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Abstract

Human health is the most important and valuable field in life. Obesity is one of the main causes of
many diseases that might cause death such as diabetes, hypertension, and stroke. Artificial
Intelligence (Al), which has offered inference tools to support clinical decision-making. The
integration of Artificial Intelligence in the field of Healthcare diagnostic is an effective method in
a large number of health care applications. The diagnostic procedures for health care problems can
be categorized as intelligent data, prediction, and classification tasks. Artificial intelligence
techniques can be utilized to predict and classify obesity disease to give appropriate assistance to
physicians in decision-making. Several intelligence techniques are being used to diagnose diseases
such as a neural network, fuzzy logic, expert systems, etc.

In this research, different Artificial intelligence techniques were used to classify and predict the
child's obesity. The dataset was collected from 4 cities in Palestine. The Collected data passed
through data preprocessing and applying feature extraction that most closely affect the child's
obesity. Where the final step is applying the Al methods to recognize the patterns in the dataset.
Decision-tree, k-nearest neighbor, support vector machine, logistic regression, neural network, and
a hybrid adaptive neuro-fuzzy inference system that combines fuzzy logic and neural networks,
were used to recognize the pattern on the dataset and improve the results of the classification of
obesity in children with high accuracy. For this neuro-fuzzy hybrid model, the membership
functions used are trimf, trapmf, gaussmf, and gauss2mf, where two types of Neuro-fuzzy
structures were used; grid partitioning and clustering structure. The total of fuzzy rules was 512
obtaining as an output and the degree of belonging of a child to obesity or not.

Based on the obtained results for the applied dataset that represents all cities , the hybrid adaptive
Neuro-fuzzy inference system achieved a prediction accuracy of 98.33% using grid partition and
using neural networks which achieved an accuracy of 98.40% which are very good results and
deserved to be used in a real application to help specialists in making decisions, while the other
models got accuracy as follows: Logistic Regression 97.50%, d-tree 92.30%, KNN 93.60%, and
SVM 97.10%. Also another results were obtained when the same techniques were applied for
each city alone, city 1 results (ANFIS-Grid 99.97% , ANFIS-Cluster 98.58%, Logistic Regression
95.20% and Neural Network 97.40%), the other detailed results are shown in chapter 4.
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Chapter 1

Introduction




1 Introduction

There is a close relationship between obesity and serious health risks. In the past fifty
years, obesity has become a global problem, which is considered as one of the real
causes that affect a person's health [1]. There have been many opinions about whether
obesity is a disease or not. In 1977, the American Health Care Financing
Administration confirmed that obesity was not a disease. In 2002, the Japanese
Association for the Study of Obesity had published standards that were applied to its
population, considering obesity as a disease [2]. In 2010, the Scottish Intercollegiate
Guideline described obesity as follows: ‘Obesity is defined as a disease process
characterized by excessive body fat accumulation with multiple organ-specific
consequences’. Again after three years, the American Medical Association considered
obesity as a disease and this was followed by several other health institutions around
the world [2]. Finally, in 2015, obesity was considered as a medicinal state which
required a medical intervention [2]. Obesity results from many factors that lead to an
imbalance between the energy gained and lost during a long period. These aspects
include genetics, epigenetic, physiological, behavioral, sociocultural, and
environmental factors [1]. It is well known that some factors contribute to the obesity
epidemic such as lack of sleep, quitting smoking, endocrine disruptors like chemicals

in food, giving birth in old age, and obesity-related to medication intake [1] [3].

In the past years, information technology was used to develop many studies, also
Artificial Intelligence (Al) has offered inference tools to support clinical decision-
making, and other parts in science and engineering [4]. Simply, Al is a way to teach

computers how to think, make decisions and act like humans, so, logically the



computer should do things that people originally do (would be considered intelligent)
[4]. Al employs the information gathered from electronic health records, to come up

with a result to assist the doctors in decision making and diagnosing diseases [5].

Classifications techniques were used in many fields to gather similar data together, which make
dealing with each similar group much easier and used for many other goals depending on the
problem [6]. In general, the classification uses training data to build a classification model and
then to be used in predicting the class for some new sample where the features are known but the

class label is not [7].

Al is used in classification as supervised learning in which the algorithm learns from the input data
and then uses this learning in building a model to predict some new data [6]. Many Al algorithms
are used for classification. In the recent study, six algorithms are used to compare and come up
with a conclusion. The first model is the logistic regression which, in general, sees how well the
output is predicted from some sets of independent variables [8]. Logistic regression draws an S-
shaped or sigmoid curve to fit the data as close as to the real values [9]. The second algorithm is
the Decision Tree, this algorithm classify some data into levels by building a tree consist of three
layers: root node layer, internal nodes layer, and leaf nodes layer [10]. The third model is the
Support Vector Machine (SVM). Simply, this technique, SVM, aims to make boundaries between
each class [11]. The fourth model is K-nearest neighbor. This model is very simple, gives a good
result, and usually assumes that the similar data is close to each other, when classifying new data,

it depends on the distance to each class [12].

The fifth model is an artificial neural networks (ANNs) which is a part of Al, ANNSs
and simulates the biological neural networks [4]. ANNs is a model with complex

functions. It can be used whenever there is a connection between independent predictor



variables (inputs) and dependent predicted variables (outputs), and it learns from
known data and recognizes the patterns between them. Once the ANNs were learned
the hidden relationship between inputs and outputs, they can predict the output from
new given input data. After that, training is performed which makes the neural network
predict with very high accuracy [13]. Mainly ANN was used in medical decision

support systems because of its ability to learn the complex nonlinear relationship [14].

The sixth model is the Adaptive network fuzzy inference system (ANFIS) which is the
combination of ANN and Fuzzy inference systems (FIS). FIS also is a part of Al, it is
defined that there is a different membership degree (which the member can belong to),
that allows to clean up the uncertain situations in the form of rules by using a decision-
making mechanism [15]. ANFIS technique combines the benefits of the two machine
learning algorithms fuzzy logic decision-making mechanism, learning ability, and

relational structure of the ANN [15].

In recent studies, the first aim is to determine if the person is at risk of obesity using the
neuro-fuzzy technique. Secondly, studying previous steps involved in predicting
obesity and performing a comparison of classification algorithms to determine the
more adequate classifier to improve the prediction accuracy in cases of obesity.
Different data mining algorithms will be applied to the obesity datasets like; regression,
decision trees, Support Vector Machine (SVM), and neural networks. In this thesis, all

the experiments are performed on local data set from Palestine.



1.1 Objectives

Through this thesis, the main aim is to improve the accuracy of determining if the person is at risk
of obesity or not using Al techniques. In other words, considering the appropriate mechanism for
analyzing the data and searching for a more accurate method to assess obesity is the main aim of
the study. Early classification and prediction of obesity can be obtained by using Al techniques
that will be able to avoid many diseases, such as: vascular disease (that is, diabetes with

cardiovascular complications) which is highly linked with obesity
Specific Objectives:

Other specific objectives of the study are the following:

Using Clustering techniques which are k-means clustering and c-mean fuzzy clustering to

group the homogeneous data

Analyzing different types of Al techniques for obesity classification and prediction

Selecting the most appropriate Al techniques for classification and prediction of obesity

Applying the hybrid model of Neuro-fuzzy to classification and prediction of obesity

1.2 Contribution

In this research, artificial intelligence techniques which include logistic regression, KNN, SVM,
decision tree, and neural network were applied to improve the classification and prediction of
obesity on a Palestinian dataset among children with ages between 8-12 years. A hybrid model
that combines NNs and fuzzy logic was proposed with different membership functions like trimf,
trapmf, gaussmf, and gauss2mf, where two types of Neuro-fuzzy structures were used; grid
partitioning and clustering structure to improve the classification accuracy and compare the two

structures and determine which one is better in this case.



The neuro-fuzzy model uses 512 rules to obtain the output and the degree of belonging of a child
to obesity or not. The neuro-fuzzy model was able to classify and predict obesity with high
accuracy results comparing with other Al traditional models. The contribution of the research in
the field of data mining is oriented to allow the construction and determination of a hybrid model
that allows optimizing data classification in the field of health; it is aimed at allowing better

prevention against obesity.

1.3 Overview

In this chapter of the thesis, the problem statement that is the obesity classification and
prediction, our objectives are illustrated and contributed. The rest of the thesis are

arranged as follows:

Chapter two will give a background about the dataset, then literature within the related
research field will be discussed, also, it provides some other used techniques to predict
and classify obesity. Chapter three will discuss in general the dataset, at first the
collection and preprocessing steps will be shown, and then the general method
procedures and the performance metrics are used to evaluate the machine learning
techniques will be illustrated. In chapter four, some experiments and the results of each
technique will be discussed, also, a comparison between techniques showing the best

one will be provided. Chapter five presents the conclusion and future work.



Chapter 2

Background




2 Introduction

Conforming to the global health institutions, obesity is known as a disease that mainly affects a
person's health, obesity is one of the main risk factors for type-2 diabetes and cardiovascular
disease, particularly, in children. Obesity affects the respiratory system and increases the incidence
of asthma [16].In the United States, more than 30% of children and teenagers suffer from
overweight or obesity [17]. Also, more than 300,000 people suffer from obesity and asthma were
related. Studies have indicated that increasing a person's obesity increases the risk of asthma [18].
Studies on obesity are rare in Palestine, that it is a very important topic which should be pointed
out, due to the significant increase in the percentage of obese children from 3 to 6% within five
years, while in the rest of the world the percentage has increased from 1 to 7% in 41 years [19]. In
Palestine, according to the ministry of health (2018), type-2 diabetes, hypertension and metabolic
syndrome associated with increased obesity account for 50% of deaths [20]. Many techniques have
been developed to predict and classify obesity disease based on the patient’s records. In this work,
clustering techniques such as k-means and fuzzy c- means with the aim of grouping similar obesity
data are used and after that different Al models and a hybrid Neuro-fuzzy model are used to

classify and predict obesity.

2.1 Related Works

In [23], the authors used ANFIS to test the performance of this technique to estimate
the BMI. They used five factors to predict BMI (waist circumference, fasting glucose,
high-density  lipoprotein, triglycerides, and homeostatic model assessment-Insulin

Resistance). Also, the researchers have concluded that obesity can be avoided if



changeable risk factors and modified lifestyle are controlled. So, this method was

effective to predict BMI.

In the research [24], the authors made a comparison of clustering methods for obesity
classification. These methods were wused in that study decision tree, discriminant
analysis, Fuzzy Rule-based System (FRBS), Kth-Nearest Neighbor (KNN), Neural
Networks (NN), and Support Vector Machine (SVM). The researchers aimed to find
out some other new method to classify obesity with no need to measure other
dimensions of the body, which sometimes difficult to measure. Their result showed

that FRBS is more accurate than other used techniques.

According to paper [25], obesity affects more than 500 million adults worldwide and
by 2030, more than 1 billion adults are expected to suffer from obesity. It is
exponentially grown in obesity and that increases the mortality levels, in this research,
a review of the application of Artificial Intelligence (Al) on obesity management is
presented. Different datasets selected from well-known databases are used to prove the
effect of Al in solving this problem. The author's study includes; a decision support
system for obesity surgery, Artificial Neural Network that relates obesity to heart
disease; Artificial Neural Network to predict obesity in the future and a Neuro-Fuzzy
Model to refine body mass index results. It was concluded that all Al research models

have a tendency to more accurate results.

In [26], the researchers studied the accuracy of an adaptive Neuro-fuzzy computing
system in prediction of the anti-obesity using the medicinal plant. The researchers
compare the results of the Neuro-fuzzy model with the results of Support Vector

Regression (SVR) depending on the Root-Mean-Square Error (RMSE) and the
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coefficient of determination (R2). The result of the Neuro-fuzzy model outperforms the

result of SVR.

In [27], the researchers aimed to predict body fat percentage from some measurable
data such as (age, gender, weight, height, waist Circumference, and different laboratory
results). They applied some soft computing methods such as support vector machine,
linear regression, and feed-forward neural networks to their data, they concluded that
support vector machine is better than feed-forward neural networks and linear

regression.

In [28], the authors took the obesity problem among children aged 12 years old. They
used four classification techniques which are: Bayesian Network, Decision Tree,
Neural Networks, and Support Vector Machine (SVM). They concluded that the
Decision Tree and Support Vector Machine is the best technique for this data set and

problem.

In [29], the researchers used logistic regression and neural networks to classify obesity.
Their results showed that both techniques have no difference in classification. The
researchers used lifestyle information and demographic variables of (age, marital
status, level of education, duration of physical activity per week, and history of
smoking) with their frequencies, which were obtained from each individual). Besides
that, they have used anthropometric measures of (weight, height, Mid-Upper Arm
Circumference (MUAC), Waist Circumference (WC), Hip Circumference (HC), triceps

skinfold, and abdomen thicknesses measured).
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In [30], the researchers used a fuzzy inference system due to uncertainty and vagueness
data which form obesity and can be measured such as lifestyle, eating habits, and level
of activity. They used many inputs and one output where the inputs are (sex, age, Gene
GAD?2, high-calorie food, fast food infiltration in our culture, Lack of physical activity,
sociology of food, energy imbalance, larger portion sizes, diseases and drugs, negative
emotions and early menarche). It is concluded that their system can be used as decision

support to help experienced physicians.

In [31], the authors used multiple linear regression, Artificial Neural Networks (ANN),
and Adaptive Neuro-Fuzzy Inference System (ANFIS). Their results showed that
ANFIS is more beneficial than the other models in predicting BMI. They have
interpreted the results that ANFIS is an appropriate model for uncertain fuzzy variables

as in this case.

In [32], the authors said that obesity is the main major that forms a background for
many diseases, also they considered obesity as a disease that shortens the human life
and negatively affects the quality of an individual's life, in general, they aimed to make
diagnoses with Al depending on medical data. It is concluded that Neuro-Fuzzy

Systems results are a reliable classification system for quickly diagnosing.

The authors in [33] used two types of data mining algorithms called logistic regression
and a multilayer perception (MLP) neural network to classify and follow-up obesity.
The two models' results showed that the classifying performance NNs is better than

logistic regression.
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In [34], the authors used Recurrent Neural Networks (RNNs) depending on the time-
aware architecture to select important features and detect irregular observation from
clinical patient records for obesity with the goal of obesity status improvement

prediction. The method can detect 77-86% accuracy of irregularities.

In paper [35], the authors made a review about childhood obesity prevention and treatment using
computerized decision support and machine learning, they confirmed that obesity is linked to
several chronic diseases such as cardiovascular disease, diabetes, and cancer. From their review,
it is found that researches in the CDS and ML field for childhood obesity is rare, and they highly
recommended using these methods in childhood obesity diagnoses and treatment. Because these
methods can extract useful knowledge from the provided data and support the Specialists in their

decisions, they concluded that ML is very useful and helpful for predicting childhood obesity.

In paper [36], the authors found that obesity in childhood and teenagers is rising dangerously in
many countries, this poses a threat, as it is associated with several potentially fatal diseases. They
recommended using ML models tools in this field to its strength in prediction and represent the
complex nonlinear relationships between the parameters. In this research they reviewed and
compared the ML models and deep learning methods with the traditional statistical methods, their

comparison showed that ML models give better results in prediction.

As It has been reviewed, obesity is considered a very dangerous disease that leads to fatal diseases,
and the researches in this field are rare. Therefore, in this research, different machine-learning
methods are used to predict and classify obesity, a comparison is made between Logistic
Regression, KNN, SVM, Decision Tree, Neural Network and Neuro-Fuzzy to come up with a

summary of which method is better, in this case, to help the specialists to diagnose and treat the



13

obesity early. Also, clustering methods (K-means and Fuzzy C means) are used to give more

accurate results.



Chapter 3

The Proposed
Method
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3 Proposed Method

This chapter clarifies the proposed method which aims to perform a comparison of classification
algorithms to determine the most suitable classifier, improve prediction accuracy in cases of
obesity and predict if someone tends to be obese. In the beginning, it starts by selecting the dataset
and describing the preprocessing steps. After that, the deployed models will be described:
Regression, Decision Trees, SVM, and Neural Networks. The main method that will be
investigated is clustering techniques with the aim of grouping similar obesity data. Afterward,
depending on this clustering result, Neuro-Fuzzy (Neural networks and Fuzzy Logic) Model will
be used to classify and predict several parameters that will speed up and increase the accuracy of

the diagnostic process. Figure 3-1 shows the block diagram of the forecasting model in general.

Data collection

Data pre-processing

Meodel Building and
training

Meodel testing

Figure 3-1: The block diagram of the forecasting model in general
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3.1 Dataset Description

The Dataset is Palestinian locally collected to apply it in different models. The dataset
contains 970 random records for people from four cities, each record has 12 features
and depending on these features, the results were deduced. Figure 3.1-1 shows some of

the data which is used and Table 1 represents the valid ranges for each feature:

Table 1 : Valid ranges for each feature

Feature Name Minimum Value Maximum Value
BMI 1 4
Age 8 12
WHtR 0.34 0.69
WHR 0.56 1.48
Fat mass% 3 57.9
Fat mass 0.6 52.8
Lean mass 13.9 54.3
Weight 194 94.2
Height 113 166
Hip Circumference 41 125
Waist Circumference 43 111
City 1 4
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A E C D E F G H | J K L I

1 |BMI age WHiR WHR Fatmass%|Fatmass |Lean masgWeight |Height |Hip circurWaistcircCity target

2 2 12 0.45 0.87 16.5 7.5 37.9 45.4 152 78 68 2 0
3 2 11 0.36 0.81 17 4.7 23 27.7 133 59 48 3 o
4 1 11 0.42 0.82 7.7 2.2 26.1 28.3 142 72 59 4 o
5 4 10 0.46 0.78 37.5 17.8 29.6 47.4 135 79 62 2 1
5] 2 11 0.43 0.82 18.7 5.4 23.6 29 125 b6 24 1 o
7 2 10 0.47 0.95 12.3 4.3 30.7 35 150 74 70 3 1]
8 2 11 0.45 0.86 11.9 3.0 26.9 30.5 139 72 62 3 0
g 2 12 0.42 0.83 13.9 3.9 25.1 29 137 70 58 3 o
10 2 9 0.5 0.91 15 3.4 19.6 23 121 67 61 2 o
11 2 9 0.67 1.12 21.1 6.8 25.6 32.4 138 83 93 2 o
12 2 10 0.47 0.79 23.4 8.6 28.1 36.7 142 85 67 2 o
13 2 10 0.41 0.75 15.8 5.8 30.8 56.6 145 80 60 2 1]
14 3 9 0.42 0.74 20.5 8.4 32.8 41.2 144 82 61 1 1
15 2 10 0.38 0.84 16.7 5.6 28 33.6 137 62 52 3 o
16 4 9 0.64 1.12 31.5 13.5 29.2 42.7 135 78 87 2 1
17 2 11 0.44 0.82 21.8 8.7 314 40.1 145 78 64 4 o
18 2 11 0.46 0.92 21.1 8.4 31.3 39.7 150 75 69 3 o
19 2 10 0.51 0.85 26.1 11.2 31.8 43 148 88 75 2 0
20 2 10 0.43 0.77 19.7 6.8 27.9 34.7 142 79 61 2 0
21 2 10 0.39 0.74 17 5.2 25.4 30.6 141 74 55 1 o
22 2 9 0.41 0.76 22.6 6.1 21 27.1 124 67 51 1 o
23 3 9 0.51 0.83 31.9 12.2 26.2 38.4 132 81 67 2 1
24 2 11 0.48 0.87 21.1 7 26 33 140 77 67 1 o
25 3 10 0.54 0.91 31.5 15.4 33.6 49 147 87 79 4 1
26 2 11 0.48 0.88 13.1 5 32.8 37.8 145 80 70 3 0
27 2 10 0.4 0.77 12.8 4.1 27.8 31.9 140 73 56 3 o
28 2 11 0.43 0.88 20.6 8.1 314 39.5 150 73 64 3 o
20 3 11 0.44 0.82 23.6 9.2 29.7 38.9 135 73 60 1 1

Figure 3.1-1 : Sample from the Dataset

The following are the attributes used to predict the results:

1. Body max index (BMI): Is the body fat index depending on the weight divided
by the square of the height on Childs. BMI is the main major factor that affects
the results [21]. BMI in the collected data is categorized into four categories as
following:

- 1= Underweight

- 2= Normal weight
- 3= Overweight

- 4= Obesity

By merging all of them in two categories as 1+2 = not overweight, 3+4=
overweight a binary output 0 means not overweight and 1 means overweight are

obtained. Figure 3.1-2 shows how the data is distributed depending on BMI:
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BMI Analysis
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Figure 3.1-2 : The distributed data depending on BMI.

2. Age: The age of the child is the second predictor that affects the results. The
records showed that children with age 8 and 12 years are more likely to be fat

more than other ages as shown in Figure 3.1-3.

Age and Obesity Analyais

71% 29%
12 45

77% . 23%
11 I O

© 78% _22%
S 10 | S

78% | 22%

9 .48 . 55
69% 31%

8§ r24711

0 50 100 150 200 250 300 350
No. of Children

M Not Obese ® Obese

Figure 3.1-3 : Age and Obesity Analysis



19

3. Waist-to-Height Ratio (WHtR): was calculated as Waist Circumference (CM)
divided by height (CM), the higher WHIR, the greater the risk of obesity most of
the time. Figure 3.1-4 shows the distribution of the population according to

WHItR.

WHtR

0 200 400 600 800 1000 1200

Sample

Figure 3.1-4 : The distributed population depending on WHtR
4. Waist-to-Hip Ratio (WHR): Was calculated as Waist Circumference (CM)

divided by Hip Circumference (CM). Figure 3.1-5 shows the distribution of data

depending on WHR.
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WHR

WHR
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Figure 3.1-5 : The distributed data depending on WHR

5. Fat mass percentage: This is a measurement of body composition aiming to
know how much the weight of your body is fat, also the total mass of fat divided
by the total body mass which is multiplied by 100, the higher fat mass%, the
higher risk of obesity (to get more accurate results, many other parameters
should be taken into consideration) as shown in following figure where the y-

axis represents values 0 not obese and 1 is obese:
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Fatmass% and Obesity Analyasis
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Fatmass%

Figure 3.1-6 : Fat mass% and Obesity Analysis

Fat mass (kg): That portion of the human body is composed strictly of fat (Total
body fat). It can be measured with dual-energy absorptiometry or bioelectrical
impedance techniques.
Lean mass (kg): Which means that the mass of all organs except body fat, in
another word lean mass is the difference between total body weight and body fat
weight.

Lean mass = weight — fat mass
. Weight (kg): Weight is one of the main reasons to have obesity.
. Height (cm): Height is related to a person’s weight (as the weight of a person
may be appropriate for his height), while the same weight is not suitable for
another person with a different height who might be classified with obesity. For

example, in our data, a child with a weight of 53.9KG and a height of 165cm is
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categorized not obese because he is considered tall; another child with the same
weight and height of 147cm is considered as an obese child.

10. Hip Circumference (CM): The distance around the human body at the level of
the maximum posterior extension of the buttocks.

11. Waist Circumference (CM): This feature sometimes was used as an indicator
tool for abdominal obesity [22].

12. City: The data was calculated from four different cities, for each city, numerical
representation was used as follows:
- 1= Jenin.
- 2= Nablus.
- 3=Hebron.

- 4= Tulkarem.

3.2 Data Collection

The performed data were collected from four cities in Palestine. Figure 3.2-1shows how the
population is distributed according to the city. In the population, ages range between 8 to 12 years

old.



23

City Analysis
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Tulkarm

26%

Nabuls
23%
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29%
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Figure 3.2-1: Distribution of samples based on the city

In this research, children were categorized according to BMI. When the BMI values equal 1 and
2, it indicates that the child is not obese, in this case, the output equals 0. On the other hand, when
the BMI values equal 3 and 4, it indicates that the child suffers from obesity, in this case, the output
equals 1. Therefore, BMI cannot be used as input in the experiments that the output directly

associated with it.

3.3 Data Preprocessing Phase

3.3.1 Clustering

In this section, two clustering methods were applied and a comparison between them was given.
The first method is fuzzy is ¢ means clustering with five classes; the second method is k-means
clustering, also using k=five.

3.3.2 Clustering Methods

Clustering methods are used to organize similar data into groups or clusters. In this thesis, the k-means

clustering and Fuzzy C-means clustering were used. Here in our thesis clustering methods will be used to
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group the homogeneous obesity data for persons, regions, or communities depending on the similarities in

input features.

e K-Means Clustering

Simply, it is an algorithm to group that the data based on some features into

K number of groups or clusters .Data in different clusters differs from each

other and in the same cluster is similar to each other (Figure 3.3-1) [50].

Each cluster has a centroid or cluster representative [51]. So, to classify data

with K clusters, the following steps to be used:

1. Initialization: Initializing cluster centers.

2. Classification: In this step, the start is classifying data by calculating the
distance for each data point in the input data from each cluster center
usually Euclidean distance. The data point that has the minimum distance
from the cluster center is assigned to that cluster.

3. Centroid Recalculation: Update the cluster centers based on the data
points assigned to that cluster using the following equation :

ki=(Ye) 2 (B
Where kiis the ith center, cirepresents the number of data points in the cluster, ki,
X is the data point and i is the number of clusters.
4. Convergence Condition: When to stop?
o When number of iterations is reached.
o When the data points do not change between clusters.

o When the threshold value is achieved.
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5. If not one of the above stopping conditions are satisfied, it is advised go

to step two and repeat until at least one condition is satisfied.

Before K-Means A After K-Means

\
\

Figure 3.3-1: K-Means example

e Fuzzy C-Means Clustering
FCM is an extension of KM, Bezdek (1981) which developed the algorithm based on
Dunn’s study 1973 [52]. FCM is a soft algorithm clustering in which data point does
not only belong to one cluster, it can have several more than one cluster but varying
degrees of membership. The closer the points are to the cluster center, the more its
membership is close to that cluster center [53]. So, data points located on boundaries
but not forced to fully belong to only one cluster. Therefore, the advantage of FCM that
an object may belong partially to a different cluster rather than belong to one cluster
[54]. To classify some data, these steps should be followed:
1. [Initialization: Selecting the number of clusters.
2. Randomly selecting cluster centers.

3. Computing the fuzzy membership using the following equation:

wj=——— 3.2)

Yhoq(djjdi)m=1
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Where i is the cluster, j: is the object in the dataset, k,c: centers of the clusters, m:
fuzziness index that any r, d: the Euclidean distance between the object and the

cluster, u: the degree of membership for each data point in each cluster.

4. Compute the fuzzy center's cj using the following equation:

n
_Xj=q Hij X
s e
it ™

3.3)

Where c; is the d-dimension center of the cluster and x; is the ith d-dimensional

measured data.

5. If following equation is satisfied then stop other wise go to step 2

I+t — ]l <e (3.4)

Where ¢ is the termination standard between 0 and 1 and i the iteration step.
The following experiment using k-means clustering and fuzzy ¢ mean clustering
applied on one of the features (fatmass%) to explore the dataset behavior. Table 2
describes how much each class contain samples for each model using fat mass% as

input for each method:

Table 2 : FCM and k-means Results

Class FCM _ Numb(_ar of samples K-means_ Num_ber of samples
Boundaries using FCM Boundaries using K-means
1 [3-12.9] 220 [ 3-10.8] 125
2 [13-19.2] 312 [10.9- 16.4] 258
3 [19.3-25.9] 231 [16.5-22.4] 269
4 [26.1-33.8] 153 [22.5-30.3] 200
5 [34-57.9] 54 [30.4-57.9] 118

Figures 3.3-2 and 3.3-3 show the fat mass% values and each value in which class belongs to:
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Figure 3.3-2 : K-means clustering on Fat mass%
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Figure 3.3-3 : FCM clustering on Fat mass%

3.4 Building Models Phase

This section shows the models, which have been applied to the study data. In the first
stage, different data mining tools were applied like Logistic Regression, Decision Tree,
Support Vector Machine (SVM), K-Nearest Neighbor (KNN), and Neural Network

(NN). Then in the second stage, clustering algorithms like K-means or Fuzzy C-means
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clustering were combined with a Neuro-Fuzzy model that depends on the integration of
the Neural Network with Fuzzy Logic models and after that, a comparison between this
model and the other models (in the first stage) were made. MATLAB will be used to
apply these models. Figure 3.4-1 shows the general phases for predicting and classify

obesity for all models.

A iy Iy ] |

B
. ' ) 3 3
S8 =smmsms

Results Results Fesults Besults Results Results

- L.

4

Figure 3.4-1 : General phases for predicting and classify obesity for all models

3.4.1 Logistic Regression

Regression techniques are considered to be versatile in their medical applications due to their
abilities to predict outcomes, control for confounding variable effects, and measure associations
[37]. For example, if we want to see how an outcome and many independent variables are associate

with each other, or in another way if we want to predict an outcome from independent variables.
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Many types of Regression depend on what are the objectives of the research and the variable
format. In this thesis, Logistic Regression is used, which is used when the outcomes are binary
represented [38], this type is different from other types in that the predictors can be any mix of
continuous, discrete, and dichotomous variables [39]. The following equation is the Logistic

Regression Equation:

eB0 + B1X1 + B2X2 + ... BiXi

Probability of Outcome (Y) = (3.5)

1+ eBO + B1X1 + B2X2 + ... BiXi

where the outcome Y represents the approximated probability of being in one category
versus in the other, binary outcome, Po it’s a constant value where its value considered
as the point where the Regression line reaches the Y-axis and BiXi + B2Xz + ... BiX is
the value of each independent value Xi weighted by its respective beta coefficient (),
where beta is the slope of the line or how much the resulting increase for each increase
of one on the independent variable. More beta value means more strongly this
independent variable affects the outcome [37].eP0+PB1X1+pB2X2+..BiXi axpressed in the
logit scale. The reason for using the logit scale is that Logistic Regression outcome is
binary must fall in 0 and 1. The memory requirement for storing the classifier and the
time complexity of the training phase are linearly proportional to the number of classes

in the data set [58].

3.4.2 Decision Tree

The decision tree is a technique mostly used for data mining to create a classification system based
on multiple independent variables or used to develop some prediction algorithms for an outcome
variable. Data mining provides effective performance in data mining due to its accuracy and

inexpensive to compute [40]. Decision tree time complexity depends on the levels of the tree it has
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a time complexity of O(m - n?) of the standard decision-tree learning algorithm where m is the
size of the training data and n is the number of attributes [59]. In general, this method is used to
classify some populations into branches or levels by building a tree consists of nodes and branches

showing in Figure 3.4-2. There are three types for a node, which are:

1-) The A root node (called a decision node): Represents a choice that will result in the subdivision

of all records into two or more mutually exclusive subsets.

2-) Internal nodes (called chance nodes): Represents one of the possible choices that are
available in the tree structure where the top edge of the node is connected to its parent node and

the bottom edge is connected to its child or leaf nodes.

3-) Leaf nodes (called end nodes): Represents the combination of decisions or events in the final

result.

Leaf
node

Internal
node

Leaf Leaf
node node

Figure 3.4-2 : Decision Tree Structure

The branches represent the probability or results which go from internal nodes and root nodes only.
Each path from the root node over internal nodes until it ends on some leaf node represents a

classification Decision Tree. In addition, these paths can be represented as if-then rules [40]. There
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are several types of Decision Trees, but each type uses a different mathematical model and selects
the splitting attribute in extracting the Decision Tree rules. The most common types are Gini Index,
Information Gain and Gain Ratio. [41]. The process of building a decision tree in general passes

through several stages, namely:

1- Splitting: It is the process of splitting the node into one or purer sub-nodes. At first, when
building some model, it is important to select the most important inputs (which most affects
the result), and then it splits the records into two or more categories.

2- Stopping: The main goal of this step is to prevent the model from being very complex, but
there are some rules to stop which includes minimizing: the number of records in the leaf,
the depth or number of levels (number of steps from the root node to the leaf node) and the
number of records before the splitting.

3- Pruning: It is the opposite of splitting, sometimes stopping ways don’t work well, and
another way to build a decision tree is to build a large one at first and then prune it to the

best size by removing nodes that are useless or don’t provide any additional information

[40].

3.4.3 Support Vector Machine (SVM)

Support vector machines are used to recognize patterns. in this technique, the algorithm illustrates
the data into high dimensional space and the algorithm separates the data by a hyper-plane in that
space to classify the data and predict a newer one [42].In other words, the SVM goal is to make
boundaries between two classes called margin as shown in Figure 3.4-3 [42]. These boundaries
are created to be as far as from the closest data point from each class that the distance between

boundary and closest data point in each class is the maximum, and these the closest points are
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called the support vectors [42]. SVM has time complexity of O(n®) where n is the numbers of the
data [60].
Given training dataset:

(X1, Y1), ooy (Xn, Yn), Xi€R? and yi € (=1, +1) (3.6)
Where X is the representation of the feature vector and yiis the class label (1 or 0) of some
training compound i.
So, to express the optimal hyper-plane, they defined the following equation:

W.x.T+b=0 (3.7)

Where w is the weight vector, x is the feature vector, T is the number of data samples divided on
support vectors and b is the bias.

w and b should satisfy the differences for the elements of the training set:
wW.xi. T+b> +1if yi=1 (3.8)
WXxiT+b<-1if yi=-1 (3.9

The goal of training an SVM model is to calculate the appropriate w and b to separate the data

with optimal hyper-plane and maximizes the margin 1/ || w ||? [43].
The Vectors For xi that |yi| (wxi' + b) = 1 (will be called support vector).

In the beginning, SVM was the main goal for constructing a linear classifier. To model more
than one dimensional (non-linear models), the kernel method is used and kernel function works

in a way to make linear problems by adding more dimensional to the raw data [42].
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Figure 3.4-3 : How SVM separate data and showing the margin distance

3.4.4 K-Nearest Neighbor (KNN)

K-Nearest Neighbor is one of the simplest classification methods and its results are good. It is
learning samples from the dataset of training data. When new data is provided, it is compared to a
similar set and classified to its class and simply it assumes similar data exist in close [12]. The new
data is classified based on the class that is closest to it, often there is more than one neighbor that
should be taken into consideration.

The number of neighbors, which is taken into account in determining the class is defined by a
variable known as “K”, K-NN called “lazy learner” that is just learned from a given data set and
tested in a new data, then generalization was performed to determine the class of new data based
on similarities or the distance to the data set, it is also called “instance-based learner” [12].

These algorithms work as follow: Choosing the value of K and then for the given test data

calculating the distance (mostly Euclidean distance) in between all training data, then sorting the



34

distances and choosing the closest K. Figure 3.4-4 shows the flowchart of K Nearest Neighbor

classifier procedure [44].

Read Value of K,
Type of Distance(D)
& Test data

find the K nearest
neighbors (D) to the Test

data

Set Maximum
Lable class of
K to Test data

Figure 3.4-4 : The flowchart of K- Nearest Neighbor classifier procedure

Algorithm 1: The general procedure for k-Nearest Neighbor

If x is being classified,
A: training data, B: class labels
For i=1 to number of training data do

Compute the distance (A;, x) where d denotes the Euclidean distance
End for
Compute set | containing indices for the k smallest distances (A, x).
Return majority label for {Bi where iel}.
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3.4.5 Artificial Neural Networks (NNs)

The Neural Networks is a compositional system that mimics the human brain or human
neurological system which is represented in mathematics. This model simulates the
learning capability of the human brain. The Neural Networks is one of the widely
powerful methods that is used for classification due to its effective methods when the
data set in terms of increasing the number of features and how to find the function that
is appropriate to classify these data accurately. A Neural Networks consists of layers;
each one contains a series of neurons that are organized and connected to other neurons
in other layers with some weight. The first layer also called the input layer, after this
layer, there are one or more hidden layers and finally, the output layer, the general

structure of NNs is shown in Figure 3.4-5.

Figure 3.4-5 : The general structure of NNs

In Neural Networks, the data is divided into two sets training data and testing data. The first phase

is the learning or training phase. In this phase, the weights between neurons that are associated
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with connections are modified until the model performs well. In the testing phase, the model is
used to make a prediction using new data (testing data) [45]. In a neural network, an activation
function (e.g. Sigmoid, Tanh, and Softmax) is used to introduce nonlinearity; it takes the output
from the previous neuron and converts it in a way that can be an input to the next neuron. The
neural network consists from three layers:
- Input layer: Xi where i=1,2, ..., n. and n represents the number of the inputs.
- Hidden layer: this layer consist from j neurons, each neuron is connected to the
input layer by the weight wij, where i is the input node and j is the hidden layer.

- Output layer: this layer consist of nodes that gives the output y.

The weights for j" node in the hidden layer is given by:

Where 6; is the bias always equals to 1. To calculate the gradients efficiently in Multi layer

perceptron neural networks it uses backpropagation algorithm. This algorithm requires activation

function to be differentiable, usually sigmoid function is used, so the output of the j" node is:

1

b= K= s (@1
Here the output y« is used as input (xk) for the next layer.
The error signal &, of the output is calculated using the following equation:

S = MYy (1— ) (3.12)

Where A, is the difference between the actual value of the node k and its target value.
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To find the change in weight in some two nodes node j and node k we can use the following

formula:

Where [ is the learning rate. Using the following equation we can update the weight wjx between
the two nodes:

The backpropagation algorithm repeats until the error on the output node is minimized. To

calculate the error E:

E =2 RN N(t — Yi)? (3.15)
There are many methods to adjust the network parameters. In this thesis, the back-propagation
method (Scaled Conjugate Gradient Descent algorithm “SCGD”) was applied.
This method uses a gradient descent algorithm to train a multilayer feed-forward neural network
many times. To start the training process in the Neural Network, the values of initial biases and
weights are given. Then at the steepest descent direction of the function, the weights and inputs
are updated [46]. The following equation is used to update weights and biases using gradient
descent:

Xnt41 = Xp — Op Agy (3.16)

Where x,,,1 represents the vector of the updated weights and biases, Ag,, the current gradient of

the function and «,, is the learning rate.
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The Scaled Conjugate Gradient Descent algorithm is better than other types because it finds the
minimum performance of the function and low time searching for the steepest descent to update
the weights compared to other types [47]. There are many ways to estimate the step size. In this
thesis, we used the Levenberg- Marquardt method is used. Figure 3.4 -6 shows the basic

structure of the Artificial Neural Network-MLP.

Feedforward

Input Hidden Output
Layer Layer(s) Layer

Figure 3.4-6 : The basic structure of the Artificial Neural Network-MLP

3.4.6 Adaptive Neuro Fuzzy Inference System (ANFIS)

Neuro-fuzzy systems is a hybrid technique which combines artificial Neural Network
and Fuzzy Logic to make the human knowledge represented as fuzzy rules (if ... then)
with the best membership function to generate the best input/output pairs [48]. So, it
takes the advantage of the neural network as a very good technique in classification and
pattern recognition, also Fuzzy Inference System is good at explaining decisions when

there are inaccurate reasons. ANFIS technique was presented for the first time by Jang
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in 1993[48]. ANFIS passes through two phases; the first phase feed-forward to
determine the consequent parameters and the backward phase to update the parameters
of fuzzy inference by an algorithm of backpropagation [49].

There are two types of ANFIS:

- Grid partitioning:  This type calculates all combinations of input membership
functions which is an exponential relation between the number of membership
functions and the number of rules which generate a large number of rules. For
instance, if there are five inputs; each one has four membership functions, the
number of rules will be  4°= 1024. Figure 3.4-7 shows the ANFIS-Grid

partitioning structure.

Figure 3.4-7 : ANFIS-Grid partitioning structure

Clustering: It is also called subtractive clustering. This type has a small number of rules which

each rule indicates just one cluster. Figure 3.4-8 shows ANFIS-sub. Clustering structure.
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Figure 3.4-8 : ANFIS-sub. Clustering Structure

The structure of the ANFIS consists of five layers and each layer is associated with a certain
phase in the model as shown in Figure3.4-9. The following are the steps and layers of ANFIS:
- First layer: the input layer, the neurons in layer represents the input variables that send

the crisp value to the second layer as follow:

Vi = Xj (317)

Where i is the output of the input xi.

- Second layer: Also called rule layer or the fuzzification layer which contains fixed nodes
and it is responsible for generating strong rules. In this layer, a fuzzification neuron
receives the outcome of the previous layer and specify to which neuron’s fuzzy set belongs
using membership function or activation function. The outcome of this layer is the fuzzy
membership grade of the inputs. It has many functions to calculate membership value using
many membership functions for example:

o Gaussian membership function as in equation :



41

—(x—c)?

f(x,c,0)=e 202 (3.18)
where {c,a} is the parameter set

o Triangular membership function as in equation:

f (x,a,b,c) = max (min (E;_i , z_;i), 0) (3.19)

where {a,b,c} are the parameter set.

- Third layer: this layer is called the fuzzy rule layer in which each node it has represents a
single fuzzy rule. The outcome of this layer is the multiplication of the incoming signals
and it sends the product out to the next layer. As represented below, the output of the neuron
i

Vi = Xqi X Xoi X ... Xin (320)

HrRi = YRrRi = Hai X Wi (3.21)

Where Ri means the ith neuron in the third layer. For example, as shown in the figure the neuron

R1 inputs are from Az and B:

- Fourth layer: this layer is called the output membership layer. Each neuron or node in this
layer represents fuzzy sets and combines all of its inputs using the fuzzy operation union.
This value can be implemented by taking the probability OR as follow:

Vi = X1 D X1 D ... D x4 (3.22)
Mci = Yri = Hrz D Hre (3.23)

Where Cimeans the ith neuron in the fourth layer. For example, as shown figure the

neuron Cy inputs are Ugs , Hre
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Fifth layer: the last layer is the output layer or defuzzification layer. In this layer, the
overall output is computed by taking the result of fuzzy sets and transforming them into a
single fuzzy set. There are many methods to apply defuzzification. For example, the sum-
product composition method.

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

Al

A2

Hel

A3

Bl

Hea

B2

B3

Figure 3.4-9 : Five layers of the ANFIS

In this thesis, the impeded tool in MTALB ANFIS is used to build our model.

Algorithm 2: The general procedure which was used in building the ANFIS model.

Data was divided into two parts: A training set and a testing set.

Importing the whole data.

Partition the data.

Coding the data.

Using the training set and training the ANFIS model using Grid/Clustering.
Using the testing set and testing the ANFIS model.

Getting the FIS model from the ANFIS model results.

Indicating if the prediction model accuracy is good or not.

Trying to enhance the ANFIS model.




Chapter 4

Experiments and
Results
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4 Experiments and Results

In the previous chapter, a brief discussion about the algorithms which were used in the
comparison with ANFIS to forecast obesity was explained. This chapter will show the
found results from our experiments using MATLAB. To evaluate, the model's accuracy
will be taken into account, where the accuracy means how many data points are
correctly predicted in a ratio to all samples. As mentioned previously, the whole data
set is divided into two sets; training set and testing set. Forecasting models take the
testing set and predict the outcome using the model, then checking how many data
points are correctly predicted. Building the ANFIS model was done by using
MATLAB tool called Neuro-Fuzzy Designer, neural pattern recognition tool was used
for Neural Network and other classification models, classification learner tool was

used, and finally, finding cluster tool was used for clustering.

This chapter is divided into three sections; the first section shows the results of some
machine learning methods that are D-tree, KNN, SVM, and logistic regression. The
second section presents the results of the neural network and the last section shows the

results of the ANFIS model.

4.1 Computing Environment

In the recent work, two different computers were used, the first device with fine specifications was
very slow in doing experiments and gives out of memory sometimes. So, different computers with

higher performance were used; the two devices are:
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1. MSI gt72s 6ge dominator pro g: 17-6820HK 2.70GHz, RAM: 64GB, HD: 2 TB SSD with
windows 10 pro. figure 4.1-1 shows the performance of this device while running the MATLAB

ANFIS tool.
2. Asus AR5B 125: 15-4200u 2.30GHz, RAM: 6GB, HD: 500GB HDD with windows 10 pro.

For building and doing the experiments MATLAP_R2019b was used.

CPU
e CPU  intelr) Core(rv) i7-6820HK CPU @ 2.70GHz

%o Utilization 10050

Memory
10.4/64.0 GB (16%)

Disk 0 (D: C: F)

1% .

- Wi-Fi
L wiR VN P R e
e Sl s 0 R 152 Kops — —

GPUD
NVIDIA GeForce G... &0 seconds 0
2% Utilization  Speed Base speed: 2.70 GHz
28%  3.30 GHz Sockets !
Cores: 4
Processes  Threads Handles Logical processors: 8
264 3328 206459 Virtualization: Enabled
. L1 cache: 256 KB
Hptime L2 cache: 1.0MB
1:02:55:30 L3 cache: 8.0 MB

Figure 4.1-1 : The performance of MSI device while running MATLAB ANFIS too
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4.2 Machine Learning Results

Supervised machine learning methods were used, which means prior knowledge about the sample
dataset to predict a new dataset [55]. Some main measurements like; the accuracy, confusion
matrix, and area under curve “AUC” were shown for all algorithms D-tree, KNN, SVM, and

logistic regression. Before showing the results, the measurements must be clarified as follow :

e Accuracy: This means how many data points are correctly predicted in a ratio to all
samples.

e Confusion matrix: it is a two-dimensional matrix; the columns represent the actual
values of the target variable and the rows show the predicted values of the target variable

Figure 4.2-1shows the confusion matrix.

Model 1

FP FP

True class

FN

True False
Positive Negative
Rate Rate

Predicted class

Figure 4.2-1 : Confusion matrix structure

o True Positive TP: Number of data points that are in positive class and classified

as the positive class.
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o True Negative TN: Number of data points that are in negative class and classified
as negative class.
o False-Positive FP: Number of data points that are not in the positive class and
classified as the positive class.
o False-Negative FN: Number of data points that are not in negative class and
classified as negative class.
Receiver Operating Characteristic Curve “ROC”: Shows the performance of
classification at all classification thresholds. The curve is plotted True Positive Rate “TPR”

on the y-axis and False Positive Rate “FPR” on x-axis fig where:

TP

TPR = (4.1)
TP+FN

FPR = —— (4.2)
FP+TN

Sensitivity or Recall: measures the positives data that are correctly identified from the

whole set. Using the following equation to measure:

TP
TP+FN

Sensitivity = (4.3)

Specificity: measures the negatives data that are correctly identified from the whole set.

Using the following equation to measure:

TN
TN+FP

Specificity = (4.4)

The Area Under Curve “AUC”: This represents the areas under the ROC curve and represents the

ability of that model to classify classes. Figure 4.2-2 shows AUC and ROC.
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Model 1

(0.15,0.95)

AUC = 0.92

True positive rate

o ROC curve
Area under curve (AUC)
®  Current classifier
I

I I I i
o 0.2 0.4 0.6 0.8 1
False positive rate

Figure 4.2-2 : AUC and ROC

In all these models, the k-fold cross-validation methodology was used to divide data into training
and testing sets to evaluate the classification of model performance, where the data is divided into
equally sizes k fold randomly, one of the k folds will be used for testing and the rest for training.
In the recent experiments, for example, if 5-fold cross validation is used, 970 records each fold
194 records are obtained, 1 fold for testing randomly, and 4 folds for training. Figure 4.2-3 shows

the Folds cross validation example.

Figure 4.2-3 : 5-Folds cross validation example

To build these models, the classification learner tool is used in MATLAB.

Test 1: This experiment was applied directly using the built-in MATLAB tool, 3-fold cross-
validation is used and 9 inputs one output. The experiments were done at all cities together then

for each city for a case, Table 3 shows the results:



Table 3 : Test 1 Results

Validation | Accurac

D-tree

89.70%

D-tree 90.90% | 77.80% | 93.50%

KNN 3-fold 90.40% |  73.20% |  94.20%
Cityl | sym 3-fold 93.30% | 76.50% | 97.20%

Logistic

Reg. 9430% | 87.20% | 95.50%

84.40%

91.20%

Reg.

96.40%

_ KNN 3-fold 91.10% | 76.30% |  95.80%
City3 | sym 3-fold 96.1% | 91.50% | 97.80%
Logistic

94.10%

96.90%

It was concluded that logistic regression is better in this case and it is close to SVM results; here
3-fold cross-validation was used, which (it) means that 33.33% testing data and 66.67% for
training and the best accuracy obtained here is 97.40%. Also, the best sensitivity is 94.20% and

specificity is 98.90%.

Test 2: This experiment was applied directly using the built-in MATLAB tool,5-fold cross-
validation is used and 9 inputs one output. The experiments were done at all cities together then

for each city for a case, Table 4 shows the results:



Table 4 : Test 2 results

Validation | Accurac

D-tree

94.30%

D-tree 93.30% | 80.10% | 96.20%

KNN 5-fold 91.40% | 73.40% | 95.50%
Cityl | sym 5-fold 94.30% | 80.30% | 97.40%

Logistic

Reg. 92.80% | 86.30% |  94.30%

83.70%

97.50%

Reg.

96.10%

_ KNN 5-fold 92.90% | 80.90% |  97.40%
City3 | sym 5-fold 96.4% | 91.50% | 97.80%
Logistic

91.50%

97.80%

It was concluded that logistic regression for the big data (which may be different from each other)
is better than the other three models, but for small data and similar data from each city in a case,
SVM was the best model. When 5-folds cross-validation is used, which (it) means 20% testing

data and 80% for training, and the best accuracy obtained here is 98.20%.

Test 3: This experiment was applied directly using the built-in MATLAB tool, 10-fold cross-
validation is used and 9 inputs one output. The experiments were done on all cities together then

for each city for a case, Table 5 shows the results
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Table 5 : Test 3 results

Model
Data type Validation | Accuracy | Sensitivity | Specificity
D-tree 10-fold 92.30% |  84.80% |  94.30%
KNN 10-fold 93.60% | 85.80% | 96.50%
All cities | g\ 10-fold 97.10% |  92.50% |  98.90%
Logistic
reg. 10-fold 97.50% | 94.20% |  98.90%
D-tree 10-fold 92.80% 85.50% 94.30%
KNN 10-fold 90.40% |  73.20% |  94.20%
Cityl | sym 10-fold 93.30% |  78.40% |  97.30%
Logistic
reg. 10-fold 95.20% | 87.30% |  96.30%
D-tree 10-fold 93.30% 86.40% 95.50%
KNN 10-fold 91.10% |  83.90% | 93.10%
City2 | sym 10-fold 93.30% | 85.90% | 97.60%
Logistic
reg. 10-fold 95.10% | 92.30% |  95.80%
D-tree 10-fold 91.50% |  79.30% |  94.90%
KNN 10-fold 92.90% |  81.50% |  96.20%
City3 | sym 10-fold 96.40% |  92.40% |  97.80%
Logistic
reg. 10-fold 97.90% | 95.10% | 98.90%
D-tree 10-fold 91.80% | 84.80% | 94.30%
KNN 10-fold 94.10% |  92.20% |  94.80%
Cityd | sym 10-fold 97.30% | 96.07% | 97.90%
Logistic
reg 10-fold 97.30% | 96.07% | 97.90%

It was concluded that logistic regression is better in all cases when the training data is bigger, also
the accuracy for all other models is better in most cases when 10 folds cross-validation is used,
which (it) means 10% of the data used for testing and 90% for training and the best accuracy we

got here is 97.90%.

The following table 6 shows the comparison between the three tests, the best case from each

experiment was chosen:
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Table 6 : Folds Comparison

Data | k-fold Model type Accuracy | Sensitivity | Specificity
Al 3-fold Logistic regression 97.40% 94.20% 98.90%
i 5-fold Logistic regression 98.20% 96.10% 98.90%
10-fold Logistic regression 97.50% 94.20% 98.90%
3-fold Logistic regression 94.30% 87.20% 95.50%
Cityl | 5-fold SVM 94.30% 80.30% 97.40%
10-fold | Logistic regression | 95.20% 87.30% 96.30%
3-fold Logistic regression 95.10% 92.30% 95.80%
City2 5-fold SVM 94.60% 86.70% 97.70%
10-fold | Logistic regression 95.10% 92.30% 95.80%
3-fold Logistic regression 96.40% 94.10% 96.90%
City3 5-fold SVM 96.4% 91.50% 97.80%
10-fold | Logistic regression 97.90% 95.10% 98.90%
3-fold Logistic regression 95.70% 92.30% 96.80%
City4 5-fold SVM 97.30% 96.07% 97.90%
10-fold SVM or logistic 97.30% 96.07% 97.90%

From the three tests, it is shown that whenever k-folds were used, the logistic regression will
mostly give the best accuracy, sensitivity, and specificity when large data e.g. all cities data,

especially when 5-folds cross-validation is used, the best accuracy is obtained using logistic

regression 98.20%.

In general, using 10-fold cross-validation gives the best accuracy and sensitivity in all cases except
when using all cities data 5-fold cross-validation, it gives a little bit better. Also, in many cases 5-
fold cross-validation, it gives better results when classifying negative class correctly (Specificity).

It is decided to choose 10-fold cross-validation to be used in the comparison in section 4.4. The

following figures from 4.2-4 to 4.2-8 represent the table comparison above:
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All Cities K-fold
100.00%
98.90% 98.90% 98.90%
99.00% 98.20%
98.00% 97.40% 97.50%
97.00% 6.10
96.00%
W Accuracy
95.00% 4.20 120 e
94.00% M Sensitivity
93.00% 1 Specificity
92.00%
91.00%
3-fold 5-fold 10-fold
k-fold
Figure 4.2-4 : All Cities K-fold comparison
City 1 K-fold
120.00%
94.30% 95 50% 94.30%97-40%  95.20% 96.30%
100.00% 9 p
80.00%
60.00% B Accuracy
40.00% W Sensitivity
1 Specificity
20.00%
0.00%
3-fold 5-fold 10-fold
k-fold

Figure 4.2-5 : City 1 K-fold
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100.00%
98.00%
96.00%
94.00%
92.00%
90.00%
88.00%
86.00%
84.00%
82.00%
80.00%

100.00%

98.00%

96.00%

94.00%

92.00%

90.00%

88.00%

86.00%
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City 2 K-fold
97.70%
o, 95.80% ., 95.80%
95.10% 94.60% 95.10%
2.30 2.30
I 6.70
3-fold 5-fold 10-fold

k-fold

Figure 4.2-6 : City 2 K-fold

City 3 K-fold
98.90%
97.80%  97.90%
96.40% 2099% 9649

5.10
4.10
I - I
3-fold 5-fold 10-fold

k-fold

Figure 4.2-7 : City 3 K-fold

W Accuracy
B Sensitivity

1 Specificity

B Accuracy
B Sensitivity

1 Specificity
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City 4 K-fold
99.009
% 97.90% 97.90%
98.00% 97.30% 97.30%
) 96.80%
ITO0% 6.07% 6.07%
96.00% :
S 95.00%
©
5 94.00% B Accuracy
(S]
Q
< 93.00% 2.30% W Sensitivity
92.00%
’ Specificity
91.00%
90.00%
89.00%
3-fold 5-fold 10-fold
k-fold

Figure 4.2-8 : City 4 K-fold

4.3 Neural Network Results
The Neural Network is one of the strongest classification methods. Many tests were done to get
the best results. For each test of 2, 4, 6, 8, and 10, neurons were used, and the data was divided in
all the tests as following:

e 15% of the data for testing.

e 15% of the data for validation.

e 70% for training.
To build these models, the nprtool tool is used in MATLAB.

Table 7 shows the results when using 2, 4, 6,8,10 neurons, using different data as input.
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Table 7 : Neural Network Results
Number
Data of Neurons Accuracy

97.8%
97.7%
97.4%
97.8%
98.4%
93.3%
97.1%
95.2%
95.2%
94.7%
96.9%
95.5%
96.9%
93.8%
96.0%
96.8%
94.0%
96.8%
95.7%
97.9%
97.7%
97.7%
96.1%
96.1%
96.5%

All cities

City 1

City 2

City 3

City 4

= = = = =
oS|G AN G(0o BN G| oSN G0 oSN

The best accuracy obtained here was when the whole data (970 samples) from the whole cities
together was used (98.4%) using 10 neurons and it is better than the previous models in section
4.1. However, when the number of records is small relatively, using 10 neurons, it doesn’t give
the best accuracy, for example, the experiment using City 1 dataset (209 samples) when 4
neurons are used it gives the best accuracy, using City 3 dataset (281 samples) larger from City 1
dataset also using 10 neurons gives the best accuracy. The figures from 4.3-1 to 4.3-5 represent

each dataset the accuracy comparison in each case.
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All cities NN Accuracy

0,
98.60% 98.40%

98.40%
98.20%

0,
98.00% 97.80% 97.80%
97.80% 97.70%

0,
97.60% 97.40%
97.40%
97.20%
97.00%
96.80%

2 4 6 8 10

Number of Neurons

Figure 4.3-1 : All cities NN Accuracy

City 1 ANN Accuracy

98.00%
97.10%

97.00%

0,
96.00% 95.20% 95.20%
o5 00 94.70%
94.00%  93.30%
93.00%
92.00%
91.00%

Number of Neurons

Figure 4.3-2 : City 1 NN Accuracy
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96.50%
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> 95.50%
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94.50%
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Accurac

99.00%
98.00%
97.00%
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Accuracy
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94.00%
93.00%
92.00%
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City 2 NN Accuracy

96.90% 96.90%

96.00%
95.50%
I 93.80% I

Number of Neurons

Figure 4.3-3 : City 2 NN Accuracy

City 3 NN Accuracy

97.90%

96.80% 96.80%
95.70%
94.00% I

Number of Neurons

Figure 4.3-4 : City 3 NN Accuracy
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City 4 NN Accuracy

98.00% 97.70% 97.70%
97.50%

97.00%

96.50%

96.50%
96.10% 96.10%

Accuracy

96.00%
95.50%

95.00%
2 4 6 8 10

Number of Neurons

Figure 4.3-5 : City 4 NN Accuracy

4.4 Adaptive Neuro Fuzzy Inference System Results

ANFIS is the integration between neural networks and fuzzy logic. This model is suitable when
solving predicting problems and having a large data set with many features.
In our experiments, ANFIS grid partition and ANFIS sub- clustering were used. Where grid
partitioning produces a large number of rules because the relation between membership functions
and the number of inputs is exponential where:

Number of rules = m! (4.5)
Where m is the number of membership functions and i is the number of inputs. in our tests 9 inputs
and 2 membership functions were used, so 29 = 512 rules shown in Figure 4.4-1 and 4.4-2 are

obtained.
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The second type is sub- clustering that uses scattering partitioning by subtractive clustering. Here

the number of rules is small, and each cluster is one rule. See Figures 4.4-
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Figure 4.4-4 : ANFIS-sub cluster rules viewer

All data was divided into two sets; 70% of the data is for training and 30% used for testing. For

evaluation of each model, Root Mean Square Error (RMSE) and accuracy were used.
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Test 1: The data of all cities here is used (970 records), 70% used for training (679
records) the models, and 30% for testing (291 records). Firstly, ANFIS- Grid was
applied using many membership functions, which are: triangular, trapezoidal,
Gaussian, and Gaussian combination. Then ANFIS-Cluster was applied. Table 8 shows
the results for both models and Figure 4.4-5 illustrates a comparison between the

membership functions.

Table 8 : ANFIS Test 1 results

ERRPR
Membership | TOLERANC # of

FIS # of MFs | Function (MF) E EPOCHS | RMSE | Accuracy
Grid .
partition 2 i el 15 0.144 | 97.92%
Grid
partition 2 trapmf 0.001 15 014 | 98.04%
eite 2 aussmf 0.001
partition g ' 15 0.139 | 98.06%
Grid
partition 2 gauss2mf 0.001 15 0.129 | 98.33%

Range of

influence 0.5

Squash
Sub- factor 1.25 0
Clustering | Accepted 0.001 15 0.186 96.54%

ratio 0.5

Rejected

ratio 0.15
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ANFIS MF Accuracy

98.40% 98.33%
98.30%
98.20%
> o
Q 98.10% 98.04% 98.06%
>
Q o
g 98.00% 97.92%
97.90%
97.80%
97.70%
trimf trapmf gaussmf gauss2mf

Membership Function

Figure 4.4-5 : Comparison between the membership functions

From the table above, it is shown that the best membership function, in this case, is Gaussian
combination since it gives the best accuracy and RMSE, so it was selected to compare it with the
ANFIS-Cluster model; six random samples were taken and entered in each model. The results are

shown in Table 9 and Figure 4.4-6 are a comparison between model results and actual results.

Table 9 : ANFIS-Grid vs ANFIS-Cluster Test 1

Number of Records ANFIS-Grid ANFIS-Cluster | Actual Output
(gauss2mf)
1 0.292 0.263 0
2 0.0816 -0.101 0
3 -0.239 -0.254 0
4 0.71 0.937 1
5 1.48 1.46 1
6 1.06 0.995 1
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ANFIS-grid vs ANFIS-cluster

1.5
Z 1
‘0
&
o 05
0
-0.5
1 2 3 4 5 6
Smaples
ANFIS-Grid gauss2mf ANFIS-Cluster Actual Output

Figure 4.4-6 : Comparison between models results and actual results

From the curves above, it is clear that ANFIS-Cluster is closer to the actual output more than

ANFIS-Grid.

Test 2: In the first test, the data was large, here in this case each city was tested alone.

- City 1: Sample of 209, the same membership functions were used and ANFIS-Cluster.
Table 10 shows the results for all models, their Accuracy, and RMSE, Figure 4.4-7

shows a comparison between the membership functions.

Table 10 : ANFIS Test 2 City 1 Results

# of Membership ERRPR # of
FIS MFs Function (MF) | TOLERANCE | EPOCHS | RMSE | Accuracy
Grid .
partition 2 (0 i 15 | 00405 | 99.83
Grid 2 trapmf 0.001
partition P ' 15 0.0152 | 99.96
Grid
partition | 2 S D 15 | 00197 | 99.97
Grid
partition 2 gauss2mf 0.001 15 | 0.0385 | 99.85
Range
of
Sub- influenc
Clustering | | & 05 0.001 15 0119 | 9858
Squash
factor 1.25
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Figure 4.4-7 : Comparison between the membership functions

From Table 8 above, it is shown that the best membership function, in this case, is Gaussian

membership function since it gives the best accuracy and RMSE, so it was selected to compare it

with the ANFIS-Cluster model; six random samples were taken from that city and entered in each

model. The results are shown in Table 11 and Figure 4.4-8 shows a comparison between model

results and actual results.

Table 11 : ANFIS-Grid vs ANFIS-Cluster test 2 city 1

Number of ANFIS-Grid
Records (gaussmf) ANFIS-Cluster Actual Output
1 0.158 0.0355 0
2 -0.0115 -0.306 0
3 0.101 0.0173 0
4 0.999 0.963 1
5 0.138 0.322 1
6 0.208 0.751 1
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Figure 4.4-8 : Comparison between model results and actual results

- City 2: A sample of 224 with the same membership functions and ANFIS-Cluster
were used, Table 12 shows the results for all models and its Accuracy and RMSE, and

the Figure 4.4-9shows each membership function accuracy.

Table 12 : ANFIS Test 2 City 2 Results

Membership ERRPR
Function TOLERAN # of
FIS # of MFs (MF) CE EPOCHS RMSE Accuracy
Grid .
partition 2 (0T B 15 0.073 99.46
Grid 2 trapmf 0.001
partition P ' 15 0.017 99.97
Grid
partition 2 TR B 15 0.043 99.80
grid
partition 2 gauss2mf 0.001 15 0.194 96.20
Range of
influence 0.5
Squash
Slle, | o) 1.25 0.001 15 0.04307 | 99.81
Clustering | Accept
ratio 0.5
Reject
ratio 0.15
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Figure 4.4-9 : Comparison between the membership functions

In this test, the dataset size was 224, using ANFIS-Grid a comparison between four membership
function was made and the accuracy results of trimf, trapmf, and gaussmf was very close and very
high 99%. The highest accuracy was obtained using the trapezoidal membership function so it was
chosen to compare with ANFIS-Cluster, six random samples were selected from the dataset and

entered in each model. The results are shown in Table 13 and Figure 4.4-10 shows a comparison

between model results and actual results.

Table 13 : ANFIS-Grid vs ANFIS-Cluster test 2 city 2

Number of Records

ANFIS-Grid (trapmf)

ANFIS-Cluster

Actual Output

1 0.013 0.013 0
2 0.771 0.414 0
3 -0.128 -0.048 0
4 0.996 1 1
5 0.939 0.97 1
6 0.123 0.937 1
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Figure 4.4-10 : Comparison between model results and actual results

- City 3: sample of 224 with the same membership functions and ANFIS-Cluster

were used, Table 14 shows the results for all models and its Accuracy and RMSE,

Figure 4.4-11shows comparison between all membership functions.

Table 14 : ANFIS Test 2 city 3 results

Membership ERRPR # of
FIS # of MFs | Function (MF) | TOLERANCE | EPOCHS | RMSE | Accuracy
Grid .
partition 2 il 0.001 15 | 0062 | 99.60
Grid 2 trapmf 0.001
partition P ' 15 0.067 | 99.54
Grid
partition z SRS ORIEE 15 | 0036 | 99.86
Grid
partition 2 gauss2mf 0.001 15 | 0018 | 99.9
Range of
influence 0.5
Squash
Sub. factor 1.25
Clustering | Accept 0.001 15 0.116 98.65
ratio 0.5
Reject
ratio 0.15
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Figure 4.4-11 : Comparison between the membership functions

Testing on city 3 number of samples is 281 also gives, when using ANFIS-Grid, good results the
four membership functions were very close inaccuracy. To compare with the ANFIS-Cluster
model, gauss2mf was used and six random samples were chosen to make this comparison. The

results are shown in Table 15 and Figure 4.4-12 shows a comparison between model results and

actual results.

Table 15 : ANFIS-Grid vs ANFIS-Cluster test 2 city 3

Nll?lglz‘:;:f A(‘;EIS‘E 2(r3nrfl)d ANFIS-Cluster Actual Output
1 0.188 0.0125 0
2 0.116 -0.0115 0
3 0.202 0.166 0
4 0.88 1.63 1
5 0.972 1.36 1
6 0.544 0.382 1
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Figure 4.4-12 : Comparison between model results and actual results

sample of 224 with the same membership functions and ANFIS-Grid were

used, Table 16 shows the results for all models and its Accuracy and RMSE. Figure

4.4-13 shows the comparison between all membership functions.

Table 16 : ANFIS Test 2 city 4 results

Membership # of
Function ERRPR EPOCH
FIS # of MFs (MF) TOLERANCE S RMSE Accuracy
Grid .
partition 2 (0T i 15 0.080 99.35
Grid
partition 2 trapmf 0.001 15 0.068 99.53
it 2 aussmf 0.001
partition g ' 15 0.0587 99.65
Grid
partition 2 gauss2mf 0.001 15 0.062 99.61
Range of
influence 0.5
Squash
Sub. factor 1.25
Clustering | Accept 0.001 15 0.075 99.42
ratio 0.5
Reject
ratio 0.15
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Figure 4.4-13 : Comparison between the membership functions

Table 14 above shows that the best membership function, in this case, is Gaussian
since it gives the best accuracy and RMSE, so it was selected to compare it with the
ANFIS-Cluster model and six random samples from that city were taken and entered in
each model. The results are shown in Table 17 and Figure 4.4-14 shows a comparison

between model results and actual results.

Table 17 : ANFIS-Grid vs ANFIS-Cluster test 2 city 4

N;mber of | ANFIS-Grid ANFEIS-Cluster Actual Output
ecords (gaussmf)

1 -0.0156 0.0679 0

2 0.0201 0.136 0

3 0.0529 -0.07711 0

4 0.938 0.885 1

5 1.46 0.224 1

6 2.11 0.821 1
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Figure 4.4-14 : Comparison between model results and actual results

4.5 Results Comparison and Discussion

Many tests were done in the previous sections, so in this section, a comparison was
done to judge between all algorithms and decided which one is the best algorithm and
suitable in predicting obesity disease cases. Based on our experiments, all city data use
the ANFIS-grid and neural network is very close inaccurate. In general, the below four
algorithms give good results when a large data is used, Table 19 shows the accuracy of

each algorithm when the input is all cities data with figures from 4.5-1 to 4.5-5:

Table 18 : Best four models accuracy comparison using all cities data
Data Algorithm Accuracy
ANFIS-Grid 98.33%
ANIFS-Cluster 96.54%
Logistic Regression | 97.50%
Neural network 98.40%

All Cities
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Figure 4.5-1 : All Cities Accuracy

For each city in a case, the ANFIS Grid or Cluster is always better than other
algorithms data sets, the following Tables 20 to 23 show a comparison between all

techniques:

Table 19 : Best four models accuracy comparison using city 1 data

Data Algorithm Accuracy
ANFIS-Grid 99.97%

city 1 AI_\II!ZS-CIuste_r 98.58%
Logistic Regression |  95.20%

Neural Network 97.40%
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Figure 4.5-2 : City 1 Accuracy

Table 20 : Best four models accuracy comparison using city 2 data
Data Algorithm Accuracy
ANFIS-Grid 99.97%
ANIFS-Cluster 99.81%

city 2 — -
y Logistic Regression | 95.10%
Neural Network 96.90%
City 2 Accuracy
00
101.00% 99.97% 50,815
100.00%
99.00%
98.00%
> 96.90%
& 97.00%
3
g 96.00% 95.10%
95.00%
94.00%
93.00%
92.00%
ANFIS-Grid ANIFS-cluster  logestic regression neural network
Algorthim

Figure 4.5-3 : City 2 Accuracy

Table 21 : Best four models accuracy comparison using city 3 data

Data Algorithm Accuracy
city 3 ANFIS-Grid 99.96%
Y ANIFS-Cluster | 98.65%
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Logistic Regression | 97.90%
Neural Network 97.90%
City 3 Accuracy
100.50%
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Figure 4.5-4 : City 3 Accuracy

Table 22 : Best four models accuracy comparison using city 4 data

Data Algorithm Accuracy
ANFIS-Grid 99.65%
city 4 ANIFS-Cluster 99.43%
SVM and LR 97.90%
Neural Network 97.70%
City 4 Accuracy
100.00% 99.65%
99.43%
99.50%
99.00%
> 98.50%
@
S 98.00% 97.70%
< 97.50% 97.30%
97.00%
96.50%
96.00%
ANFIS-Grid ANIFS-cluster SVM and LR neural network
Algorthim

Figure 4.5-5 : City 4 Accuracy
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4.6 Research Limitations

This study has potential limitations. The major challenge which was faced is that even
when a computer with high specifications was used, the training took a long time, and
in ANFIS-Grid, two membership functions were only used for each input if more than
two membership functions are demanded, then very high specifications are needed. For
collecting data in our society, the inputs of our model are considered private matters (it

is not easily disclosed or obtained).

Better results could be obtained if a computer with higher specifications is used. Also,
to generalize this research all over Palestine, data from many other cities is needed to

be collected and the larger population.
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Conclusions and
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5 Conclusions and Future Works

The medical field is considered the most important one in human life and diagnosing
any disease in early-stage makes the treatment process easier than in the middle or final
ones. Obesity is considered the main major of other diseases such as heart disease,
diabetes, hypertension, stroke, pulmonary emboli, certain cancers, osteoarthritis,
gallbladder disease, and respiratory abnormalities [56]. Also, COVID-19 severity
increased when people are obese [57]. However, early and accurate diagnosis can save
lives and gives the appropriate treatment, which helps the public health managing.
Expert systems are considered very strong decision support systems based on the
decisions and experiences of people who have been in that field. Also, over time, these

systems gained more experience in analyzing and giving more accurate results.

In this thesis, an intelligent medical diagnosis used for the diagnosis of obesity disease
using hybrid systems is the Neuro-Fuzzy model. In general, ANFIS is better than other
models that have been compared in this since this model gives us results with 99.9%
accuracy. ANFIS technique takes the benefits from the two machine learning
algorithms fuzzy logic decision-making mechanism, learning ability, and relational
structure of the ANNSs. Through the results obtained, it is concluded that machine
learning techniques especially the hybrid Neuro-fuzzy model technique showed to be a
more real sorter and can contribute to predicting the risk of excess weight in children.
The results using the whole dataset suggest the use of a hybrid Neuro-fuzzy model to
identify excess obesity in children with a degree of acceptable accuracy, so the model
achieved a prediction accuracy of 98.33% wusing grid partition and using neural
networks which achieved an accuracy of 98.40%, while the other models got accuracy

as follows: Logistic Regression 97.50%, d-tree 92.30%, KNN 93.60%, and SVM



79
97.10%. Also another results were obtained when the same techniques were applied
for each city alone, Jenin city results (ANFIS-Grid 99.97% , ANFIS-Cluster 98.58%,
Logistic Regression 95.20% and Neural Network 97.40%), Nablus city results
(ANFIS-Grid  99.97% , ANFIS-Cluster 99.81%, Logistic Regression 95.10% and
Neural Network 96.90%), Hebron city results (ANFIS-Grid 99.96% , ANFIS-Cluster
98.65%, Logistic Regression 97.90% and Neural Network 97.90%) and Tulkarem city
results (ANFIS-Grid 99.65% , ANFIS-Cluster 99.43%, SVM and LR 97.90% and

Neural Network 97.70%).

Both types in ANFIS give very good results but in general in this case using ANFIS-grid is better
from ANFIS-cluster. In ANFIS-grid there is many membership functions, in this thesis four
membership functions were used: triangular, trapezoidal, Gaussian, and Gaussian combination,
overall the best membership functions were the Gaussian, and Gaussian combination that gave the

better results.

For future studies, it is suggested to use the hybrid model for the prediction and classification of
obesity on international datasets and using other classifiers of excess obesity. It is proposed to
improve the prediction and classification accuracy by using evolutionary algorithms like genetic
algorithms and particle swarm optimization methods. It is suggested to carry out future
comparative studies with new multi-objective algorithms to verify the accuracy improvement, with
other features on the dataset. Also, many other features like how many hours are spent on TV or
playing video games. Also, some other features deepening in the living activity can be added to
the model. Finally, to use this model by specialists as a friendly user interface, it should be built
and developed and specialists will manage the application with a shared database that the

application can learn from many other cases faster and produces more accurate results. Also, these
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days it can easy to benefit from smartphones and smart-watches in which these devices collect a

huge number of data that could be used and sent tips for each user depending on its situation.
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