to other techniques. Al-

though most techniques obtained an improved classification accuracy on dataset C-[Replaced by

Mean] compared to dataset A-[Unprocessed], their sensitivity significantly decreased on dataset

C-[Replaced by Mean]. The sensitivity of the MLP-BPX, CKNN, and the KGRNN technique de-

creased by 22%, 12%, and 3% respectively. The CVE-K-Means had 18% increase in sensitivity

on dataset C-[Replaced by Mean]. The classification accuracy of the LR-n, MLP-BPX, KGRNN,

CKNN, and the CVE-K-Means technique improved by 20%, 8%, 5%, 5%, and 1% respectively on

dataset C-[Replaced by Mean].

The improvement in the classification accuracy of the KGRNN, CKNN and the MLP-BPX tech-

nique were mainly due to many negatives instances which were correctly classified. The imputation

of missing values with the mean value introduced a new kind of noise which made these techniques
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to be more sensitive to the slight class imbalance in the dataset. Therefore, these techniques were

more effective in encoding negative instances, which consequently improved their classification

accuracy. If the improvement in classification accuracy by the KGRNN, CKNN and the LMP-

BPX technique is considered individually, one would conclude that these techniques diagnosed

diabetes better on dataset C-[Replaced by Mean] than on dataset A-[Unprocessed]. However,

when the classification accuracy is observed in conjunction with sensitivity, it can be noticed that

these techniques were less effective in identifying more positive cases on datased C-[Replaced by

Mean] than on dataset A-[Unprocessed]. Therefore, evaluating the performance of ML techniques

using both metrics leads to more reliable results. The restarts in LR-n technique made it to deal

well with the new type of noise that was introduced by missing value imputation in the dataset,

thus, the technique obtained the best results on datased C-[Replaced by Mean] compared to other

techniques.

The dataset D-[Extracted Features] was formed as a result of excluding insignificant features in

the Pima Indian dataset using the AHP and the Random Forest algorithm feature extraction tech-

nique. This dataset had three hundred and fifty-nine instances (359) of which 55% of them were

not diabetec and 45% were diabetic. Each instance in this dataset had five attributes which were

selected as significant attributes by the two feature extraction techniques. These attributes were:

GLU, PDF, AGE, PREG, and SKIN. The KGRNN technique obtained the best classification accu-

racy of 86% and 83% sensitivity which were superior to other techniques on this dataset. Feature

extraction provided an improvement in the classification accuracy and sensitivity for four out of

the five ML techniques. The classification accuracy of the KGRNN, LR-n, MLP-BPX, CKNN,

and the CVE-K-Means technique improved by 20%, 17%, 10%, 5%, and 2% respectively on

dataset D-[Extracted Features]. Their sensitivity of the CKNN, CVE-K-Means, LR-n, KGRNN,

improved by 42%, 26%, 18%, and 15% respectively. The sensitivity of the MLP-BPX technique

was reduced by 13%. The exclusion of insignificant features allowed the KGRNN technique to
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effectively learn to classify both negative and positive instances on dataset D-[Extracted Features]

unlike in dataset B-[Excl Missing] where it could only encode a majority of negative instances.

The combination of both feature extraction and the removal of missing values reduced noise in the

dataset and the slight class imbalance, thus, it led to faster learning and better classification. The

KGRNN technique performed better on dataset D-[Extracted Features] because it used centroids

which were produced from a clean training set which represented the entire dataset well. Hence, it

outperformed other ML techniques on this dataset.

The CVE-K-Means, KGRNN and the CKNN technique showed an improvement in computational

time during training and testing compared to their respective standard ML techniques. The results

in Figure 4.10 showed that the combination of k-fold cross validation and intelligently selecting

initial cluster centres provided an improvement in the classification accuracy of the standard K-

Means algorithm since the CVE-K-Means algorithm consistently obtained better results than the

standard K-Means algorithm for different values of k on the same dataset. Furthermore, the re-

sults in Figure 4.11 suggested that there was no correlation between the execution time of the two

techniques and their classification accuracy, however, the results showed that the improvements

made on the standard K-Means algorithm had a positive impact when it comes to improving the

execution time of the algorithm and in obtaining better results. The use of cluster centroids that

were intelligently selected using CVE-K-Means algorithm did not show any improvement in the

classification accuracy of the CKNN algorithm compared to the standard KNN algorithm. Both

techniques obtained similar results across all the datasets except in the computational time dur-

ing the classification stage. The CKNN technique showed an improvement in computational time

complexity during the classification stage since only a small number of instances representing a

whole training set were used for training. This is supported by the results in Figure 4.14 which

showed that for the CKNN technique, the time to classify test instances was directly proportional

to the number of instances used as the training set. The centroids produced by the CVE-K-Means
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to train the KGRNN technique ensured that the network obtained improved results in less compu-

tational time. When all instances in the training set were used instead of the centroids to train the

GRNN, the computation of the Gaussian activation function for every instance in the training set

increased the computational time of the network.

The ROC curve area was used to illustrate the classification effectiveness of three classifiers (MLP-

BPX, KGRNN, and LR-n) as their discrimination threshold varied during classification since they

classified instances based on a cut-off value of their output. The ROC results of the KGRNN,

MLP-BPX and LR-n model showed that these classifiers are suitable to be used for the diagnosis

of type II diabetes. Apart from the B-KGRNN which had the best classification accuracy, sensitiv-

ity and specificity compared to other techniques. When the results of ML technique on all datasets

were considered, the KGRNN technique obtained the best accuracy compared to other techniques.

The CKNN technique obtained the best sensitivity, while the LR-n technique obtained the best

specificity compared to other techniques. The classification accuracy and sensitivity were treated

as equally important in evaluating the efficacy of the techniques proposed in this study unlike in

many studies in literature which only reported on the classification accuracy of their techniques

to demonstrate the efficacy of their techniques. The ability of the classifier to effectively identify

positive instances is equally important as its classification accuracy in the diabetes diagnosis prob-

lem. In medical diagnosis problems it is important to have a classifier which can identify positive

cases exceptionally well because false positive results lead to further tests which ultimately lead to

a correct diagnosis, while false negative results lead to failure to treat a disease.

The results have shown that three out of the six Machine Learning techniques proposed in this

study (CVE-K-Means, KGRNN, B-KGRNN) obtained results which were superior to the best

known results in literature by their similar counterparts. The ROC results in conjunction with

the classification accuracy and sensitivity showed that the Artificial Neural Networks are a better

choice for type II diabetes diagnosis compared to the Statistical technique and the Instance-based
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techniques. The ANNs have shown good performance on un preprocessed dataset when they were

hybridized with other ML techniques such as Adaboost whichis specifically designed to deal with

noise and class imbalance in a dataset. The ANNs also showed good performance when the com-

bination of missing value and feature extraction were used. Instance-based techniques showed the

best performance only when missing values were removed in the dataset. While statistical tech-

niques showed the best performance when missing values were removed and when missing values

were imputed with attribute mean in the dataset. This shows that there is no data preprocessing

technique which optimally works for all ML techniques. Therefore, the selection of a data pre-

processing technique to employ should be carefully decided by also considering the strengths and

weaknesses of a ML technique to be applied. The experimental results have shown that the use

of various data preprocessing techniques and the hybridization of individually enhanced Machine

Learning techniques provided improved results compared to previous studies in literature.

5.3 Method Limitations

Although the proposed ML techniques performed well in diagnosing diabetes using various datasets,

they still had weaknesses which were observed during the study. For example, the KGRNN tech-

nique performed well on the derived datasets, however, it struggled to obtain good results on the

dataset A-[Unprocessed] and dataset C-[Replaced by Mean]. This implies that the network was

sensitive to noise and varying attribute scales in the data. The use of Xavier weight initialization

technique did not provide any significant benefit to the classification accuracy of the MLP-BPX

network, except that the technique enabled the network to converge slightly faster even for smaller

values of the learning rate which are known to slow the convergences of network. The classifica-

tion accuracy of the MLP-BPX network was similar to that of the MLP-BP network with the same

configuration and weights initialized using random values between -1 and 1. The lack of impact

in the classification accuracy of the MLP-BPX network by the Xavier technique may be attributed
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to the configuration of the network since the Xavier technique is known to be more effective when

the network has many hidden layers. LR-n performed poorly on the A-[Unprocessed] by achieving

the lowest sensitivity of 7% compared to all techniques proposed in this study. This implies that

LR-n could not deal well with the missing data, slight class imbalance and varying scales in the

attribute values in the data. Therefore, it is recommended for the datasets to be extensively pre-

processed before the logistic regression technique is applied on them. Instance-based techniques

were not effective in identifying positive cases, especially on the un-preprocessed dataset in which

they outperformed other techniques in terms of classification accuracy. These techniques achieved

a higher classification accuracy by classifying a high number of negative cases compared to other

techniques. This shows that these techniques were susceptible to class imbalance in the dataset

since the datasets had more negative instances than positive instances.

5.4 Comparison with Previous Studies

A performance comparison of the proposed ML techniques with previous studies in literature is

outlined in Table 5.1. The classification accuracy, sensitivity, specificity, and the ROC area were

used for comparison.
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Algorithm Type Algorithm Year Reference Accuracy Sensitivity Specificity ROC Area Dataset

Artificial Neural Networks B-KGRNN 2017 This study 100% 100% 100% 100% Pima Indian

K-Means+C4.5+ANN 2012 Priya et al. [15] 98% 96% 98% Not Reported Pima Indian

ML-BPN 2015 Durairaj and Kalaiselvi [13] 91% Not Reported Not Reported Not Reported Pima Indian

KGRNN 2017 This study 86% 83% 87% 87% Pima Indian

GRNN 2017 Alby and Shivakumar [140] 85% 91% 73% Not Reported Pima Indian

GA-ML-BPN 2011 Karegowda et al. [14] 84% Not Reported Not Reported Not Reported Pima Indian

GRNN 2011 Adeyemo and Akinwonmi [102] 84% Not Reported Not Reported Not Reported Wesley Guild Unit - Nigeria

MLP-BPX 2017 This study 82% 72% 73% 80% Pima Indian

DTDN 2012 Mehmet et al. [55] 76% 53% 88% Not Reported Pima Indian

PNN 2012 Mehmet et al. [55] 72% 63% 76% Not Reported Pima Indian

Instance-based Techniques KNN 2014 Saxena et al. [8] 97% Not Reported Not Reported N/A LARS Diabetes

GA-KNN-Kmeans 2012 Karegowda et al. [20] 89% Not Reported Not Reported N/A Pima Indian

CKNN 2017 This study 81% 89% 88% N/A Pima Indian

CVE-K-Means 2017 This study 80% 61% 90% N/A Pima Indian

KNN-K-Means 2014 Vijayan et al. [22] 80% Not Reported Not Reported N/A Pima Indian

K-Means Clustering 2017 This study 77% 55% 94% N/A Pima Indian

K-Means 2014 Vijayan et al. [22] 77% Not Reported Not Reported N/A Pima Indian

KNN 2014 Vijayan et al. [22] 73% Not Reported Not Reported N/A Pima Indian

Statistical Techniques LR+BSF 2016 Devi et al. [144] 90% Not Reported Not Reported Not Reported AR Hospital - Madurai

LR 2013 Bassam et al. [143] 84% Not Reported Not Reported Not Reported Kuwait NHN

LR-n 2017 This study 84% 72% 100% 77% Pima Indian

LR 2015 Nai-aruna et al. [87] 82% Not Reported Not Reported Not Reported Sawanpracharak RH

LR+Boosting 2015 Nai-aruna et al. [87] 78% Not Reported Not Reported Not Reported Sawanpracharak RH

LR+Bagging 2015 Nai-aruna et al. [87] 77% Not Reported Not Reported Not Reported Sawanpracharak RH

LR 2013 Meng et al. [91] 77% 80% 72% Not Reported Zhuguang - China

Decision Tree J48 2015 Habibie et al. [31] 99% 70% Not Reported 88% Tabriz EA - Iran

Improved J48 2014 Kaur and Amit [32] 91% Not Reported Not Reported Not Reported Pima Indian

C4.5 2012 Ashwinkumar and Anandakumar [37] 68% Not Reported Not Reported Not Reported BGS Hospital - India

CART 2012 Ashwinkumar and Anandakumar [37] 44% Not Reported Not Reported Not Reported BGS Hospital - India

Support Vector Machines GDA-LS-SVM 2008 K. Polat et al. [43] 79% 73% 80% N/A Pima Indian

LS-SVM 2008 K. Polat et al. [43] 78% 83% 82% N/A Pima Indian

VaR-SVM 2013 Tsyurmasto et al. [44] 93% Not Reported Not Reported N/A Pima Indian

SSVM 2009 Purnami et al. [45] 88% Not Reported Not Reported N/A Pima Indian

SVM+MLP-BPN 2012 Zolfaghari [47] 79% Not Reported Not Reported N/A Pima Indian

Rule-based Systems Fuzzy-Rule 2010 Aibinu [49] 80% Not Reported Not Reported N/A Pima Indian

ANFIS-GMDH 2008 Sharifi et al. [118] 80% Not Reported Not Reported N/A Pima Indian

Evolving Rule-Base 2010 Lekkas et al. [120] 83% Not Reported Not Reported N/A Pima Indian

Population-Based Techniques GA 2010 Aslam and Nandi [50] 75% Not Reported Not Reported N/A Pima Indian

GP+CPS 2010 Aslam and Nandi [50] 82% Not Reported Not Reported N/A Pima Indian

Table 5.1 Comparison of results with those in literature
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It can be observed in Table 5.1 that a majority of studies in literature did not report the sensitivity,

specificity and the ROC results of their ML techniques. This poses a challenge when one is com-

paring their results with other experiments. Most of these ML techniques proposed in literature

had high classification accuracies, however, their efficacy in positively identifying diabetic cases

is not known due to the exclusion of essential algorithm performance measures such as sensitivity

and specificity. One can also observe that the Pima Indian dataset was widely used by a majority

of studies.

The comparative analysis in Table 5.1 shows that the ANNs followed by SVMs, Instanced-based

techniques, and Statistical techniques performed better than other approaches in terms of classifi-

cation accuracy. Considering the results in Table 5.1, the average classification accuracy of ANNs,

SVMs, Instance-based, and Statistical techniques is 86%, 83%, 82%, and 82% respectively. The

average classification accuracy for Rule-based techniques, Population-based techniques, and the

Decision Tree is 81%, 78%, and 76% respectively.

The B-KGRNN, KGRNN, and CVE-K-Means technique improved the best classification accuracy

obtained by similar techniques in literature by 17%, 1%, and 2% respectively. The B-KGRNN

technique also outperformed the best performed ANN known in literature by 2%. The n model

and the CKNN technique were outperformed by the best known similar techniques in literature by

6% and 16% respectively in terms of classification accuracy. These results and the comparative

analysis in Table 5.1 show that the ANNs and Instance-based techniques are more effective in

solving the diabetes diagnosis problem compared to other methods proposed in literature.
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Conclusion and Future Work

In this study, the Type II diabetes diagnosis problem was presented and addressed using six en-

hanced Machine Learning techniques. Three different types of enhanced Artificial Neural Net-

works, a Statistical Regression model, and Instance-based techniques were applied to solve the

type II diabetes diagnosis problem. The efficacy of these techniques in diagnosing type II diabetes

on various datasets was compared between them and also with previous studies in literature. The

classification accuracy, sensitivity, specificity, NPV, PPV, Chi-square test and the ROC were used

to evaluate the efficacy of the Machine Learning techniques on various datasets. The Machine

Learning techniques proposed in this study obtained very competitive results, and some of them

outperformed other Machine Learning techniques proposed in literature.

The Pima Indian diabetes dataset was preprocessed using different data preprocessing and feature

extraction techniques to form new datasets which were used to train and evaluate the performance

of ML techniques proposed in this study. The Min-Max normalization technique, AHP, Random

Forest feature extraction, missing value removal, and missing value imputation were employed as

data preprocessing techniques. The ML techniques in this study showed a significant improvement

in their performance on preprocessed datasets. Most of these techniques could not reach their

optimal performance on the original un-preprocessed dataset with missing values and the dataset

114
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with imputed data. The results showed that the proposed techniques achieved lower results on

these two datasets compared to the datasets where instances with missing values were removed or

relevant features were extracted. Therefore, one can conclude that data imputation is not effective

as feature extraction and removing instances with missing values or a combination of both.

The literature review showed that most studies only used the classification accuracy to show the ef-

ficacy of their Machine Learning techniques instead of incorporating other performance measures

to clearly demonstrate the effectiveness of their Machine Learning approaches. This study has

addressed this by using various performance measures to show the true efficacy of the ML tech-

niques in diagnosing type II diabetes. The ANNs in this study obtained the best results compared to

Instance-based techniques and the Statistical technique. The ANNs obtained the highest classifica-

tion accuracy of 100% which is an optimal result. The Instance-based techniques obtained the best

classification accuracy of 81% with 89% sensitivity and 88% specificity. The statistical technique

obtained the highest classification accuracy of 84% with 72% sensitivity and 100% specificity.

The ANNs have showed good performance on un-preprocessed dataset and also when the com-

bination of missing value and feature extraction was used. Instance-based techniques showed the

best performance only when missing values were removed in the dataset. The Statistical technique

showed the best performance when missing values were removed and when missing values were

imputed with attribute mean in the dataset. The B-KGRNN, CVE-K-Means, and KGRNN outper-

formed similar techniques in literature in terms of classification accuracy by 17%, 2% , and 1%

respectively.

Based on the results obtained in this study and those in previous studies, it can be concluded that

the Artificial Neural Networks are more effective in diagnosing type II diabetes compared to other

Machine Learning approaches. It can also be concluded that combining the removal of instances

with missing values and feature extraction is more effective in improving the performance of ML

techniques than other types of data preprocessing methods. In conclusion, this study has shown
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that the use of ML techniques which were enhanced using novel approaches, their hybridization,

and efficiently preprocessing the dataset provided promising results in type II diabetes diagnosis,

of which one of them was an optimal result, i.e., 100% classification accuracy.

A direction of future work in this problem would be to employ the proposed data preprocessing

techniques on different datasets in different domains to improve the performance of ML techniques.

It would be beneficial as future work to perform a time complexity analysis on the performance

of the techniques proposed in this study. Another future work would be to employ the proposed

Machine Learning techniques in other domains to ascertain whether improved results could be

obtained.
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Appendix A

Feature Selection with Weka Machine

Learning Tool

To perform feature selection in Weka, follow the following intial steps:

1. Open the Weka GUI Chooser

2. Click the “Explorer” button to launch the Explorer

3. Open your desired dataset

4. Click the “Preprocess” tab to see data preprocessing options available

5. Convert the class variable from numeric to binary by clicking the “Filter” option using “Nu-

mericToBinary” filter as shown in figure A.1

6. Click the “Select attributes” tab to access the feature selection methods as shown in figure

A.2.
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Figure A.1 Weka preprocess tab

Figure A.2 Weka feature selection initial tab
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The way Weka performs feature selection is divided into two parts: Attribute Evaluator and

Search Method. The difference between the two parts is that an attribute evaluator evaluates

the significance of a single attribute in the context of the output variable while the Search

Method evaluates different combinations of attributes in order to find a set of attributes which

are significant than others in the context of the output variable such as a class variable. Weka

allows the configuration of an attribute evaluator and a search method.

7. Under “Attribute Evaluator” option, select “WrapperSubsetEval” option as the attribute eval-

uator, “BestFirst” as Search Method and then select “Random Forest” as the learner as shown

in figure A.3.

Figure A.3 Weka Selection of Attribute Evaluator, Search Method and Learner

8. Insert number of folds for CV under “Attribue Selection Mode”
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9. Click on “Start” button, then Weka will start selecting features on each fold as shown in

figure A.4 (this may take several minutes depending on your dataset size)

Figure A.4 Weka feature selection execution

10. The results of the feature selection technique are obtained and presented as shown in figure

A.5.
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Figure A.5 Weka Learner-based feature selection results



Appendix B

User Manual

An easy to use Java GUI-based System was developed in this study for training and testing all the

algorithms proposed in this study.

B.0.1 Diabetes Classification System Requirements

In order to be able to run the diabetes classification system, a testing device should be running any

Windows OS software which supports JAVA 1.6 software. It is necessary for the java software to

be installed before running the classification system.

B.0.2 Running the Application

To run the application, one must locate the jar file named “DiabetesClassifier.jar” in the JAR folder

that’s within the “Executables” folder on files submitted with this dissertation. To run the appli-

cation, a uers must right click it and select “Open” option. An application will start and show the

main window that allows a user to select a desired ML technique as shown in figure B.1.
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Figure B.1 Diabetes Classification System Main Window
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B.0.3 Selecting ML technique and Uploading The Dataset

In order to run a desired ML technique, a user must first select an ML technique of choice by

clicking a button on the main window. Upon the selection of a technique, a new window with

options to upload a dataset, to select parameters, to start the algorithm, and visualizing the output

of the algorithm will appear. The new window also has an option to view instructions on how to

execute the desired algorithm. To choose a dataset, a user must select the “File” option at the top

left corner of the new window then navigate to the desired folder and file then click on “Open”

button as shown in figure B.2. All the datasets for this study are stored under Datasets folder on

the files submitted with this dissertation.

Figure B.2 Dataset Selection Demonstration
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B.0.4 Selecting Parameters and Executing Selected Technique

One a user has uploaded a desired dataset, they must select or input all parameters necessary to

run the algorithm. Once all parameters are selected, a user must click on “Start” button to initiate

the algorithm. If one of the parameters is not entered correctly or a dataset is not selected before

clicking the “Start” button, an error message will be displayed as shown in figure B.3 and figure

B.4.

Figure B.3 Error Message for Missing Dataset
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Figure B.4 Error Message for Invalid Parameter Input
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B.0.5 ML technique Execution and Results

Upon starting the selected technique, a timer will be shown on the window opened in section B.0.3

in order to constantly update the user about the execution progress of the selected technique as

shown in figure B.5.

Figure B.5 Algorithm Execution Progress
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Once the selected techniques finishes executing, the results are displayed at the bottom of the

window with title “"Tehchnique Results"” as shown in figure B.6.

Figure B.6 Selected ML technique Results

After the results are displayed on the window, a user can copy and save the results including the

parameters used for future use.
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B.0.6 Getting Help

In order to get help on how to utilize the system, a user can click the “Help” option on the window

that appears after selecting a desired ML technique from the main window. Upon clicking a sub-

option of the help option, instructions will be displayed on the pop up window as shown in figure

B.7. All the steps described in the preceding sections apply to all ML techniques proposed in this

study.

Figure B.7 Instructions for Executing Desired ML technique
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