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Abstract
Reports and studies indicate that coronary artery disease (CAD) is one of the main
leading causes of mortality in the world. In Palestine, CAD is the most leading
cause of mortality among adults. This requires specialists in this field to conduct
scientific research on this disease and to identify the most important risk factors
associated with it. Therefore, this study aims to identify the most important risk
factors associated with the cardiovascular disease using three important classification
methods (Logistic regression, discriminant analysis and neural network).
In this study we will compare those three statistical models in the
classification of data related to cardiovascular disease patients in the Gaza Strip, using
three different assessment techniques (leave-one-out cross-validation, classification
table, and the area under the ROC curve), in terms of their accuracy and error rates.
We obtain the best model that has the highest accuracy and the least error rate. The
best model will then be used in the analysis of CAD patients in order to identify the
most important risk factors associated with the disease in Gaza.
The results of the comparisons indicates that neural networks (ANN) approach
provides the best classification model for this data set in terms of accuracy and error
rates. The logistic regression model and discriminant analysis provide almost similar
degree of accuracy and error rates and less that of ANN. The results showed that there
are many risk factors that have direct impacts on the development of this disease.
These factors, ordered according to their degree of risk, are: number of marriages,
hypertension status, home exposed to shelling or shooting by Israeli occupation
forces, smoking, previous history of CAD, Number of times a person had cardiac
catheterization before, high density Lipoprotein and age .

IV

ملخص

ذشيش انرماسيش ٔ انذساعاخ انٗ أٌ ايشاض انششياٌ انراظي تاذد أحذ األعثاب انشئيغيح
نهٕفياخ عهٗ يغرٕٖ انعانى ٔ .في فهغطيٍ ذعرثش انٕفاج تغثة ايشاض انمهة ٔ االٔعيح انذيٕيح
ْي انغثة انشئيغي نهٕفياخ تيٍ انثانغيٍ ،يًا يغرٕظة يٍ انًرخصصيٍ في ْزا انًعال ذمذيى
انذساعاخ ٔاالتحاز انعهًيح انخاصح تٓزا انًشضٔ ،ذحذيذ اْى عٕايم انخطش انًشذثطح تّ ،نزا
ذأذي ْزِ انذساعح تٓذف ذحذيذ اْى عٕايم انخطش عهٗ يشظٗ انششاييٍ يٍ خالل اعرخذاو
شالز غشق انرصُيف

( Logistic regression, discriminant analysis and neural

. network

ٔخالل ْزِ انذساعح عررى انًماسَح تيٍ انصالشح غشق انغاتمح نهرصُيف تاعرخذاو شالشح
اعانية ذمييى أعاعيح (leave-one-out cross validation, classification table and the area

) ٔ ، under the ROC curveعٍ غشيك لياط يعذني انذلح انخطأ تٓذف ذحذيذ أفعم ًَٕرض نٓزِ
انثياَاخ  ،شى عيرى اعرخذاو انًُٕرض األفعم في ذحهيم تياَاخ ذرعهك تًشظٗ انمهة ٔ االٔعيح
انذيٕيح في لطاع غضج تٓذف ذحذيذ اْى عٕايم انخطش انًشذثطح تٓزا انًشض في انمطاع.
ٔلذ تيُد َرائط ْزِ انًماسَاخ أٌ ًَٕرض انشثكاخ انعصثيح ( ْٕ ) ANNافعم ًَٕرض
نهثياَاخ حيس حصم عهٗ أعهٗ دسظح دلح ٔألم َغثح خطأ ،في حيٍ اٌ انًُٕرض انهٕظغري
ٔذحهيم انرًايض حصال ذمشيثا ً عهٗ َفظ دسظح انذلح ٔيعذل انخطأ ٔ ،لذ اتشصخ انُرائط أٌ ُْان
عذج عٕايم خطش نٓا ذأشيش يثاشش عهٗ ذطٕيش ْزا انًشضْٔ ،زِ انعٕايم ْي يشذثح حغة
دسظّ اًْيرٓا كًا يهي :عذد انضيعاخ ،اسذفاع ظغػ انذو ،ذعشض انثيد نهمصف ٔاالظرياحاخ
يٍ لثم لٕاخ االحرالل ،انرذخيٍ ،انراسيخ انًشظي نهعائهح ،عذد يشاخ اظشاء لغطشج انمهة،
انثشٔذيٍ عاني انكصافحٔ ،أخيشاً عًش انًشيط .
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Chapter 1
Introduction
Cardiovascular disease (CVD) is considered one of the first leading causes of death in the
world. Yet, CVD now accounts for nearly 30% of deaths globally (Anderson, 2007).
According to world health organization (WHO), about 17.5 million people died from
CVDs in 2005, representing 30% of all global deaths. Of these deaths, an estimated 7.6
million were due to coronary heart disease and 5.7 million were due to stroke. Over 80%
of CVDs deaths take place in low- and middle-income countries and occur almost equally
in men and women. By 2015, almost 20 million people will die from CVDs, mainly from
heart disease and stroke. These are projected to remain the single leading causes of death
(WHO, 2004).
In Palestine, CVD is the first leading cause of death among Palestinians in 2005.
According to the Palestinian Ministry of Health (MOH), about 3799 persons died from
CVD (1956 males and 1843 females), with proportion of 36.7% of total deaths, with a
rate of 101/100,000 population. Mortality among males was higher than females (51.5%
in males Vs 48.5% in females) ( PMOH, 2005).
The major risk factors for CVD can be categorized as modifiable (controllable) or nonmodifiable (uncontrollable). Controllable risk factors for CVD include hypertension,
hyperlipidemia, cigarette smoking, obesity, physical inactivity, diabetes mellitus and
recently Hyperhomocysteinemia (Escobedo & Caspersen. 1997, Peter et al., 2002; Barter
et al., 2007; Oba et al., 2008; and Coldea et al., 2011). On the other hand, uncontrollable
risk factors include gender, age, and family history of CVD (Nasir et al., 2007). The more
risk factors a person has, the greater is the likelihood of his/her having CVD (Chatterjee
et al., 1991 ).
Analogous to linear models, the objective of classification techniques is to identify
functional relationships between a response (dependent) variable Y and a vector of
explanatory (independent) variables or attributes X using a given set of observations (Y,
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X ). However, in classification methods the response variable is qualitative or discrete
where as in statistical regression it is real valued continuous variable. The response
variable is denoted by C1 ,C2 ,…, Cq , where q is the number of pre-specified groups or
classes (Doumpos & Zopounidis, 2002). The objective of classification methods is to
analyze the training data set and develop a model for each class or group using the
attributes available in the data. Once the model developed, using the training set,
performs satisfactorily, it can be used to classify future independent test data. In general,
classification models assign observations of unknown class membership to a number of
specified classes or groups using a set of explanatory variables associated with the
group.

1.1 Research Problem
Worldwide, cardiovascular disease becomes the first leading cause of death coronary
artery disease (CAD) is the first leading cause of death among Palestinians in 2005.
Many risk factors of cardiovascular disease can be modifiable if known and detected.
The problem of this study is to model the occurrence of cardiovascular disease in Gaza
Strip and to explore risk factors associated with this fatal disease that are specific to the
Palestinian society in Gaza Strip..

1.2 Importance of Study
Many studies conducted on risk factors of coronary heart disease all over the globe
concentrating on modifiable and non-modifiable risk factors, but only one of them has
been conducted in Gaza strip in 2000. That study has not been followed by any other
researchers to confirm or even to follow up its results. In addition to that, there are some
risk factors for many health problems distinguishing Gaza Strip from other countries
and areas as (bad housing, low income, bad nutrition, psychological stress, relative
deaths from Israeli aggression, unemployment, residential area, arrest, family conflict,
early marriage, and multiple pregnancies). Thus, it is important to use advanced statistical
methods in the analysis of the cardiovascular diseases data and to find out the best model
that describes the occurrence of cardiovascular diseases and its associated risk factors
among Palestinian population in Gaza Strip . The results of this study will help directly
or indirectly in decreasing mortality rates of cardiovascular diseases in Palestine.
2

1.3 Main Objectives
The objective of this study is to use some methods of

the classification (logistic

regression, discriminant analysis and artificial neural networks). Moreover, it is aimed to
compare the performance of these three classification methods and to choose the best
statistical model for patients with cardiovascular in Gaza Strip. Through the comparison
between logistic regression, discriminant analysis and artificial neural networks model on
a real data set, we will also be investigating the assessment techniques for classification
methods (such as cross-validation , classification table and ROC curve). and identify the
most important risk factors for cardiovascular Patients in the Gaza Strip.

1.4 Study Population
The target population of this study is all CAD patients who are 25 years old or more, live
in Gaza Strip and still alive. All referred patients to European cardiac catheterization
center and Julis cardiac catheterization center in 2008 are the population of the study.
The sampling frame for this study population was a list of all patients referred to the
European cardiac catheterization center and Julis cardiac catheterization center. They are
composed of 400 patients.

1.5 Study Sample
The actual sample size was 200 subjects divided into 100 diseased and 100 not
diseased randomly selected from the study population. Unrespondents, who travelled
abroad, or died cases were replaced by other ones. Only 3 subjects were died from the
diseased persons and 1 refused and 3 were travelled outside Gaza Strip. There are
no unrespondents among the not diseased individuals and hence the response rate among
this group was 100%.

1.6 Research Methodology
The data were drawn from a random sample of patients with cardiovascular disease. Data
were collected through clinical records and questionnaires in Gaza Strip. The data were
analyzed using three statistical models then some assessment techniques were applied in
order to reach the best model through the comparison. The three statistical models that
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have been applied include logistic regression, discriminant analysis and artificial neural
networks . In this study we choose some statistical assessment tools to assess the method
of estimation and the accuracy of the three models to arrive at the best model among
them. They are the leave-one-out cross validation, classification table and ROC curve.
All the analysis have been carried out using the R software.

1.7 Data Description
The data we used in this thesis were obtained from (Mushtha, 2010). It is a sample of 200
cases and composed of two groups of patients:
(1) Diseased: this group is composed of a random sample of 100 patients having the
following properties:
 They are 25 years old and above .
 Form both genders (male and females).
 Referred to either European cardiac catheterization center or Julis cardiac
catheterization center in 2008.
 Underwent cardiac catheterization, coronary artery disease, and still alive.
(2) Not diseased: this group is composed of a random sample of 100 patients having the
following properties:
 They are 25 years old and above
 For both genders (male and females).
 Referred to either European cardiac catheterization center or Julis cardiac
catheterization center in 2008
 Judged to be free of coronary artery disease (normal coronary angiography)

1.8 Definition of Cardiovascular Disease and its Risk Factors
Heart disease is a broad term used to describe a range of diseases that affect the heart or
blood vessels (Maton,1993). The various diseases that fall under the umbrella of
heart disease include diseases of blood vessels, such as coronary artery disease; heart
rhythm problems (arrhythmias); heart infections; and heart defects born with (congenital
heart defects). The term "heart disease" is often used interchangeably with
"cardiovascular disease". Cardiovascular disease generally refers to conditions that
involve narrowed or blocked blood vessels that can lead to a heart attack, chest pain
(angina) or stroke. Other heart conditions, such as infections and conditions that affect
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heart's muscle, valves or beating rhythm, also are considered forms of heart disease
(Mayo Clinic Staff, 2011). Myocardial infarction is a clinical syndrome characterized by
discomfort in the chest, jaw, shoulder, back, or arm with myocardial injury and
elevated

cardiac biomarkers (Anderson et al., 2007(. Coronary artery disease is a

narrowing or blockade of the arteries and vessels that provide oxygen and nutrients to
the heart (Central of Disease Control, 2009) . Ischemic heart diseases or angina
pectoris is a clinical syndrome characterized by discomfort in the chest, jaw, shoulder,
back, or arm. It is typically aggravated by exertion or emotional stress and relieved
by nitroglycerin. Angina usually occurs in patients with CAD involving at least one
large epicardial artery stenosis without myocardial cell death (Anderson et al., 2007). We
now describe some of the risk factors found in the literature that are associated with the
cardiovascular diseases. In this study we are going to examine the significance of all
those risk factors among the Palestinian patients in Gaza Strip.

1.8.1 Coronary Artery Disease (CAD)
Coronary artery disease is a narrowing or blockage of the arteries and vessels that provide
oxygen and nutrients to the heart. It is caused by atherosclerosis, an accumulation of fatty
materials on the inner linings of arteries. The resulting blockage restricts blood flow to
the heart. When the blood flow is completely cut off, the result is a heart attack. Heart
disease is a broad term that includes several more specific heart conditions. The most
common heart condition is coronary heart disease, which can lead to heart attack and
other serious conditions. CAD occurs when the coronary arteries, that supply blood to the
heart muscle, become hardened and narrowed due to the plaque buildup. (Central of
Disease Control, 2009).

1.8.2 Hypertension
The participants in the study take one or more type of hypertension drug prior cardiac
catheterization. Many research articles about hypertension were carried out. Some
discussed its impact on individual and community, others discussed the prevalence and
its economic burden, in addition of studying its relationship with other cardiovascular
diseases and other chronic disorders (Okash, 2014). A prospective cohort study in the
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Netherlands has indicated that there is a strong positive relationship between the
occurrence of CAD and the elevated systolic and diastolic blood pressure (Vanden et
al, 1996). A population-based prospective cohort study of 12,763 men aged 40 to 59
years conducted in seven countries of the world has revealed that all baseline blood
pressure measurements were the best predictors of cardiovascular diseases mortality,
compared with many risk factors including diastolic and systolic blood pressures,
followed by mean and mid blood pressures (Demosthenes et al, 2005). As well, a
prospective study conducted in 15 sites across Canada has shown that high blood
pressure is a major risk factor for heart and vascular disease and it is an important cause
of death around the world, the prevalence of hypertension in adults was estimated at 19%
(Kathryn et al, 2010).

1.8.3 Obesity
WHO defined obesity as body mass index {BMI=weight(kg)/height(m2)} greater than or
equal to 30kg/m2. A study conducted by Henry et al, (2002) has shown that obesity is
associated with accelerated coronary atherosclerosis in adolescent and young adult men.
These observations support the current emphasis on controlling obesity to prevent adult
coronary artery disease. Moreover, a prospective study conducted in participants aged 35
to 75 years, who were followed up to 44 years, has revealed that the overweight category
is associated with increased relative and population attributable risk for hypertension and
cardiovascular sequelae. Interventions to reduce adiposity and avoid excess weight may
have large effects on reducing the development of risk factors and cardiovascular
disease at an individual level (Peter et al., 2002).

1.8.4 Low Income and Educational Level
Educational level is the level participating in the study so that the level of no more than
high school. Health behavior data derived from nationwide Finnish health behavior
surveys from the years 1979 to 2001. The analyses included 29065 men and 31543
women of whom 4263 died. Health behaviors explained 54% of the relative difference
between primary and higher educational levels in CVD mortality among men and 22%
among women (Mikko, 2008). Men who had low social class or low household income in
adult life had increased rates of coronary heart disease. (Barker et al, 2001).
6

1.8.5 Family History of CAD
A study conducted by Kelalainen et al., (1996) in Finland has revealed that the family
history of CAD was positively associated with cumulative occurrence of CAD events.
Therefore it is considered as a strong predictor for future CAD events. Another study
conducted by Sesso et al. (2001) has revealed that family history of premature coronary
artery disease is an independent risk factor for CAD events. Furthermore, a prospective
cohort study was conducted in 6 United States communities included 6814 without
known CVD has shown that there is an association between family history of premature
CAD and the presence of any coronary artery calcification (Nasir et al, 2007).

1.8.6 High Density and Low Density Lipoprotein Cholesterol
High density lipoproteins cholesterol HDL or alpha lipoproteins, which are the smallest
and most dense of lipoproteins, contain about 17% to 20% cholesterol and 1% to 7%
triglycerides, appears to be beneficial. The higher the HDL levels the lower the potential
risk for developing cardiovascular diseases (Mchenry, 1992). Furthermore, HDL levels is
protective because it picks up cholesterol and triglycerides from the body cells of
membranes and carries them back to the liver, where they are metabolized and then
excreted. This transport mechanism prevents the accumulation of lipids in the arterial
walls, thereby providing protection against the development of coronary artery disease
(Mchenry, 1992). Low density lipoproteins cholesterol (LDL) or beta lipoproteins,
contain the major portion of cholesterol in blood and may be considered the most
harmful. They consist of 40% to 50% cholesterol and 7% to10% triglycerides. An
elevation of LDL levels suggests that an individual has a high potential risk for
developing atherosclerosis .

1.8.7 Diabetes Mellitus
A prospective study was carried out on 1059 type 2 diabetic patients aged 45-64 years in
Finland to investigate the risk of lipid and glucose abnormalities and the occurrence of
CAD (Lehto, 1997). Results showed that low HDL, high LDL (≥5.2 mmol/l), high
triglyceride level (>2.3 mmol/l), and high fasting plasma glucose (>13.4 mmol) was
independently associated with twofold increase in the risk of CAD, while high fasting
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glucose (>13.4 mmol/l) with low HDL, low HDL/TC ratio, or high total triglyceride
increase the risk of CAD events to threefold. In addition, Vibergsson et al. (1998)
has indicated that type 2 diabetes increased twice the risk of CAD mortality in male and
female patients independently of other risk factors.

1.9 Literature Review
According to World Health Organization (WHO) fact sheet in 2007, CVDs are the number
one cause of death globally: more people die annually from CVDs than from any
other cause. An estimated 17.5 million people died from CVDs in 2005, representing 30%
of all global deaths. Of these deaths, an estimated 7.6 million were due to CAD and 5.7
million were due to stroke. Over 80% of CVD deaths take place in low- and
middle-income will die from CVDs, mainly from heart disease and stroke. These are
projected to remain the single leading causes of death (WHO, 2007). CVDs affect many
people in middle age, very often severely limiting the income and savings of affected
individuals and their families. Lost earnings and out of pocket health care payments
undermine the socioeconomic development of communities and nations. CVDs place a
heavy burden on the economies of countries. Lower socioeconomic groups

in high

income countries generally have a greater prevalence of risks factors, diseases and
mortality. A similar pattern is emerging as the CVD epidemic evolves in low and
middle income countries (WHO, 2007). CVD accounted for almost 198,000 deaths in the
United Kingdom (UK) in 2006. Thirty-five percent of deaths were from CVD. Each
year CVD causes over 4.3 million deaths in Europe and over 2 million deaths in the
European Union (EU). (British Heart Foundation, 2008).
A cross-sectional survey was undertaken in the united stat to assess the prevalence of
CAD among the general US adult population aged 40 years and over. The prevalence of
hypercholesterolemia was 60%, hypertension 74%,diabetes mellitus 26%, and current
smokers 33%. Approximately 95% of the population had at least 1 of these CVD risk
factors, and 72% had 2 or more risk factors (Selvin et al., 2004).
A retrospective study was conducted by Wally et al., (1997) in Texas Heart
Institution on 290 Egyptian patients who underwent Coronary Artery Bypass Graft
(CABG) has revealed a high prevalence of hyperlipidaemia 69.7%, cigarette smoking
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66.6%, family history of CAD 53%, hypertension 46.9%, obesity 46.2%, and diabetes
mellitus 32.4%.
Okash and Abu Samra (2013) This study aims to choose the best statistical model for
patients with Hypertension data in Palestine, through the comparison between neural
networks, decision tree analysis and logistic regression model on real data set. Recent
research on some other data sets suggests that artificial neural networks (ANN) may
perform better than the traditional methods using Logistic regression or decision Tree,
especially in the case of non-linear data.
Abu Sedo (2012 ) assessed homocysteine of CVD in patients from Gaza Strip. This
case-control study comprised 82 CVD patients and 82 healthy controls. Questionnaire
interview was applied. The author concluded serum homocysteine was significantly
higher in CVD patients compared to controls. Homocysteine levels were higher in
low educated, smoker and unemployed individuals, less family income individuals as
well as in individuals with family history of CVD. High blood cholesterol, hypertensive,
stroke, diabetic and obese individuals as well as individuals who ate meat daily had also
higher levels of homocysteine. Homocysteine levels were positively correlated with
BMI, cholesterol, LDL, HDL and negatively correlated with HDL.
In a study carried out by El Yazji ( 2011) the sample included 130 cases with
different age groups above 30 years, who were diagnosed as having CAD, and
matched with age and sex to130 controls who were taken from the non-cardiac
outpatients clinics. The study revealed that, the most common modifiable risk factors
were physical inactivity, obesity, hypertension, diabetes mellitus, hypercholesterolemia,
low HDL levels, high triglycerides, and smoking. All these factors were positively and
significantly associated with the development of CAD. In contrast to other studies,
the author concluded that the higher educated subjects have the higher risk to
develop coronary arteries defects than the lower educated subjects, whereas, the most
common non-modifiable risk factors were age 50 years and more, sex and family
history of CAD.
Kumari, et al. (2011) discussed different data mining techniques that can be used for
the identification and prevention of cardiovascular disease among patients. The
authors compared four classification techniques of data mining to predict cardiovascular
9

disease in patients: rule based Repeated Incremental Pruning to Produce Error Reduction
(RIPPER) techniques, decision tree, artificial neural networks and Support vector
machine. These techniques are compared on basis of sensitivity, specificity, accuracy,
error rate, true positive rate and false positive rate. The study showed that Support Vector
Machine model turned out to be best classifier for cardiovascular disease prediction.
They suggested to improve performance of these basic classification techniques by
creating meta model which can be used to predict cardiovascular disease in patients.
Mushtaha (2010) carried out a study aims to identify risk factors that may lead to
CAD in Gaza Governorates, which in turn may contribute to the preparation of
preventive programs to decrease mortality and morbidity from CAD. The design of the
study is analytical case-control one, which is a practical and economical design for
studying risk factors. The researcher interviewed randomly selected 200 participants (100
cases and 100 controls) from the two Cardiac Catheterization Centres available in Gaza.
Subjects of this study were distributed among the five Gaza Governorates, taking into
account the sex of patients. The study concluded that, age above 50 years, lack of
physical activity, diabetes mellitus, hypertension, high Low Density Lipoprotein, low
High Density Lipoprotein (the result was taken from the patients files), and smoking
are risky factors for developing CAD. Similarly, the presence of family history,
number of pregnancies regardless of its success or failure, living in extended families for
long periods are also risky for CAD. In contrary, repeated marriages twice, was a
preventive factor for CAD.
Progress during the late 1970s and early 1980s was important to the reemergence on
interest in the neural network field. Several factors influenced this movement. For
example, comprehensive books and conferences provided a forum for people in diverse
fields, Many authors have described the structure and operation of ANNs ( Fausett, 1994).
A typical structure of ANNs consists of a number of processing elements, or nodes, that
are usually arranged in layers: an input layer, an output layer and one or more hidden
layers. The same principle is used in ANN models. ANNs can form the simple linear
regression model by having one input, one output, no hidden layer nodes and a linear
transfer function. (Shahin , Jaksa and Maier, 2001).
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The idea of multivariable intergroup distance was translated to that of a linear composite
of variables derived for the purpose of two-group classification by R. A. Fisher (1890–
1962) in the 1930s. (Hodges, 1950) The distance and variable composite ideas appeared
in print prior to Fisher’s seminal discriminant analysis article in 1936 (“The use of
multiple measurements in taxonomic problems,” which appeared in Annals of Eugenics).
At the suggestion of Fisher, M. M. Barnard applied two-group (predictive) discriminant
analysis in a1935 study involving seven Egyptian skull characters. Many other extensions
and refinements of Fisher’s ideas have appeared since the 1940s. A detailed presentation
of all historical developments pertaining to discriminant analysis will not be attempted
here. There are at least 14 excellent references related to discriminant analysis
developments (Cacoullos, 1973).
Yarmohammadi et al, (2004), designed an algorithmic model based on the logistic
regression model (LRM) and a non-algorithmic model based on the artificial neural
network (ANN). The ability of these models was compared together in clinical
application to differentiate malignant from benign breast tumours in a study group of
(161) patients' records. Each patient’s record consisted of 6 subjective features extracted
from MRI appearance. Results of the study showed that ANN and LRM prove the
relationship between extracted morphological features and biopsy results. Using
statistically significant variables reduced LRM outperformed ANN with remarkable
specificity while high sensitivity is achieved.

1.10 The Setup of the Thesis
This study complements previous studies that deal with the subject of determining the
most important risk factors on patients of cardiovascular disease in the Gaza Strip. The
study however, implement the most reliable statistical methods that can classify patients
with cardiovascular disease. In this study will compare three statistical models (logistic
regression, discriminant, analysis and neural networks) using three different assessment
techniques (classification table, leave-one-out cross-validation and ROC curves) and
obtain the best model that has the highest accuracy and least error rate. Therefore in
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this chapter we introduce a description the study methodology, and the study objectives,
and the research problem, a description of the data, a literature review, and provide
introduction on the CAD disease. The second chapter presents theoretical background
on classifications methods used in this study; namely, logistic regression, discriminant
analysis and artificial neural network. In chapter three we discuss the analysis of
cardiovascular data in the Gaza strip (the case study) using the three statistical methods
and provide a comparison between those methods. In chapter four we present the final
results of our study and present some recommendations.
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Chapter 2
Classification Methods for Binary Data:
(Theoretical Background)
Introduction
Binary or binomial classification is the task of classifying the members of a given set of
objects into two groups on the basis of whether they have certain property or not. Some
typical binary classification tasks are medical testing to determine if a patient has a certain
disease or not (the classification property is the presence or absence of the disease).
Another example can be found in quality control in factories through deciding if a new
product is good enough to be sold or it is a defective unit and should be discarded (the
classification property is being good or defective unit). There are some statistical
techniques that can be used for classification problems. These methods include logistic
regression, discriminant analysis and artificial neural networks. In this chapter we are
going to give a brief description of each of those classification techniques. We will also
describe some methods of assessing the accuracy of the classification techniques .

2.1 Logistic Regression
2.1.1 Overview
Binomial (or binary) logistic regression is a form of regression which is used when the
dependent variable is a dichotomous and the independent variables are of any type.
Multinomial logistic regression exists to handle cases of dependent variable with more
classes than two. When multiple classes of the dependent variable can be ranked, the
ordinal logistic regression is preferred to multinomial logistic regression.
Logistic regression applies maximum likelihood estimation after transforming the
dependent variable into a logit variable (the natural logarithm of the odds of the dependent
variable occurring or not). In this way, logistic regression estimates the probability of a
certain event occurring. Note that logistic regression calculates changes in the log odds of
the dependent variable, not changes in the dependent variables itself as ordinary least
squares (OLS) regression does.
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Logistic regression has many analogies to OLS regression: logit coefficients correspond to
b coefficients in the logistic regression equation (see the formula 2.10), the standardized
logit coefficients correspond to beta weights, and a pseudo R2 statistic is available to
summarize the strength of the relationship. Unlike OLS regression, however, logistic
regression does not assume linearity of the relationship between the independent variables
and the dependent variable, does not require normally distributed variables, does not
assume homoscedasticity, and in general has less stringent requirements. The success of
the logistic regression can be assessed by looking at the classification table, showing
correct and incorrect classifications of the dichotomous, ordinal, or polytomous dependent
variable. Also, goodness-of-fit tests such as model chi-square are available as indicators of
model appropriateness as is the Wald statistic to test the significance of individual
independent variables.
Logistic regression has expanded from its origins in biomedical research to fields such as
business and finance, engineering, marketing, economics, and health planning (Meyers et
al. 2006). The logistic curve, illustrated below, is good for modeling binary dependent
variables coded 0 or 1 because it comes closer to hugging the y=0 and y=1 points on the y
axis. Even more, the logistic function is bounded by 0 and 1, whereas the OLS regression
function may predict values above 1 and below 0.

Figure(2.1): Logistic and linear regression model
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2.1.2 The Logistic Regression Model
In binary logistic regression models, the dependent variable is usually dichotomous, that is,
the dependent variable can take the value 1 with a probability of success π, or failure with
the value 0 and probability 1-π. This type of variable is called a Bernoulli (or binary)
variable. Although not common, applications of logistic regression have also been
extended to cases where the dependent variable is of more than two categories, known as
multinomial or polytomous (Tabachnick and Fidell,1996) logistic regression. As
mentioned previously, the independent or predictor variables in logistic regression can take
any form. That is, logistic regression makes no assumption about the distribution of the
independent variables. They do not have to be normally distributed, linearly related or of
equal variance within each group. The relationship between the predictor and response
variables is not a linear function in logistic regression, instead, the logistic regression
function is used, which is the logit transformation of π. The logistic regression model can
be written as:
(

(

)

)
(

)

………………………………………………..2.1

The logistic regression model can be written in terms of the log of the odds, called the
logit,

.

/

( )

…….………2.2

The logit is just the (natural) logarithm of the odds. With this model, the range of values
that the left-hand side can potentially take is now between -∞ and ∞, which is the same
range as that of the right-hand side. Now we have a linear model on the logit scale. This is
the most common form of the logistic regression model. An alternative and equivalent way
of writing the logistic regression model in (2.1) is in terms of the odds (Agresti,2002).
(

)

……………………………………………2.3

where x1 ,x2, x3…..,xk are continuous measurements corresponding to covariates and/or
dummy variables corresponding to factor levels and β1,β2,β3,…..,βk are the parameters.
This model is very widely used for analyzing data involving binary or binomial responses
and several explanatory variables. Estimates for the parameters and response probabilities
are typically obtained by the method of maximum likelihood. These estimates will be
computed and returned by the software package. Note that the general linear logistic
regression model can be rewritten in terms of the probability of a positive response
(Agresti,1990).
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2.1.3 Goodness of Fit Tests
The goodness of fit test or calibration of a model measures how well the model describes
the response variable. Assessing goodness of fit involves investigating how close the
values predicted by the model are to the observed values.

2.1.3.1: Pearson's Chi-Squared

 2 and Deviance D

Suppose we have just fitted a model and want to assess how well it fits the data. A measure
of discrepancy between observed and fitted values is the deviance statistic, which is given
by
∑*

.̂ /

(

)

.

̂

/+ ………………………………….…2.5

where yi is the observed value and ̂ i is the fitted value for the -th observation. Note that
this statistic is twice the sum of the observed times log of observed over expected', where
the sum is over both successes and failures (i.e. we compare both

i

and

with their

expected values). In a perfect fit the ratio observed over expected is one and its logarithm
is zero, so the deviance zero (Dobson, 2002). With grouped data, the distribution of the
deviance statistic as the group sizes ni
distribution with

for all , converges to a chi-squared

degrees of freedom, where

is the number of groups and

is the

number of parameters in the model, including the constant. Thus, for reasonably large
groups, the deviance provides a goodness of test for the model. With individual data the
distribution of the deviance does not converge to a chi-squared (or any other known)
distribution, and cannot be used as a goodness of fit test (Rodriguez, 2007). We will,
however, consider other diagnostic tools that can be used with individual data. An
alternative measure of goodness of

fit is Pearson's chi-squared statistic, which for

binomial data can be written as.
………………………………………....……………2.6

Note that each term in the sum is the squared deference between observed and fitted values
and ̂ i , divided by the variance of

i,

which is ̂ i(
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estimated using ̂ i for ui .

This statistic can also be derived as a sum of "observed minus expected squared over
expected", where the sum is over both successes and failures. With grouped data Pearson's
statistic has approximately in large samples a chi-squared distribution with

degree of

freedom, and is asymptotically equivalent to the deviance or likelihood-ratio chi-squared
statistic. The statistic cannot be used as a goodness of it test with individual data, but
provides a basis for calculating residuals, as we shall see when we discuss logistic
regression diagnostics.

2.1.3.2 Wald Statistic Test
The Wald statistic is commonly used to test the significance of individual logistic
regression coefficients for each independent variable (that is, to test the null hypothesis in
logistic regression that a particular logit (effect) coefficient is zero). It is the ratio of the
unstandardized logit coefficient to its standard error. The researcher may want to drop
independent variable from the model when their effect is not significant by the Wald
statistic. Menard (2002) warns that for large logit coefficients, standard error is inflated,
lowering the Wald statistic and leading to type II errors (false negatives: thinking the effect
is not significant when it is). That is, there is a flaw in the Wald statistic such that very
large effects may lead to large standard errors and small Wald chi-square values. For
models with large logit coefficients or when dummy variables are involved, it is better to
test the difference in model chi-squares for the model with the independent variables and
the model without that independent variable, or to consult the log-likelihood test. Also,
note that the Wald statistic is sensitive to violations of the large-sample assumption of
logistic regression. The Wald statistic can be used to assess the contribution of individual
predictors or the significance of individual coefficients in a given model )Bewick et al.,
2005). The Wald statistic is the ratio of the square of the regression coefficient to the
square of the standard error of the coefficient. The Wald statistic is asymptotically
distributed as a chi-square distribution. It takes the form :
𝑊

𝛽
𝑆𝐸𝛽

………………………………….…...................................................2.7

Each Wald statistic is compared with the Chi-square distribution with 1 degree of freedom.
Wald statistics are easy to calculate but their reliability is questionable.
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2.1.3.3 The Hosmer and Lemeshow Tests
Hosmer and Lemeshow developed several different methods to test the lack-of-fit of a
logistic regression model. We will only consider two widely known tests which group the
subjects based on the estimated probabilities of success. The first test statistic, ̂ is
calculated based on the fixed and pre-determined cut-off points of the estimated probability
of success (Hosmer and Lemeshow, 1980). The second test statistic, ̂ is calculated based
on the percentiles of estimated probabilities(Hosmer and Lemeshow, 1980). Only the test
statistic ̂ method is well accepted and is included in several major statistical packages.
The tests proposed by Hosmer and Lemeshow (Hosmer and Lemeshow, 1980 ) do not
require the number of covariate patterns less than the total number of subjects.
Hosmer and Lemeshow’s ̂
In this method, the subjects are grouped into g groups each containing

subjects. The

number of groups g can be less than or equal 10, due to small number of subjects. Ideally,
the first group contains

subjects having the

smallest estimated success

probabilities obtained from the fitted model. The second group contains
having the second smallest estimated
Lemeshow, 2000(. Let

success probabilities, and so on (Hosmer and

be the average estimated success probability based on the

fitted model corresponding to the subjects in the
number of subjects with y=1 in the

group with

group. We have a

and the

rows corresponding to the

1, and let

be the

by 2 frequency table with the

two columns of the table corresponding to the two values of the
1

subjects

response variable,

groups. The formula of Hosmer and

Lemeshow test statistic ̂ is

……………………….……………..........................2.8

where ∑

1

Under the

null hypothesis, the test statistic, ̂ is approximately distributed as a chi-square distribution
with

degrees of freedom (Hosmer and Lemeshow,1980 (.
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Hosmer and Lemeshow ̂
This test was developed by Hosmer and Lemeshow (1980), in which the subjects are
grouped into 10 groups if the estimated probabilities cover 0 through 1. The grouping
method is described as the following: the subjects are in the first group whose estimated
probabilities fall in the range from 0 to 0.1; the subjects are in the second group whose
estimated probabilities fall in the range from 0.1 to 0.2, other groups have the same
grouping policy. The number of subjects is not always the same among groups. In many
cases, the range of estimated probabilities can only cover a small subset of (0,1), which
resulted in the group numbers less than 10. The Hosmer and Lemeshow ̂ test statistic can
be obtained by computing the Pearson chi-square statistic from a

by 2 frequency table

considered in the ̂ test. It has exactly the same form as ̂ test:
…………………….………………….…..................2.9

where

, ̅ and

have the same definition as in (2.7). For large , the distribution can

be approximated by a Chi-square distribution with

degrees of freedom under the null

hypothesis. The simulation study conducted by Hosmer and Lemeshow (Hosmer and
Lemeshow, 1980) compare their ̂ and ̂ tests. The results seem to suggest that the H test
is more powerful than C test, and thus, H test was the preferred test. However, additional
study from Hosmer, Lemeshow, and Klar (1988) showed that

̂ test is better than ̂ ,

especially when there are a lot of estimated probabilities that are less than 0.2 (Hosmer
and Lemeshow 2000). From (2.3) and (2.4), the Hosmer-Lemeshow‟s ̂ and ̂ test can be
considered as extensions of Pearson chi-square test on the basis of merging multiple
covariate patterns into one group, which makes the distribution of the Pearson residuals
approximately normal.

2.1.3.4 Logistic Regression Coefficients and Correlation
Note that a logistic coefficient may be found to be significant when the corresponding
correlation is found to be not significant, and vice versa. To make certain global statements
about the significance of an independent variable, both the correlation and the logit should
be significant. Among the reasons why correlations and logistic coefficients may differ in
significance are these: (1) logistic coefficients are partial coefficients, controlling for other
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variables in the model, whereas correlation coefficients are uncontrolled, (2) logistic
regression coefficients reflect linear and nonlinear relationships, whereas correlation reflects
only linear relationships, and (3) a significant logit means there is a relation of the
independent variable to the dependent variable for selected control groups, but not
necessarily overall.
We can estimate  of the parameters by the following, given a current estimate  of the
parameters, we calculate the linear predictor   X i and the fitted value ˆ  logit 1 ( )
with these values we calculate the working dependent variable , which has elements
z i  ˆi 

y i  ˆi
n ….………………………………………………..…...…2.10
ˆi (ni  ˆi ) i

where

are the binomial denominators. We then regress z on the covariates

calculating the weighted least squares estimate

ˆ  (x wx )1 x w z

….………………………………………………..……2.11

where W is a diagonal matrix of weights with entries
where X is a matrix of the independent variables

w ii  i (ni  i ) / ni ….………………………………………………...………..2.12
we can test the hypothesis H0 : Bj = 0

2.2 Discriminant Analysis
Discriminant analysis is the appropriate statistical classification technique when the
dependent variable is categorical and the independent variables are quantitative. In many
cases, the dependent variable consists of two groups or classifications, for example, male
versus female, high versus low or good credit risk versus bad credit risk. In other instances,
more than two groups are involved, such as a three group classification involving low,
medium and high income levels classifications. The basic purpose of discriminant analysis
is to estimate the relationship between a single categorical dependent variable and a set of
quantitative independent variables. Discriminant analysis has widespread application in
situations where the primary objective is identifying the group to which an object (eg.
person, firm or product) belongs. Potential applications include predicting the success or
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failure of a new product, deciding whether a student should be admitted to graduate school,
classifying students as to vocational interests, determining what category of credit risk a
person falls into or predicting whether a firm will be a success failure. Discriminant
analysis is capable of handling either two groups or multiple groups. Discriminant analysis
involves deriving, the linear combination of the two (or more) independent variables that
will discriminate best between defined groups.

2.2.1 Objectives of Discriminant Analysis
Discriminant Analysis can address any of the following research questions:
• Determining whether statistically significant differences exist between the average score
profiles on a set of variables for two (or more) defined groups.
• Determining which of the independent variables account for most of the differences in
the average score profiles of the two or more groups.
• Establishing procedures for classifying statistical units (individuals or objects) into
groups on the basis of their scores on a set of independent variables.
• Establishing the number and composition of the dimensions of discrimination between
groups formed from the set of independent variables (Morrison,1969).
In discriminant analysis, the objective of the Mahalanobis approach is to construct a locus
of points that are equidistant from the two group centroids. The distance, which is adjusted
for the covariance among the independent variable, is used to determine a posterior
probability that can be used as the basis for assigning the observation to one of the two
groups. Thus, although the discriminant function is linear in nature, the procedure also
provides a probability of group membership, i.e., a nonlinear function of the independent
variables in the model. When this probability of group membership corresponds to the
probability of choice, effectively we have a choice model with a different functional form
(Lawrence et al. 2007, Lawrence et al. 2008).

2.2.2 Discriminant Functions
Discriminant Analysis involves the determination of a linear equation like regression that
will predict which group the case belongs to. The form of the equation or function is:
D=

+…+

……………………………………………2.13

where D = discriminate function
= the discriminant coefficient or weight for that variable
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= respondent‟s score for that variable
= a constant
= the number of predictor variables
This function is similar to a regression equation. The v‟s are unstandardized discriminant
coefficients analogous to the b‟s in the regression equation. These v‟s maximize the
distance between the means of the criterion (dependent) variable. Standardized
discriminant coefficients can also be used like beta weight in regression. Good predictors
tend to have large weights. We want this function to maximize the distance between the
categories, i.e. To come up with an equation that has strong discriminatory power between
groups. After using an existing set of data to calculate the discriminant function and
classify cases, any new cases can then be classified. The number of discriminant functions
is one less the number of groups. There is only one function for the basic two group
discriminant analysis.
When

(the number of independent variables) = 2, the classification boundary is a

Straight line. Every individual on one side of the line is classified as Group 1, on the other
side, as Group 2. When

= 3, the classification boundary is a two-dimensional plane in

three dimensional space, the classification boundary is generally an
hyperplane in

1 dimensional

space (Morrison, 1969).

The mean discriminant function coefficient can be calculated for each group– these group
means are called (Centroids), which are created in the reduced space created by the
discriminant function reduced from the initial predictor variables. Differences in the
location of these centroids show the dimensions along which the groups differ. Once the
discriminant functions are determined groups are differentiated, the utility of these
functions can be examined via their ability to correctly classify each data point to their a
prior groups. Classification functions are derived from the linear discriminant functions to
achieve this purpose. Different classification functions are used and equations exist that are
best suited for equal or unequal samples in each group.

2.2.3 Assumptions Underlying Discriminant Function Analysis- DFA
 Sample Size
There has to be a sufficiently high ratio between of “cases to predictor variables” with
different views on the minimum ratio:
Tabachnick & Fidell (2001) suggested that unless the number of cases in the smallest
group exceeds the number of predictor variables, over-fitting of results may occur. The
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detrimental effect of over-fitting is that the results may so closely fit the sample that they
cannot be generalized.
Diekhoff (1992) recommends that the smallest group should have more cases than the
number of the predictor variables, and that the total sample size should have at least ten
times as many cases as the number of variables.
 Linearity
As in the majority of multivariate statistics applied to Psychology and the Social Sciences,
discriminant analysis assumes linear relationships between predictor variables and the
criterion (outcome) variable. The degree of linearity within each separate group or
category can be assessed by inspection of correlation matrices and scatterplots.
 Normality
Likewise all multivariate techniques, discriminant analysis is also sensitive to outliers.
Multivariate outliers can be investigated using "Mahalanobis" distances generated in
Multiple Linear Regression Analysis. The "Mahalanobis Distances" statistic is equivalent
to chi-square, with degrees of freedom reflecting the number of predictor variables. The
Mahalanobis Distances represent a measure of how much a case's values on the
independent variable differ from the average of all cases, with large Mahalanobis
Distances identifying cases with extreme values. Chis-square tables can be used to look up
the critical values for such extreme values (with an alpha level of .001). Utilisation of large
sample sizes results in increased robustness; robustness can be assumed for

in the

smallest group, and a parsimonious number of predictor variables. (Brace, 2009).
 Homogeneity of Variance-Covariance-Matrices
“Box‟s M” test can be used to assess the assumption of homogeneity. Box‟s M must be
non-significant; in light of the sensitivity of the test, an alpha level of .001 is
recommended. Lachenbruch (1975) indicated that DA is relatively robust even when there
are modest violations of these assumptions. Klecka (1980) points out that dichotomous
variables, which often violate multivariate normality, are not likely to affect conclusions
based on discriminant analysis.
 Multicollinearity
Multicollinearity refers to high inter-correlations between predictor variables. The
predictor variables must be related to the grouping variable but should be fairly
independent of each other. The extent to which predictor variables are intercorrelated
should always be inspected prior to conducting discriminant analysis. If multicollinearity is
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high (r .80), discarding redundant variables from the analysis should be considered
(Brace, 2009).
 Outliers:
Discriminant Analysis is highly sensitive to the inclusion of outliers. Test for univariate
and multivariate outliers for each group should be run , and data should be transformed or
discordant outliers should be eliminated. If one group in the study contains extreme
outliers that impact the mean, they will also increase variability. Overall significance tests
are based on pooled variances, that is, the average variance across all groups. Thus, the
significance tests of the relatively larger means (with the large variances) would be based
on the relatively smaller pooled variances, resulting erroneously in statistical significance.
Multivariate outliers can be detected in a plot of the differences between robust
Mahalanobis distances and chi-squared quantile vs. chi-squared quintile values (Khattree
and Naik ,1995).

2.2.4 Tests of Significance
There are several tests of significance, but we only present Wilks lambda here. Wilks
lambda is used in an ANOVA (F- test) of mean differences in DA, such that the smaller the
lambda for an independent variable, the more that variable contributes to the discriminant
function. Lambda varies from 0 to 1, with 0 meaning group means differ (thus the more the
variable differentiates the groups), and 1 meaning all group means are the same. The F test
of Wilks' lambda shows which variables' contributions are significant. The simple
Pearsonian correlations are called structure coefficients of correlations or discriminant
loadings. When the dependent variable has more than two categories there will be more
than one discriminant function. The correlations then serve like factor loadings in factor
analysis that is, by identifying the largest absolute correlations associated with each
discriminant function we would gain insight into how to name each function. (Tabachnick
and Fidell,2001).
Wilks lambda is also used in another context to assess the improvement in classification
when using sequential discriminant analysis. There is an F test of significance of the ratio of
two Wilks' lambdas, such as between a first one for a set of control variables as predictors
and a second one for a model including both control variables and independent variables of
interest. The second lambda is divided by the first (where the first is the model with fewer
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predictors) and an approximate F value for this ratio is found using calculations reproduced
in Tabachnick and Fidell (2001).
The eigenvalue of each discriminant function reflects the ratio of importance of the
dimensions which classify cases of the dependent variable. If there is more than one
discriminant function, the first will be the largest and most important, the second next most
important in explanatory power, and so on. The eigenvalues assess relative importance
because they reflect the percents of variance explained in the dependent variable, cumulating
to 100% for all functions.

2.2.5 Advantages and Disadvantages of Discriminant Analysis
Discriminant analysis has the following advantages:


It requires dichotomous response variable.



It is easy to calculate.



It yields the input needed for an immediate decision.



It has reduced error rates.

Discriminant analysis has the following disadvantages:


The existence of the normality assumption on variables.



It assumes approximately equal variances in each group.



The existence of the assumption on equivalent correlation patterns for groups.



It has a problem of multi-collinearity, and sensitivity to outliers.

2.3 Neural Networks
Neural networks, also called artificial neural networks (ANNs), are models for
classification and pattern recognition capabilities. ANNs were designed to model the
functioning of human brain, where neurons are inter-connected and learn from experience.
We use ANNs for our research for two reasons. First, the ability of the neural networks to
decipher and solve nonlinear relationships problems. Second, research over last two
decades indicates that neural network may achieve better classification and prediction
compared to standard statistical methods (Sharda, 1994). This has been corroborated by a
number of successful ANN applications such as bankrupcy prediction (Odom and Sharda,
1990), bank failure prediction (Tam and Kiang 1990), and market segmentation (Fish et al,
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1995) to name a few. Neural networks structure captures complex relationships between
the predictor variables and the response variable through a layer of neurons. Some have
one layer – single layer neural networks and some have more – multilayer neural networks.
While various neural networks architectures have been reviewed in the literature, the most
successful applications in classification and prediction have been multilayer feed forward
networks. The layer where input patterns are applied is the input layer. The layer from
which an output response is desired is the output layer. In the case of a binary outcome, the
network has only one output node. Layers between the input and output layers are known
as hidden or transfer layers, because their outputs are not readily observable.
Definition: A regression model in which the responses are nonlinear functions of inputs
through layers of connected hidden variables, originally by treating biological neurons as
binary thresholding devices. They are flexible models useful for discrimination and
classification and are implanted by a computerized "black-box" trained
by a training data set (Dodge, 2003).

2.3.1 Development of an ANN Model
ANNs are constructed with layers of units, and thus are termed multilayer ANNs. A layer
of units in such an ANN is composed of units that perform similar tasks. First layer of a
multilayer ANN consists of input units. These units are known as independent variables in
statistical literature. Last layer contains output units. In statistical nomenclature, these units
are known as dependent or response variables. All other units in the model are called
hidden units and constitute hidden layers. There are two functions governing the behavior
of a unit in a particular layer, which normally are the same for all units within the whole
ANN, i.e. the input function, and the output/activation function. Input into a node is a
weighted sum of outputs from nodes connected to it. The input function is normally given
by equation (2.13) as follows:
∑

………………………………………..……………………….2.14

where net describes the result of the net inputs xi (weighted by the weights
impacting on unit i. Also,
from unit j and

i

ij

ij

ware weights connecting neuron j to neuron ,

)
j

is output

is a threshold for neuron i. Threshold term is baseline input to a node in

absence of any other inputs. If a weight

ij

is negative, it is termed inhibitory because it

decreases net input, otherwise it is called excitatory .
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Each unit takes its net input and applies an activation function to it. For example, output of
th

unit, also called activation value of the unit, is

function and xi is output of

th

(∑

) , where ( ) is activation

unit connected to unit . A number of nonlinear functions

have been used in the literature as activation functions ( Herz et al, 1991) The threshold
function is useful in situations where the inputs and outputs are binary encoded. However,
most common choice is sigmoid functions, such as
(

)

[1

]

or
(

)

(

)

The activation function exhibits a great variety, and has the biggest impact on behavior and
performance of the ANN. The main task of the activation function is to map the outlying
values of the obtained neural input back to a bounded interval such as [0, 1] or [–1, 1]. The
sigmoid function has some advantages, due to its differentiability within the context of
finding a steepest descent gradient for the backpropagation method and moreover maps a
wide domain of values into the interval [0, 1].

2.3.2 Variable Selection
The input variables important for modeling/ forecasting variables under study are
selected by suitable variable selection procedures. The data set is divided into three distinct
sets called training, testing and validation sets. The training set is the largest set and is used
by neural network to learn patterns present in the data. The testing set is used to evaluate
the generalization ability of a supposedly trained network. A final check on the
performance of the trained network is made using validation set.

2.3.3 Neural Network Architecture
Neural network architecture defines its structure including number of hidden layers,
number of hidden nodes and number of output nodes etc.
(i) Number of hidden layers. The hidden layers provide the network with its ability to
generalize. In theory, a neural network with one hidden layer with a sufficient number of
hidden neurons is capable of approximating any continuous function. In practice, neural
network with one and occasionally two hidden layers are widely used and performs very
well.
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(ii) Number of hidden nodes: There is no magic formula for selecting the optimum number
of hidden neurons. However, some thumb rules are available for calculating the number of
hidden neurons. A rough approximation can be obtained by the geometric pyramid rule
proposed by Masters (1993). For a three layer network with
the hidden layer would have √

input and m output neurons,

neurons.

(iii) Number of output nodes: Neural networks with multiple outputs, especially if these
outputs are widely spaced, will produce inferior results as compared to a network with a
single output.
(iv) Activation function: Activation functions are mathematical formula that determine the
output of a processing node. Each unit takes its net input and applies an activation function
to it. Nonlinear functions have been used as activation functions such as logistic, tanh etc.
The purpose of the transfer function is to prevent output from reaching very large value
which can „paralyze‟ neural networks and thereby inhibit training. Transfer functions such
as sigmoid are commonly used because they are nonlinear and continuously differentiable
which are desirable for network learning.

2.3.4 Model Building
Multilayer feed forward neural network or multilayer perceptron (MLP), is very popular
and is used more than other neural network type for a wide variety of tasks. Multilayer
feed forward neural network learned by back propagation algorithm is based on supervised
procedure, i.e., the network constructs a model based on examples of data with known
output. It has to build the model up solely from the examples presented, which are together
assumed to implicitly contain the information necessary to establish the relation (Eğrioğlu
and Aladağ, 2005).
An MLP is a powerful system, often capable of modeling complex relationships between
variables. It allows prediction of an output object for a given input object. The architecture
of MLP is a layered feed forward neural network in which the nonlinear elements
(neurons) are arranged in successive layers, and the information flow uni-directionally
from input layer to output layer through hidden layers. The characteristics of Multilayer
Perceptron are as follows:
(i) It has any number of inputs.
(ii) It has one or more hidden layers with any number of nodes. The internal layers are
called “hidden” because they only receive internal input (input from other processing units)
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and produce internal output (output to other processing units). Consequently, they are
hidden from the output world.
(iii) It uses linear combination function in the hidden and output layers
(iv) It uses generally sigmoid activation function in the hidden layers
(v) It has any number of outputs with any activation function
(vi) It has connections between the input layer and the first hidden layer, between the
hidden layers, and between the last hidden layer and the output layer
An MLP with just one hidden layer can learn to approximate virtually any function to any
degree of accuracy. For this reason MLPs are known as universal approximates and can be
used when we have litter prior knowledge of the relationship between input and targets.
One hidden layer is always sufficient provided we have enough data. Schematic
representation of neural network is given in Figure (2.2) and mathematical representation
of neural network is given in Figure (2.3) (Manel, Dias & Ormerod, 1999).

Input layer
Middle layer
Output layer

Figure(2.2): Schematic representation of neural network
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Figure (2.3): Mathematical representation of neural network

2.3.5 Backpropagation Algorithm
The MLP network is trained using one of the supervised learning algorithms of which the
best known example is backpropagation, which uses the data to adjust the network's
weights and thresholds so as to minimize the error in its predictions on the training set
(Schiffmann et al., 1993). We denote by
unit

ij

the weight of the connection from unit

to

. It is then convenient to represent the pattern of connectivity in the network by a

weight matrix W whose elements are the weights

ij

. The pattern of connectivity

characterizes the architecture of the network. A unit in the output layer determines its
activity by following a two step procedure (Gallant, 1993).


First, it computes the total weighted input
∑

……………………………………………………………..……….…2.15

where yi is the activity level of the
of the connection between the


, using the formula:

th

th

unit in the previous layer and Wij is the weight

and the

Next, the unit calculates the activity

th

unit.

using some function of the total weighted

input. Typically we use the sigmoid function

,1

-

………………………………………………………….…2.16

Once the activities of all output units have been determined, the network computes the
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error E, which is defined by the expression:
∑(
where
the

th

) …………………………………………………………… 2.17

is the activity level of the

th

unit in the top layer and

is the desired output of

unit. The back propagation algorithm consists of four steps:

(i) Compute how fast the error changes as the activity of an output unit is changed. This
error derivative (EA) is the difference between the actual and the desired activity.
(

) ……………………………………………………..……….2.18

(ii) Compute how fast the error changes as the total input received by an output unit is
changed. This quantity (EI) is the answer from step (i) multiplied by the rate at which the
output of a unit changes as its total input is changed.
(1

) ………………………..……………… 2.19

(iii) Compute how fast the error changes as a weight on the connection into an output unit
is changed. This quantity (EW) is the answer from step (ii) multiplied by the activity level
of the unit from which the connection emanates.
…………………………………..…………..2.20
(iv) Compute how fast the error changes as the activity of a unit in the previous layer is
changed. This crucial step allows back propagation to be applied to multilayer networks.
When the activity of a unit in the previous layer changes, it affects the activities of all the
output units to which it is connected. So to compute the overall effect on the error, we add
together all these separate effects on output units. But each effect is simple to calculate. It
is the answer in step (iii) multiplied by the weight on the connection to that output unit.
…………………………….……………....2.21
By using steps (ii) and (iv), we can convert the EAs of one layer of units into EAs for the
previous layer. This procedure can be repeated to get the EAs for as many previous layers
as desired. Once we know the EA of a unit, we can use steps (ii) and (iii) to compute the
EWs on its incoming connections.
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2.3.6 Advantages of Neural Networks
Artificial neural networks are algorithms that can be used to perform nonlinear statistical
modeling and provide a new alternative to logistic regression, The most commonly used
method for developing predictive models for dichotomous outcomes in medicine. Neural
networks offer a number of advantages, including requiring less formal statistical training,
ability to implicitly detect complex nonlinear relationships between dependent and
independent variables, ability to detect all possible interactions between predictor
variables, and the availability of multiple training algorithms (Iscanoglu, 2005). More
specifically neural networks have the following advantages:
1. Neural networks start processing the data without any preconceived hypothesis. They
start with random weight assignment to various input variables. Adjustments are made
based on the difference between predicted and actual output. This allows for unbiased
and better understanding of data.
2. Neural networks can be retained using additional input variables and number of
individuals. Once trained they can be called on to predict in a new cases.
3. There are several neural network models available to choose from for a particular
problem.
4. Once trained, neural networks are very fast.
5. Due to increased accuracy, results neural networks are characterized by cost saving.
6. Neural networks are able to represent any functions. Therefore they are called „Universal
Approximators.
7. Real Time Operation: ANN computations may be carried out in parallel, and special
hardware devices are being designed and manufactured which take advantage of this
capability.
8. Fault Tolerance via Redundant Information Coding: Partial destruction of a network leads
to the corresponding degradation of performance. However, some network capabilities
may be retained even with major network damage.
Neural networks, with their remarkable ability to derive meanings from complicated or
imprecise data, can be used to extract patterns and detect trends that are too complex to be
noticed by either humans or other computer techniques. A trained neural network can be
thought of as an "expert" in the category of information it has been given to analyze. This
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expert can then be used to provide projections and answers to given new situations of
interest.

2.3.7 Disadvantages of Artificial Neural Networks
Disadvantages of neural networks include their "black box" nature, greater computational
burden, proneness to over fitting, and the empirical nature of model development.
Neural networks require high processing time specially for large neural networks.
1. The neural network needs training to operate.
2. The architecture of a neural network is different from the architecture of
microprocessors therefore needs to be emulated.
3. Neural networks require high processing time particularly for large neural ones.

2.4 Classification Assessment Techniques
2.4.1 Cross Validation Techniques
Cross - validation is a general procedure used in statistical model building. It can be used
to decide on the order of a statistical model including time series models, regression
models, mixture distribution models, and discrimination models (Chernick, 2008). CrossValidation is a statistical method of evaluating and comparing learning algorithms by
dividing data into two segments: one is used to estimate the parameters or train a model
and the other is used to validate or test the model. In typical cross-validation, the training
and validation sets must cross-over in successive rounds such that each data point has a
chance of being validated against (Efron,1983).

Cross validation is performed in different ways, some of them are:
1. Resubstitution Validation
2. Hold-out validation
3. k-fold cross validation
4. Repeated k-fold cross-validation
5. Leave-one-out cross validation
In this study are will be apply leave-one-out cross validation
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Leave-One-Out Cross-Validation
Leave-one-out cross-validation (LOOCV) is a special case of k-fold cross-validation where
k equals the number of instances in the data. In other words in each iteration nearly all the
data except for a single observation are used for training and the estimated model is tested
on that single observation. The accuracy of the estimated of model using LOOCV is
known to be almost unbiased but it has high variance, leading to unreliable estimates
(Efron,1983). It is still widely used when the available data are very rare, especially in
bioinformatics where only dozens of data samples are available.
Leave-one-out cross-validation can be applied by fitting the model n times, each time
leaving out a different observation and testing the model on estimating or predicting the
observation left out each time. This provides a fair test by always testing an observations
not used in the fit. It is also efficient in the use of the data for fitting the model since n − 1
observation are always used in the fit.
Hit ratio is the percentage of objects (individuals, respondents, firms, etc.) correctly
classified by the model. It is calculated as the number of objects in the diagonal of the
classification matrix divided by the total number of objects (N). The hit ratio is also known
as the percentage of correctly classified objects (Hair et al. 2009).
The diagonal of the classification matrix can be compared with the maximum chance and
proportional chance criterion to determine the discriminating power of the function.
Maximum chance criterion is the percentage of the total sample represented by the larger
of the two groups.

2.4.2 Classification Tables
In an idea similar to that above, one can again start by fitting a model and calculating all
fitted values. Then, one can choose a cutoff value on the probability scale, say 50%, and
classify all predicted values above that is predicting an event, and all below that cutoff
value as not predicting the event. Now, we construct a two-by-two table of data, since we
have dichotomous observed outcomes, and have now created dichotomous “fitted values”,
when we used the cutoff .Thus, we can create a table of confusion matrix as follows:
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Table (2.1) Confusion matrix
Condition (e.g. Disease)
As determined by the Standard of Truth

Outcome of the
diagnostic test
Positive

Negative

Positive

TP

FP

Negative

FN

TN

Column total

TP+FN
(Total number
of subjects with
given condition)

FP+TN
(Total number of
subjects without
given condition

Row Total
TP+FP
)Total number of subjects with
positive test)
FN + TN
(Total number of subjects with
negative test)
N=TP+FN+FP+TN
(Total number of subjects in
study)

Notes
True positive (TP): Number of cases that the test declares positive and that are truly positive.
False positive (FP): Number of cases that the test declares positive and that in reality are negative.
True negative (TN): Number of cases that the test declares negative and that are truly negative.
False negative (FN):Number of cases that the test declares negative and that in reality are
positive.

Sensitivity (equivalent to the true positive rate) It is the proportion of positive cases that
are well detected by the test. In other words, the sensitivity measures how the test is
effective when used on positive individuals. The test is perfect for positive individuals
when sensitivity is 1, equivalent to a random draw when sensitivity is 0.5. If it is below
0.5, the test is counter-performing and it would be useful to reverse the rule so that
sensitivity is higher than 0.5 (provided that this does not affect the specificity). The
mathematical definition is given by:
………………… 2.22

S

Specificity (also called True Negative Rate). It is the proportion of negative cases that are
well detected by the test. In other words, specificity measures how the test is effective
when used on negative individuals. The test is perfect for negative individuals when the
specificity is 1, equivalent to a random draw when the specificity is 0.5. If it is below 0.5,
the test is counter performing-and it would be useful to reverse the rule so that specificity
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is higher than 0.5 (provided that this does not affect the sensitivity). The mathematical
definition is given by: Specificity :
…………….. 2.23
Higher sensitivity and specificity indicate a better fit of the model.
The accuracy of all classifications is calculated by the following formula
:
…………………..….2.24
The

of all classifications is calculated by the following formula:
……………………………………………...…….…..2.25

The

of all classifications. is calculated by the following formula:
……………………………………………………….2.26

The

of all classifications. is calculated by the following formula:
………………………………………….. 2.27

2.4.3 Classification Accuracy the ROC Curve
ROC (Receiver Operating Characteristic) analysis is being used as a method for evaluation
and comparison of classifiers ( Ferri et. al. 2002). The ROC gives complete description of
classification accuracy as given by the area under the ROC curve. The ROC curve
originates from signal detection theory (Hosmer and Lemeshow, 2000); the curve shows
how the receiver operates the existence of signal in the presence of noise. The ROC curve
plots the probability of detecting true signal (sensitivity) and false signal (1 – specificity)
for an entire range of possible cut points. The sensitivity and specificity of a classifier also
depend on the definition of the cut-off point for the probability of predicted classes. In
many situations, not all misclassifications have the same consequences, and
misclassification costs have to be taken into account. A ROC curve demonstrates the tradeoff between true positive rate and false positive rate in binary classification problems. To
draw a ROC curve, the true positive rate TP rate and the false positive rate FP rate are
needed. TP rate determines the performance of a classifier or a diagnostic test in
classifying positive cases correctly among all positive samples available during the test. FP
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rate, on the other hand, defines how many incorrect positive results, which are actually
negative, there are among all negative samples available during the test. Because TP rate is
equivalent to sensitivity and FP rate is equal to (1 –specificity), the ROC graph is
sometimes called the sensitivity vs (1 - specificity) plot.
The area under the ROC curve has become a particularly important measure for evaluating
classifiers‟ performance because it is the average sensitivity over all possible specificities
(Bradley 1997). The larger the area, the better the classifier performs. If the area is 1.0, the
classifier achieves both 100% sensitivity and 100% specificity. If the area is 0.5, then we
have 50% sensitivity and 50% specificity, which is no better than flipping a coin. This
single criterion can be compared for measuring the performance of different classifiers
analyzing a dataset (Hanley, 1982; Bamber, 1975).
After a classifier has been made, it is also useful to measure its calibration. Calibration
evaluates the degree of correspondence between the estimated probabilities of a specific
outcome resulting from a classifier and the outcomes predicted by domain experts. This
can then be tested using goodness-of-fit statistics. This test examines the difference
between the observed frequency and the expected frequency for groups of patients and can
be used to determine if the classifier provides a good fit for the data. If the p-value is large,
the classifier would be well calibrated and fits the data well. If the p-value is small, the
classifier would not be well calibrated. The following figure(2.4) illustrates the precision
under the three ROC curve.

Figure (2.4): Comparing ROC curves
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Chapter 3
Analysis of Cardiovascular Data in the Gaza Strip
(A Case Study)
In this chapter, we fit the three classification models (logistic regression, discriminant
analysis and neural network), that we described in chapter (2), to the cardiovascular
patients, data in the Gaza Strip. We then assess the accuracy of each model using three
methods of testing the accuracy, namely classification table, cross- validation and ROC
curves. The data which have been used in this study were obtained from Mushtaha (2010).
The data set is composed of 29 attributes and 200 cases. We are interested in classifying
patients who suffer from cardiovascular disease (diseased or not diseased). The term
"diseased" refers to people who have the cardiovascular disease

and the term "not

diseased" refers to people who do not have the disease. This variable has been used as a
dependent variable in the analysis. We start this chapter by describing the study population
and the most important independent variables in the data using simple descriptive statistics
then we proceed with the data analysis using classification models.

3.1 The Data
The data set that we analyze in this study has been selected randomly from the population
study. The sampling frame of the study was a list of home addresses and phone numbers
of patients in both Julis Center and European Gaza Hospitals. We are interested in
whether the patients have cardiovascular disease or do not have the disease. This variable
has been used as the dependent variable, and consists of two categories "diseased" and "not
diseased".
The diseased: They are persons aged 25 years and above from both genders (males and
females). They underwent cardiac catheterization, coronary artery disease, and still alive.
The not Diseased: they are persons aged 25 years and above form both genders (males and
females). They were judged to be free of coronary artery disease (normal coronary
angiography).

3.1.1 Study Population
The target population is all coronary artery disease (CAD) patients who are 25 years old
or more, live in Gaza Strip and still alive. All referred patients to European Cardiac
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Catheterization Center and Julis Cardiac Catheterization Center in 2008 compose the
population of the study.

3.1.2 The Sample and Sampling Techniques
The sample size was 200 subjects divided into 100 diseased persons and 100 not
diseased persons. Unrespondents, traveled, or died cases replaced by other ones. Only
3 subjects from the diseased were died and 1 refused and 3 were traveled outside
Gaza Strip. There are no unrespondents among the not diseased persons, so the response
rate among them was 100% .
Data was collected from cardiac catheterization patients files from all people admitted to
the European Cardiac Catheterization Center and Julis Cardiac Catheterization Center, in
2008 who have coronary angiography. Patients were divided into two groups (diseased /
not diseased ) according to the test result. The sampling frame was prepared from the list
of patients in both groups. The size has been determined using EP Info program at 95%
confidence and 80% power assuming the risk as 20% among the non-diseased and 40%
among the diseased. The suitable sample size was 91 from each group of patients. But the
investigator decided to take 100 patients from each group from a total population of (400)
patients in both groups. The investigator selected a systematic random sample of subjects
by selecting the first patient randomly among the first group of four patients in the list then
one patient has been chosen from each group of four patients systematically.

3.1.3 Data Collection Procedure
A questionnaire has been developed and judged by 7 experts in the field of public
health and 3 cardiologists, as a basis for collecting data from the participants in the
study. After randomly selecting the sample that participated in the study, home
addresses and phone numbers of participants were provided by the Julis Center and the
European Gaza Hospital. Patients have then been contacted

and dates for interviews

were fixed for filling the questionnaires. Table 3.1 summaries all the variables that are
believed to have an impact on cardiovascular disease and entered the analysis.
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Table(3.1): Description of the available variables in the data.
Variable name

description

Categories

AITB
ASY
BMI
CAD
FDRA
Gender
HDL

Arrested in the past
All smoking years
Body mass Index
Coronary artery disease
First degree relatives diseased
Sex
High density lipoprotein level

HEFS

Home exposed to shelling or
shooting by Israeli occupation forces

Hgt
HOWS

Hieght in centimeter
Old in years when began smoking
regularly

Numerical
Numerical

INC
JCP

Month incom in shikel
Suffering of continuous problem in
job field

Numerical
yes/ no

JS
LDL

Job satisfaction
Low density lipoprotein level

LOFDR
MS
NOM
OCUP
OCUPN
Old
PHOCAD
RA

Death of one of first degree relatives
Marital status
Numbers of marriage
Occupation
Noise in occupation
Old in years
Past history of CAD
Living in residential area facing
recurrenr of invasion

yes/ no
Numerical
Numerical
diseased / not diseased
yes/ no
male / female
low / normal(more than
35mg/dl)
yes/ no

yes/ no
low / normal(less than
120mg/dl)
yes/ no
Single/ Married /Divorced /
Widowed
Numerical
mental / muscular
yes/ no
Numerical
yes / no
yes/ no

SFDM
SFH

Suffering from D.M
Suffering from hypertension

SN
TOCC

Smoking
Times of cardiac catheterization

yes / no
Numerical

Weight in Kg
Years of education

Numerical
Numerical

Wgh
YOE
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yes/ no
yes/ no

3.2 Description of the Data
Table (3.2) contains some descriptive statistics of the variables and shows that the average
height of the diseased persons as (169.5) cm, and for the non-diseased ones as (171.2) cm.
The average rate of BMI for the diseased persons as (29.8) and for the non-diseased ones
as (29.7). Average years of smoking of the diseased persons as (27.9) years, and of the
non-diseased ones as (25) years. Average monthly income of the diseased persons was
(1703) NIS, and of non-diseased ones was (1661) NIS. The average number of smokers at
the diseased person's home, as (0.9) persons, and of non-diseased ones was (0.8) persons.
The average numbers of marriages of the diseased persons as (1.1), and of non-diseased
ones was (1.4). Average age of the diseased persons as ( 57.1) year, and of the nondiseased ones as ( 54.3) years. Average age of the beginning of smoking of the diseased
persons as (19.9) years, and of the non-diseased ones was (20.4). Average number of times
a cardiac catheterization of the diseased persons as (2), and for the non-diseased ones as
(1.3). Average weight of the diseased person was (84.9) kg, and of the non-diseased ones
as (87.1) kg. Average year of education of the diseased persons as ( 9.8) years , and of the
non-diseased ones as ( 10.3) years.
Table (3.2): Descriptive statistics of the data (Numeric Variables )
Variable Name
Height in
centimeter

Body mass index

All smoking years

Month income in
shikel
Number of smokers
in home
Numbers of
marriage

CAD
Diseased
not diseased
Total
Diseased
not diseased
Total
Diseased
not diseased
Total
Diseased
not diseased
Total
Diseased
not diseased
Total
Diseased
not diseased
Total

Minimum Maximum

Mean

Std. Deviation

145.0
150.0
145.0
20.7
20.9
20.7
0.0
0.0
0.0
200.0
200.0
200.0

190.0
191.0
191.0
42.2
44.1
44.1
52.0
50.0
52.0
9000.0
10000.0
10000.0

169.5
171.2
170.4
29.7
29.8
29.7
27.9
25.0
26.5
1703.0
1661.4
1682.2

9.4
9.2
9.1
4.9
5.5
5.2
13.2
13.1
13.2
1462.6
1634.3
1547.1

0.0

8.0

0.9

1.3

0.0
0.0
1.0
1.0
1.0

4.0
8.0
3.0
5.0
5.0

0.8
0.85
1.1
1.4
1.2

1.1
1.2
0.4
0.7
0.6
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Old in years
Old in years when
began smoking
regularly
Times of cardiac
catheterization

Weight in Kg

Years of education

Diseased
not diseased
Total
Diseased
not diseased
Total

39.0
35.0
35.0
9.0
6.0
6.0

79.0
76.0
74.0
44.0
55.0
55.0

57.1
54.3
55.7
19.9
20.4
20.2

10.1
10.3
10.3
5.8
7.2
6.5

Diseased
not diseased
Total
Diseased
not diseased
Total
Diseased
not diseased
Total

1.0

7.0

2.0

1.2

1.0
1.0
59.0
62.0
59.0
0.0
0.0
0.0

4.0
7.0
125.0
135.0
135.0
22.0
22.0
22.0

1.3
1.6
84.9
87.1
86.0
9.8
10.3
10.0

0.6
1.0
13.4
16.5
15.0
5.5
5.1
5.3

Table (3.3) describes the categorical variables and shows some percentages of specific
categories. The table illustrates that 78% of those who suffer from a CAD are males , 22%
are females. 92% of those who suffer from CAD are married and 8% are widowed .
Most of the diseased persons live in Gaza City with a percentage of 43%, the North Gaza
with a percentage of 24% , Mid Zone with a percentage of 19%, and Khanyounis, Rafah
with the same percentage of 7%. A percentage of 73% of the diseased persons suffer from
hypertension. 27% of the not diseased persons suffer from hypertension. A percentage of
63% of the diseased suffer from diabetes, and 73% of the not diseased suffer from
diabetes.
A percentage of 30% from the diseased persons had prior of CAD, and 70% of the not
diseased had prior of CAD. 40% of the diseased persons had one of their first degree
relatives diseased with CAD, and 56% of the not diseased had one of their first degree
relatives diseased with CAD. 38% of the diseased had a nature of the occupation mainly
mentally type, 48% mainly muscle type, and 14% house wife. 48.3% of the diseased were
having their business exposed to continuous noise machine or voice, and 51.7% of the not
diseased suffer from noise machine or voice continuously. 95.3% of the diseased persons
satisfied with their work, and 90.2% of the not diseased were satisfied with their work.
Moreover, 31.4% of the diseased suffer or suffered from persistent problems in their work,
and 68% of the not diseased did not suffer from any problem. Also 64% of the diseased
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cases have lost someone close to first degree within the past 5 years, and 45% did not lose
anyone in this period. As table (3.3) shows that 42% of the diseased cases live in an area
frequently exposed to the Israeli incursion, and 58% did not live in such area. 45% of the
diseased cases lost their houses by shelling and shooting by Israeli occupation forces, and
55% did not lose their homes by the bombing and shooting. A percentage of 32% of the
diseased cases have been arrested in the past, and 68% have not been arrested. Moreover,
29.6% of the diseased cases have normal HDL, and 70.7% have low HDL. Also 36.6% of
the diseased cases have normal LDL, and 63.4% have high LDL.
Table (3.3): Descriptive statistics of the data ( Categorical Variables)
variable Name
Gender
Marital status

Address

SFH
SFDM
PHOCAD
FDRA
OCUP
0CUPN
JS
JCP
LOFDR

categories
male
female
single
married
widowed
North Gaza
Gaza
mid zone
khanyounis
Rafah
yes
no
yes
no
yes
no
yes
no
mainly mentally
mainly muscle using
housewife
yes
no
yes
no
yes
no
yes
no
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diseased
N=100
78%
22%
0
92%
8%
24%
43%
19%
7%
7%
73%
27%
63%
37%
30%
70%
44%
56%
38%
48%
14%
48.3%
51.7%
95.3%
4.7%
31.4%
68.6%
46%
54%

not diseased
N=100
78%
22%
1%
88%
11%
29%
24%
22%
15%
10%
51%
49%
49%
51%
8%
92%
33%
67%
36%
48%
16%
42.7%
57.3%
90.2%
9.8%
26.8%
73.2%
64%
36%

AR
HEFS
ATTB
HDL
LDL

yes
no
yes
no
yes
no
Normal
Low
Normal
High

42%
58%
45%
55%
32%
68%
29.6%
70.7%
36.6%
63.4%

53%
47%
56%
44%
30%
70%
64%
36%
54.5%
45.5%

In the next sections we present the results of fitting three classification methods. Namely
logistic regression, linear discriminant analysis and artificial neural networks to the
cardiovascular data. We then assess the accuracy of each model using three assessment
methods. In all the analysis we used the R statistical software for model fitting and
accuracy assessment.

3.3 Application of Logistic Regression Model to the Cardiovascular Data
3.3.1 Fitting Logistic Regression Model to the Data
The cardiovascular data has been obtained from a survey conducted in the Gaza Strip to
identify the prevalence of cardiovascular and its risk factors. We are interested on whether
the patients have coronary artery disease (Diseased or not Diseased). This variable has
been used as the dependent variable in this analysis. The set of predictors (independent
variables) are shown in Table (3.1). Each variable was subjected to a recoding process of
their original scores to ensure their suitability for this analysis. The categorical dependent
variable cardiovascular (Diseased/not Diseased) has been coded as ( 1 / 0 ). There are also
some continuous and categorical predictor (independent) variables that were used to fit the
model. The dichotomous variables are coded as 1 and 0 . Logistic regression is generally a
method for modeling situations for which there is a binary response variable. The predictor
variables can be numerical or categorical (including binary). Thus, we can use the logistic
regression method for this situation. By building this model we can also assess risk factors
and identify the most important risk factors of the coronary artery diseases, through
studding a number of independent variables and their impact on the disease. We included
the independent variables in the logistic model and selected the best subset of predictors
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using stepwise selection procedure. The variables that proved to be significant and
included in the final model appear in formula (3.1) below.
 p(Y 1) 
logit  p(Y 1)  ln 
 5.16  0.065X11.95X 2 1.34X 3 1.51X 4 1.21X 5 1.53X 6 1.18X 7 1.11X 8..................3.1
1 P(Y 1) 

Where
= Coronary artery disease (diseased or not diseased)
1= Old Year
2= Numbers of Marriage(NOM)
3= Smoking (SN)
4= Suffering from Hypertension(SFH)
5= Past History of CAD (PHOCAD)
6= Home exposed to shelling or shooting by Israeli occupation forces(HEFS)
7= Times of Cardiac Catheterization (TOCC)
8=High Density Lipoprotein level (HDL)
This model explains variables which represent the most important risk factors for CAD
patients.

3.3.2 Risk Factors on Coronary Artery Disease
The logistic regression model that has been described in section (2.2) in the previous
chapter has been fit to the cardiovascular data. The model parameters together with their
standard error and the odds ratios of the risk factors are given in table (3.4) .
Table( 3.4): The estimated coefficients of the model, their standard errors, odds
ratios, and p-values.
Estimate(β)
Constant
NOM
SN
SFH
PHOCAD
HEFS
TOCC
HDL
Old

-5.16
-1.95
1.34
1.511
1.214
-1.52
1.176
1.110
0.065

Std.
Error
1.43
0.627
0.512
0.453
0.651
0.483
0.537
0.464
0.024

Z Value

SIG

3.6
3.11
-2.63
-3.34
-1.86
3.16
-2.18
-2.40
-2.77

0.000
0.002
0.008
0.00
0.04
0.001
0.03
0.01
0.005

Exp(B)
(Odds ratio)
0.011
0.14
3.85
4.6
3.4
0.22
3.24
3.04
1.06

The above table shows the odds ratios (OR) for each of the significant risk factors. The
odds ratio is ‘the increase (or decrease) in odds of being in one outcome category when the
value of the predictor increases by one unit. As we can see in the above table, the variable
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numbers of marriage (NOM) is the first variable in the model with p-value close to
(0.002), and the odds ratio equals (0.14) which means that a person who has been
married only once have the chance to suffer from CAD diseased approximately (7.1) times
as much as a person who has been married more than once. The variable smoking (SN) is
the second variable in the model with a p-value close to (0.008), and an odds ratio equals
(3.85) which means that people who smokes have the chance to suffer from CAD disease
approximately (3.85) times as much as people who did not smokes. The variable suffering
from hypertension (SFH) is the third variable in the model with a p-value close to (0.00),
and an odds

ratio equals

(4.6)

which

means that people who had suffer from

hypertension have the chance to suffer from CAD disease approximately (4.6) times as
much as people who did not suffer from hypertension. The variable Previous history of
CAD (PHOCAD) is the fourth variable in the model with a p-value close to (0.04), and
an odds ratio equals (3.4) which means that people who have coronary heart disease
before have the chance to suffer from CAD again approximately (3.4) times as much as
people who did not have Previous history of CAD disease. The variable home exposed to
shelling or shooting by Israeli occupation forces (HEFS) is the fifth variable in the model
with a p-value close to (0.001), and the an odds ratio equals (0.22) which means that
people who suffered from shelling or shooting by the Israeli occupation forces have the
chance to suffer from CAD approximately (4.5) times as much as people who did not have
their homes shelled or shoot by the Israeli occupation forces. The variable Times of cardiac
catheterization (TOCC) is the sixth variable in the model with a p-value close to (0.03),
and an odds ratio equals (3.24) which means that a person who have more than once
cardiac catheterization have the chance to suffer from CAD approximately(3.24) times as
much as a person who have only one cardiac catheterization. The variable high density
lipoprotein level (HDL) is the seventh variable in the model with a p-value close to
(0.01), and an odds ratio equals (3.04) which means that a person who have low high
density lipoprotein have the chance to suffer from CAD approximately indicate (3.04)
times as much as the persons who have normal high density lipoprotein.
Results above indicate that the most important risk factors for (CAD) disease were
respectively (NOM, SFH, HEFS, SN, PHOCAD, TOCC, HDL, OLD). Now , we test the
goodness of fit of the final model.
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3.3.3 Goodness of Fit Measures
Now after getting the model in section 3.3.1. We check the model assumptions and the
goodness of fit of the model. For a logistic regression model, one way to detect lack of fit
is through the likelihood-ratio test and other tests to compare the model to more complex
ones. The goodness of fit or calibration of a model measures how well the model describes
the response variable. Assessing the goodness of fit involves investigating how close
values predicted by the model are to the observed values. The following table shows the
results of the -2 Log likelihood test, Cox & Snell R Square, Nagelkerke R Square and Chisquare test statistics. All those tests indicate that no evidence against the model fit and thus
the model provides a good fit to the data.
Table (3. 5): The goodness of fit test
Cox & Snell R
Nagelkerke R
Step -2 Log likelihood
Square
Square
1
139.84
0.363
0.585

Chi-square

sig

12.43

.133

We now check the model assumptions and the goodness of fit of the above logistic model
using the Hosmer and Lemeshow test of the goodness of fit for the model. The value of
the Chi-square of the Hosmer and Lemeshow test statistic equals 12.43 with 8 degrees of
freedom and the p- value equals 0.133 which is very much greater than 0.05, This leads us
to not reject the null hypothesis of no relation between logit and independent variables and
therefore we conclude that the model is appropriate to represent the relationship between
the dependent variable and the independent variables. The Cox and Snell R Square and the
Nagelkerke R Square values provide an indication of the amount of variation in the
dependent variable explained by the model (from a minimum value of 0 to a maximum of
approximately 1). These are described as pseudo R square statistics, rather than the true R
square values that are provided in the multiple regression output. Here, the two values are
0.363 and 0.585, suggesting that between 36.3 per cent and 58.5 per cent of the variability
in the dependent variable is explained by this set of variables. Table (3.5) provides an
indication of how well the model is able to predict the correct category (diseased / not
diseased) for each case. And the -2Log likelihood value is 139.84, This statistic measures
how poorly the model predicts the decisions; the smaller the statistic the better the model.
All these indicators confirm the validity of the model in providing a good fit to the data.
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3.3.4 Classification Table
Rather than using a goodness-of-fit statistic, we often want to look at the proportion of
cases we have managed to classify correctly. For this we need to look at the classification
table , which gives the number of cases where the predicted values of the dependent
variable have been correctly classified.

A) Classification Table of the Null Model
For the purpose of comparison we present the classification table of the null model in table
(3.6) below. It can be seen in the table that the overall percentage of correctly classified
cases is 50.5%. Table (3.6) clarifies some information about the initial model (under the
null hypothesis) which gives a correct classification rate of 50.3%. This model contains
only the constant part, which equals y = -0.020, and gives a prediction without
incorporating any independent variable in the model.
Table (3.6): Classification table for the null logistic regression model
Predicted
Observed

CAD

Disease

Not Diseased

Percentage
Correct

Diseased

100

0

100

Not Diseased

98

2

0.0

Overall Percentage

50.5

B ) Classification Table of the Final Model
We can compare the above result with the classification table in (3.7 ), to show how much
improvement achieved when the predictor variables were included in the model. The final
model correctly classified 82% per cent of cases overall (sometimes referred to as the
percentage of correct classification), and that is an improvement over the 50.5 per cent of
the null model. In the Classification table (3.7), the columns are the two predicted values of
the dependent variable, while the rows are the two observed (actual) values of the
dependent variable. In a perfect fit, all cases are on the diagonal and the overall percent of
correct classification would be 100%. In this study, 80.3 % of cases were correctly
classified for the diseased persons group and 83.5% for the not diseased persons group.
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The overall percentage of correct classification is 82% of cases. This is a considerable
improvement on the percentage of 50.5% of correct classification of the null model so we
know that the full model provides a considerable improvement over the null model.
Table (3.7): Classification table for final logistic regression model
Predicted
CAD

Observed

sum

Disease

Not Diseased

Disease

57

14

71

Not Diseased

13

66

79

sum

70

80

150

Using the results of table (3.7) and equations (2.22) through (2.27) in the previous chapter,
we can derive the following table:
Table (3. 8): Sensitivity, specificity accuracy , error rate , precision ,true and false
positive rate for the LR model

LR

Sensitivity
(True
positive
Rat)

Specificity

Accuracy

Precision

False
Positive
Rate

Error
Rat

Area Under
the ROC
Curve

0.814

0.825

0.82

0.802

0.197

0.18

0.862

In table (3.8), it is clear that the model succeeded in correctly predicting those who suffer
from cardiovascular disease with a percentage of 81.4%, while those who do not suffer
from cardiovascular with a percentage of 82.5%. The overall rate of correct prediction of
the final model (correct classification) was estimated at 82% which confirms classification
accuracy of the logistic regression model. The misclassification rate is 18% (27/150). The
sensitivity of the logistic regression model is 81.4% which means that when we conduct a
diagnostic test on a patient with cardiovascular disease, there is 81.4% of chance of
correctly predicting the status of the patient. The specificity is 82.5% which means that
when we conduct a diagnostic test on a patient without cardiovascular disease, there is
82.5% chance of correctly predicting the status of the patient. The true positive rate for the
logistic regression is 81.4% , the false positive rate estimates how likely patients without
cardiovascular disease can be correctly ruled out which has been as 19.7%.
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3.3.5 Assessment of the Accuracy of the LR Model Using ROC Curve
The ROC curve is a technique for visualizing, organizing and selecting classifiers based
on their performance. As a classifier becomes more sensitive it will identify a greater
proportion of true positive instances, however the number of false negative classifications
consequently rises. Similarly, as a classification model becomes more

specific, i.e.

correctly rejecting greater proportion of true negative instances, the number of false
positive classifications also rise. ROC analysis is being used as a method for evaluation
and comparison of classifiers (Ferri et. al. 2002). The ROC curve gives complete
description of classification accuracy as given by the area under the ROC curve.
Figure 3.1 shows the ROC curve for the true positive rate and false positive rate. One true
positive rate and one false positive rate together determine a single point in the ROC space,
and the position of a point in the ROC space shows the tradeoff between sensitivity and
specificity, i.e. the increase in sensitivity is accompanied by a decrease in specificity. In a
ROC curve the true positive rate (sensitivity) is plotted against the false positive rate (1specificity) for different cut-off points of parameter. Each point on the ROC curve
represents a sensitivity/specificity pair corresponding to a particular decision threshold.
The area under the ROC curve measures how well a parameter can distinguish between
two diagnostic groups (diseased / not diseased). Therefore, the closer the ROC curve is to
the upper left corner, the higher the overall accuracy of the test. The area under the ROC
curve in the logistic regression model for our case is 86.2% which is very strong. The area
under the curve is significantly different from 0.5 since p-value is .000 meaning that the

0.6
0.4

Area under ROC for LR = 0.862

0.0

0.2

True positive rate

0.8

1.0

logistic regression classifies the group significantly better than that come by chance.

0.0

0.2

0.4

0.6

0.8

1.0

False positive rate

Figure (3.1): ROC curve between true positive rate and false positive
rate of classification for the logistic regression model
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3.3.6 The Application of leave-one-out cross-Validation on LR Model.
For classification accuracy using leave-one-out cross-validation technique, 1000 random
samples were generated without replacement from the data as described in section 2.4.1 in
the previous chapter. Eight variables were included in the logistic regression model and the
model has been fit for the randomly selected observations then the fitted model has been
used to predict the remaining observation. Finally, the predicted observation has been
assessed and

the correct classification rate of the observations were obtained. The

classification table of the results was obtained to calculate sensitivity, specificity and
accuracy of the model. Table (3.9) shows the classification table for logistic regression
model using the leave-one-out cross-validation.
Table (3. 9): Classification table for logistic regression model using
leave-one-out cross- validation
True

CAD

pred

sum
Diseased

Not Diseased

Diseased

331

163

494

Not Diseased

111

395

506

sum

442

558

1000

In this table, it is clear that the use of the estimated accuracy of logistic regression model in
predicting those who suffer from cardiovascular is 75%, while those who manage to
predict do not have cardiovascular to 70.8% while the successful prediction of the model
(overall correct classification) is 72.6%, which confirms the classification accuracy using
the logistic regression model. The misclassification rate is 27.4% (274/1000). The
sensitivity of the logistic regression model is 75% which means that when we conduct a
diagnostic test on a patient with cardiovascular, there is a 75% chance of correctly
predicting the status of the patient. The specificity is 0.708 which means that when we
conduct a diagnostic test on a patient without cardiovascular disease, there is a 70.8%
chance of correctly predicting the status of the patient. The true positive rate for logistic
regression which evaluates how good the leave-one-out cross-validation is detecting a
positive cardiovascular disease is 75%, the false positive rate which estimates how likely
patients without cardiovascular can be correctly ruled out is 27.4%. We illustrate the
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performance statistics including accuracy, sensitivity, and specificity of the logistic
regression model also in table (3.10) from the result of table ( 3. 9 ) .
Table (3.10): Sensitivity, specificity accuracy , precision and error rate for the LR
model using leave-one-out cross-validation

Sensitivity(True
False
Specificity
positive Rat)
Accuracy Precision Positive Rate

LR

0.748

0.707

0.726

0.670

0.330

Error
Rate

0.274

3.4 Application of Discriminant Analysis Model to the Cardiovascular Data

3.4.1 Fitting the Discriminant Analysis Model
Standardized canonical discriminant functions are interpreted by means of standardized
coefficients . Standardized beta coefficients are given for each variable in each
discriminant (canonical) function, and the larger the standardized coefficient, the greater is
the contribution of the respective variable to the discrimination groups. However, these
coefficients do not tell us which of the groups the respective functions discriminate. We
can identify the nature of the discrimination by looking table 3.11
Table (3.11): Standardized canonical discriminant function coefficients
LD
VARIABL NAME
VREIABLE
1

Old

0.044

NOM

-1.357

Smoking

SN

0.928

Suffering from hypertension

SFH

1.077

Home exposed to shelling or shooting by
Israeli occupation forces

HEFS

-0.992

Times of cardiac catheterization

TOCC

0.741

HDL

0.847

PHOCAD

0.840

Old in years
Numbers of marriage

High density lipoprotein level
Previous history of CAD
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The standardized discriminant function coefficients in the table serve the same purpose as
beta weights in multiple regression (partial coefficients), they indicate the relative
importance of the independent variables in predicting the dependent variables. They allow
for comparing variables measured on different scales. Coefficients with large absolute
values correspond to variables with greater discriminating ability. Full description of
discriminant analysis in provided in section (2.2) in previous chapter.
Table (3.11) contains the unstandardized discriminant function coefficients. These would
be used like unstandardized b (regression) coefficients in multiple regression that is, they
are used to construct the actual prediction equation which can be used to classify new
cases. Discriminant function: our model should be like this:

Y= 0.044

1

-1.36

2

+ 0.93

3+

1.08

4+

0.84

5

- 0.99

6

+0.74

7+

0.85

8

-----------3.2

where
= Coronary artery disease (diseased or not diseased)
1= Old year
2= Numbers of marriage(NOM)
3= Smoking (SN)
4= Suffering from hypertension(SFH)
5= Past history of CAD (PHOCAD)
6= Home exposed to shelling or shooting by Israeli occupation forces(HEFS)
7= Times of cardiac catheterization (TOCC)
8=High density lipoprotein level (HDL)

3.4.2 Overall Significance of the Discriminant Function
Similar to multiple regression analysis, our first task is to determine whether or not there is
a statistically significant relationship between the independent variables and the dependent
variable. We navigate to the section of output titled summary of canonical discriminant
functions, recall that the maximum number of discriminant functions is equal to the
number of groups in the dependent variable minus one
Table ( 3.12): Eigenvalues and percentage of total variance explained of the CAD data.
Function
Eigenvalue
% of Variance
Cumulative %
Canonical Correlation
1

.316a

An eigenvalue 0.316

100.0

100.0

.563

indicates the proportion of variance explained. (Between-groups

sums of squares divided by within-groups sums of squares). A large eigenvalue is

53

associated with a strong function. The canonical relation is a correlation between the
discriminant scores and the levels of the dependent variable. A high correlation indicates a
function that discriminates well. The present correlation of 0.563 is not extremely high
(1.00 is perfect).
Table (3.13): Wilks' Lambda Test
Test of Function(s)

Wilks' Lambda

Chi-square

df

Sig.

1

.760

52.360

7

.000

A multivariate test—Wilks’ lambda is just like in MANOVA. Because p < .05, we can say
that the model is a good fit for the data. This multivariate test is a goodness of fit statistic,
just like the F-test is for regression
Wilks’ Lambda is the ratio of within-groups sums of squares to the total sums of squares.
This is the proportion of the total variance in the discriminant scores not explained by
differences among groups. A lambda of 1.00 occurs when observed group means are equal
(all the variance is explained by factors other than difference between those means), while
a small lambda occurs when within-groups variability is small compared to the total
variability. A small lambda indicates that group means appear to differ. The associated
significance value indicate whether the difference is significant. Here, the Lambda of
0.760, chi-square of 52.36 has a significant value (Sig. = 0,000); thus, the group means
appear to differ.

3.4.3 Classification Table for Linear Discriminant
This table is used to assess how well the discriminant function works, and if it works
equally well for each group of the dependent variable. Here it correctly classifies 73.2% of
the diseased, 77.1% of the not diseased, making about the same proportion of mistakes for
both categories. Overall, 77.3% of the sample are correctly classified.
Table ( 3.14 ): Classification table for linear discriminant analysis model

Observed
Diseased

Predicted
CAD
Diseased Not Diseased
52
19

Sum
71

Not Diseased

15

64

79

sum

67

83

150*

*Deleted missing value 50 observations
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We can compare this with the classification table in 3.14 to show how much the
improvement there when the predictor variables are included in the model. The final
model correctly classified 77.3% of cases overall (sometimes referred to as the overall
percentage of correct classification:). Rather than using a goodness-of-fit statistic, we often
want to look at the proportion of cases we managed to classify correctly. For this we need
to look at the classification table, which tells us how many cases of the observed values of
the dependent variable have been correctly predicted. In the classification table (3.12), the
columns are the two predicted values of the dependent variable, while the rows are the two
observed (actual) values of the dependent variables. In a perfect fit, all cases are on the
diagonal and the overall percent correct would be 100%. In this study, 73.2 % of cases
were correctly classified for the diseased persons

group and 81% for the not diseased

persons group. Overall, a percentage of 77.3% of cases were correctly classified. From
table ( 3.14 ) we can derive the following table:
Table (3.15): Sensitivity, specificity accuracy , error rate , precision ,true and false
positive rate for the LDA model
Sensitivity
Area Under
(True
False
Error
Specificity
the ROC
positive
Accuracy Precision Positive Rate
Rate
Curve
Rat)
LDA

0.776

0.771

0.773

0.733

0.267

0.226

0.855

In table 3.15 it is clear that the model succeeded in correctly predicting those who suffer
from cardiovascular disease with a percentage of 77.6%, while those who do not suffer
from cardiovascular disease with a percentage 77.1%. The overall rate of correct prediction
of the final model (correct classification) was estimated at 77.3% which confirms the
classification accuracy using the linear discriminant analysis model. The misclassification
rate is 0.227% (34/150) .The sensitivity of the linear discriminant analysis model is 77.6%
which means that when we conduct a diagnostic test on a patient with cardiovascular
disease, there is 77.6% of chance of correctly predicting the status of the patient. The
specificity is 77.1% which means that when we conduct a diagnostic test on a patient
without cardiovascular disease, there is 77.1% chance of correctly predicting the status of
the patient. The true positive rate for the linear discriminant analysis is 77.6% , the false
positive rate estimates how likely patients without cardiovascular disease can be correctly
ruled out which has been estimated here as 26.7%.
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3.4.4 Assessment of the Accuracy of the LDA Model Using ROC Curve
ROC analysis is being used as a method for evaluation and comparison of classifiers ( Ferri
et. Al. 2002). The ROC curve gives complete description of classification accuracy as
given by the area under the ROC curve. Figure 3.2 shows the ROC curve for the true
positive rate and false positive rate. One true positive rate and one false positive rate
together determine a single point in the ROC space, and the position of a point in the ROC
space shows the tradeoff between sensitivity and specificity, i.e. the increase in sensitivity
is accompanied by a decrease in specificity. In a ROC curve the true positive rate
(sensitivity) is plotted against the false positive rate (1-specificity) for different cut-off
points of parameter. Each point on the ROC curve represents a sensitivity/specificity pair
corresponding to a particular decision threshold. The area under the ROC curve measures
how well a parameter can distinguish between two diagnostic groups (diseased /not
diseased). Therefore the closer the ROC curve is to the upper left corner, the higher the
overall accuracy of the test. The area under the ROC curve in linear discriminant analysis
model for our case is 85.5% which is very strong. The area under the curve is significantly
different from 0.5 since p-value is 0.00 meaning that the discriminant analysis classifies

0.6
0.4

Area under ROC for LDA = 0.855

0.2

True positive rate

0.8

1.0

the group significantly better than those come by chance.

0.0

....
0.0

0.2

0.4

0.6

0.8

1.0

False positive rate

Figure 3.2: ROC curve between true positive rate and false positive rate of
classification for LDA model
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3.4.5 The Application of Leave-One-Out cross-Validation on LDA Model
For classification accuracy using leave-one-out cross-validation technique, 1000 random
samples without replacement from the data. Eight variables were included in the linear
discriminant analysis model and the model has been fit for the randomly selected
observations then the fitted model has been used to predict the remaining observation.
Finally, the predicted observation has been assessed and the correct classification rate of
the observations were obtained. The classification table of the results was obtained to
calculate sensitivity, specificity and accuracy of the model. Table (3.16) shows
classification table for linear discriminant analysis model using the leave-one-out crossvalidation.
Table (3.16): Classification table for ADL model using
leave-one-out cross-validation
True
CAD

Pred.

sum

Diseased

Not Diseased

Diseased

326

168

494

Not
Diseased

105

401

506

sum

431

569

1000

In this table it is clear that the use of the estimated accuracy of linear discriminant analysis
model in predicting those who suffer from cardiovascular disease is 75.6%, while those
who manage to predict do not have cardiovascular disease is 70.5% while the successful
prediction of the model (overall correct classification) is 72.7% which confirms the
classification accuracy using the linear discriminant analysis model. And misclassification
rate is 27.3 %, (273/1000). The sensitivity of the linear discriminant analysis model is
75.6% which means that when we conduct a diagnostic test on a patient with
cardiovascular, there is 75.6% chance of correctly predicting the status of the patient. The
specificity is 70.5% which means that when we conduct a diagnostic test on a patient
without cardiovascular disease, there is a 70.5 % chance of correctly predicting the status
of the patient. The true positive rate for discriminant analysis evaluates how good the
leave-one-out cross-validation is detecting a positive cardiovascular is 75.6% the false
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positive rate which estimates how likely patients without cardiovascular disease can be
correctly ruled out is 34.1%. We illustrate the performance statistics including accuracy,
sensitivity, and specificity of the linear discriminant analysis model also in table (3.17),
from the results of the table (3.16).
Table (3.17): Sensitivity, specificity accuracy , precision and error rate for the LDA
model, using leave-one-out cross-validation

LDA

Sensitivity
(True
positive
Rat)

Specificity

0.756

0.704

False
Accuracy Precision Positive Rate

0.727

0.659

0.341

Error
Rate

0.273

3.5 Application of ANN Model to the Cardiovascular Data
3.5.1 Fitting the Artificial Neural Network Model
In artificial neural network model we included the variables NOM, SFH, HEFS, SN,
PHOCAD, TOCC, HDL and OLD. The size of the resulting artificial neural network
classification, was a three-layer structure with 12 input layers,8 hidden layers and 1 output
layer. The weights are as follows:
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A computational neural network is a set of non-linear data modeling tools consisting of
input and output layers plus one or two hidden layers. The connections between neurons in
each layer have associated weights, which are iteratively adjusted by the training algorithm
to minimize error and provide accurate predictions. Full description of subject is provided
in section (2.3) in previous chapter.
Table (3.18 ): Classification table for neural networks analysis model

Observed

Predicted
CAD
Diseased
Not Diseased

sum

Diseased

69

2

71

Not
Diseased

17

62

79

sum

86

64

*150

*Deleted missing value 50 observations

We can compare this with the classification table in (3.18) to show how much the
improvement there is when the predictor variables are included in the model. The final
model correctly classified 87.3%, of cases overall (sometimes referred to as the overall
percentage of correct classification). In the classification table (3.18), the columns are the
two predicted values of the dependent variable, while the rows are the two observed
(actual) values of the dependent variable. In a perfect fit, all cases are on the diagonal and
the overall percent correct would 100%. In this study, 97.2 % of cases were correctly
classified for the diseased persons group and 78.5% for the not diseased persons group.
Overall, 87.3% of cases were correctly classified.
Table (3.19): Sensitivity, specificity accuracy , error rate , precision ,true and false
positive, rate for the ANN model
Sensitivity
False
Area Under
(True
Error
Specificity
Positive
the ROC
positive
Accuracy Precision
Rate
Rate
Curve
Rat)
ANN

0.802

0.969

0.873

0.972

0.028

0.126

0.952

In table 3.19 it is clear that the model succeeded in correctly predicting those who suffer
from cardiovascular disease with a percentage of 80.2% , while those who do not suffer
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from cardiovascular disease with a percentage of 96.9%. The overall rate of correct
prediction of the final model (correct classification) was estimated at 87.3% which
confirms the classification accuracy of the artificial neural networks
misclassified rate is 0.126

model. The

(19/150) .The sensitivity of the artificial neural networks

analysis is 80.2% which means that when we conduct a diagnostic test on a patient with
cardiovascular disease, there is 80.2% of chance of correctly predicting the status of the
patient. The specificity is 96.9% which means that when we conduct a diagnostic test on a
patient without cardiovascular disease, there is 96.9% chance of correctly predicting the
status of the patient. The true positive rate for the artificial neural networks analysis 80.2%,
the false positive rate estimates how likely patients without cardiovascular disease can be
correctly ruled out which has been estimated here as 0.028.

3.5.2 The Accuracy of the ANN Model Using ROC Curve
The ROC curve is a technique for visualizing, organizing and selecting classifiers based
on their performance. As a classifier becomes more sensitive it will identify a greater
proportion of true positive instances, however the number of false negative classifications
consequently rises. Similarly, as a classification model becomes more specific, i.e.
correctly rejecting greater proportion of true negative instances, the number of false
positive classifications also rise. Figure 3.3 shows the ROC curve for the true positive rate
and false positive rate. One true positive rate and one false positive rate together determine
a single point in the ROC space, and the position of a point in the ROC space shows the
tradeoff between sensitivity and specificity, i.e. the increase in sensitivity is accompanied
by a decrease in specificity. In a ROC curve the true positive rate (sensitivity) is plotted
against the false positive rate (1-specificity) for different cut-off points of parameter. Each
point on the ROC curve represents a sensitivity/specificity pair corresponding to a
particular decision threshold. The area under the ROC curve measures how well a
parameter can distinguish between two diagnostic groups (diseased/not diseased).
Therefore the closer the ROC curve is to the upper left corner, the higher the overall
accuracy of the test. The area under the ROC curve in artificial neural networks

model

for our case is 95.2%, which is very strong. The area under the curve is significantly
different from 0.5 since p-value is 0.00 meaning that the artificial neural networks
classifies the group significantly better than that come by chance.

60

1.0
0.8
0.6
0.4

True positive rate

0.0

0.2

Area under ROC for ANN = 0.952

0.0

0.2

0.4

0.6

0.8

1.0

False positive rate

Figure (3.3): ROC curve between true positive rate and false positive
rate for neural network

3.5.3 The Application of leave-One-Out Cross-Validation on ANN Model
For classification accuracy using leave-one-out cross-validation technique, 1000 random
samples without replacement from the data, eight variables were included in the artificial
neural networks model and the model has been fit for the randomly selected observations
then the fitted model has been used to predict the remaining observation. Finally, the
predicted observation

has been assessed and

the correct classification rate of the

observations were obtained. The classification table of the results was obtained to calculate
sensitivity, specificity and accuracy of the model. Table 3.20 shows the classification table
for ANN model using the leave-one-out cross-validation.
Table (3.20): Classification table for ANN model using leave-one-out cross-validation
True
CAD

Pred.

sum

Diseased

Not Diseased

Diseased

331

137

468

Not Diseased

123

409

532

sum

454

546

1000
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In this table, it is clear that the use of the estimated accuracy of artificial neural networks
model in predicting those who suffer from cardiovascular disease is 72.9%, while those
who managed to predict do not have cardiovascular to 74.9% while the successful
prediction of the model (overall correct classification) is 74%, which confirms the
classification accuracy using the artificial neural networks. The misclassification rate is
0.26, (260/1000). The sensitivity of the artificial neural networks model is 73% which
means that when we conduct a diagnostic test on a patient with cardiovascular, there is
73% chance of correctly predicting the status of the patient. The specificity is 75% which
means that when we conduct a diagnostic test on a patient without cardiovascular disease,
there a 75% chance of correctly predicting the status of the patient. The true positive rate
evaluates how good the leave-one-out cross validation is at detecting a positive
cardiovascular disease is 72.9, the false positive rate which estimates how likely patients
without cardiovascular can be correctly ruled out is 29.3%. We illustrate the performance
statistics including accuracy, sensitivity, and specificity of the artificial neural networks
model in table (3.21) from the results of table (3.20).

Table (3.21): Sensitivity, specificity accuracy , precision and error rate for
the ANN model, using leave-one-out cross-validation

ANN

Sensitivity
(True positive
Rat)

Specificity

Accuracy

Precision

False
Positive Rate

Error
Rate

0.729

0.749

0.740

0.707

0.293

0.260

3.6 Comparison Between the Three Statistical Methods
Comparison between the results obtained from applying the three fitted models, logistic
regression, linear discriminant analysis and artificial neural network models to the
cardiovascular data has been made through looking at the results and figures that we
discussed in detail in the previous sections. Such as accuracy, precision, error rates and the
area under the ROC curve, in addition to using cross validation methods.
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3.6.1 Comparison Between the LR, LD and ANN Model Using the
ROC Curve
Table (3.22) shows a summary of the correct classification rates for each of the three
models. The accuracy for logistic regression, discriminant analysis and artificial neural
networks are 82% ,77.3% and 87.3% respectively. The precision for the three models are
80.3%, 73.2% and 97.2% respectively. The area under ROC curves for the three models
are 86.2%, 85.5% and 95.2% respectively. The error rate for the three models are 0.18,
0.226 and 0.126 respectively. We can easily conclude from the area under the ROC
curves, accuracy and error rates of the artificial neural networks results are better than
those of the linear discriminant analysis and logistic reassign results and provide more
efficient model for classification of the cardiovascular data in the Gaza Strip, than the
other two methods.
Table (3.22): Sensitivity, specificity accuracy , error rates , precision ,true and false
positive, rates and areas under the ROC curves for the LR, LD and ANN models
Sensitivity
(True
Specificity
positive
Rat)
LR
LDA
ANN

0.814
0.776
0.802

0.825
0.771
0.968

Accuracy

Precision

False
Positive
Rate

0.820
0.773
0.873

0.802
0.732
0.971

0.197
0.267
0.028

Error
Rate

Area
Under the
ROC
Curve

0.180
0.226
0.126

0.862
0.855
0.952

The area under the ROC curve of the artificial neural networks model for our case is
95.2% which is very strong. The area under the curve is significantly different from 0.5
since the p-value is 0.00 which means that the neural network classifies the diseased and
not diseased groups significantly better than being classified by chance. The area under the
ROC curve in the logistic regression model for our case is 86.2 which is significantly
different from 0.5 since the p-value is 0.00 which means that the logistic regression model
classifies the diseased and not diseased groups significantly better than being classified by
chance.
The area under the ROC curve in the linear discriminant analysis model for our case is
85.5% which is significantly different from 0.5 since the p-value is 0.00 which means that
discriminant analysis classifies the diseased and not diseased groups significantly better
than being classified by chance. The following figure illustrates the results of the previous
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table, and displays the three ROC curves of the three models in same graph for the sake of
comparison .The ROC curve of the artificial neural networks model appear much above
those of the other two models which indicates that the artificial neural networks performs
much better than the other two models in classifying the diseased and not diseased cases

0.6

Area under ROC for LR = 0.862

0.4

True positive rate

0.8

1.0

of CAD patients .

Area under ROC for LDA = 0.855

0.2

Area under ROC for ANN = 0.952

0.0

LR
LDA
ANN
0.0

0.2

0.4

0.6

0.8

1.0

False positive rate

Figure (3.4): The ROC curve between the true positive rate and false positive
rate for three curve ANN, LDA and LR

3.6.2 Comparison Between the Three Models Using

Leave-One-Out

Cross-Validation
The error rates for logistic regression, discriminant analysis and artificial neural networks
computed using leave-one-out cross-validation are 0.274, 0.273 and 0.26 respectively. The
accuracy for logistic

regression, discriminant analysis, artificial neural networks are

72.6%, 72.7% and 74% respectively. The precision for logistic regression, discriminant
analysis, artificial neural

networks are 67%, 65.9% and 70.7% respectively. The

sensitivity of the logistic regression, discriminant analysis, artificial neural networks are
74.9%, 75.6% and 72.9% respectively. The specificity for logistic regression, discriminant
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analysis, artificial neural networks are 70.8%, 70.5% and 74.9% respectively. We can
conclude from the above rates that the results of ANN model are much better than the LR
model and the discriminant analysis model results and the most efficient for the
cardiovascular data in the Gaza Strip. Table 3.23 displays sensitivity, specificity, accuracy,
precision and error rates for different classification techniques of the cardiovascular data in
the Gaza Strip.
Table (3.23): Sensitivity, specificity accuracy , error rate , precision ,true and false
positive, rates computed using leave-one-out cross validation methods
Sensitivity
(True
positive Rat)

Specificity

Accuracy

Precision

False
Positive
Rate

Error
Rate

LR
LDA

0.748
0.756

0.707
0.7047

0.726
0.727

0.670
0.659

0.330
0.341

0.274
0.273

ANN

0.729

0.7491

0.740

0.707

0.293

0.260

3.7 Important Risk Factors:
From the results of the previous section, we achieved three statistical models (LR, LDA
and ANN) where they demonstrate the most important risk factors for the CAD disease.
Some of the risk factors have been achieved in all the three models. This means that these
risk factors are important in building the three statistical models, but with different degrees
of importance. We can identify the importance of each risk factor through the value of its
odd ratio. The variable numbers of marriages (NOM) has the highest value of odds which
equals 7.1. Next comes the variable suffering from hypertension ( SFH) which has a value
of odds ratio equals 4.6. The next one is the variable home exposed to shelling or shooting
by Israeli occupation forces ( HEFS ) which has an odds ratio equals 4.5. Next comes the
variable smoking ( SN ) which has an odds ratio equals 3.85. The next one is the previous
history of CAD ( PHOCAD ) which has an odds ratio equals 3.4. Then the times of cardiac
catheterization (TOCC) has an odds ratio equals 3.24. The final risk factor is the high
density lipoprotein level ( HDL) which has an odds ratio equals 3.04. We now provide
some details to explain the risk factors that proved to be important on the CAD disease in
the Gaza Strip.
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3.7.1 Number of Marriages
The variable "number of marriage" is the first most important risk factor on the CAD disease
as it has the highest odd ratio. The percentage of diseased persons who have been married
more than once is (12%) which is lower than that of the not diseased persons which equals
(23%). The odds ratio was found to be 0.14 which means that a person who has been
married only once has a chance to suffer from CAD disease approximately 7.1 times as
much as a person who married more than once. This means that there is negative association
between the number of marriages and CAD. Table (3.24 ) shows the results of the chi-square
test which indicate that the chi-square equals 4.12 with a p-value equals (0.03). This
confirms the result that a significant relationship exists between the number of marriages
and ( CAD) which appears to be negative one.
Table (3.24): Number of marriage among CAD patients.

CAD
Number of
marriages

Diseased

Not Diseased

Once

88%

77%

More than
once

12%

Chi
Square

P-value

4.12

0.03

Odds
Ratio

0.14

CI
Lower

Upper

0.11

0.98

23%

3.7.2 Hypertension
Hypertension is the second most important risk factor on the CAD disease as it has the
second highest odds ratio. The percentage of diseased cases in the sample who suffer from
hypertension is (73%), which appears to be higher than that of the not diseased ones who
suffer from hypertension with a percentage of (51%). The odds ratio was found to be 4.6 .
This means that people who have hypertension are 4.6 times higher risk of cardiovascular
disease compared to those who do not have hypertension. This also means that there is a
positive association between hypertension and CAD. Table (3.25) shows the results of the
chi-square test which indicate that the p-value equal 0.001. This confirms the result that a
significant relationship exists between hypertension and CAD.

66

Table (3.25): Hypertension and CAD status in the sample
CAD

Suffering
from
hypertension

Diseased

Not Diseased

Yes

73%

51%

No

27%

ChiSquare

P-value

11.27

0.001

Odds
Ratio

4.6

CI
Lower Upper
2.5

4.8

49%

3.7.3 Home Exposed to Shelling or Shooting by Israeli Occupation Forces
The variable "home exposed to shelling or shooting by Israeli occupation forces" is the third
most important risk factor on the CAD disease as it has the third highest odds ratio. The
percentage of diseased persons who had their home exposed to shelling or shooting by
Israeli occupation forces is (45%) and that is lower than the not diseased persons which is
(56%). The odds ratio was found to be 0.22. This means that people who have their homes
been shelled or shot by the Israeli occupation forces are 4.5 time risk of developing CAD
disease compared to other people. This means that there is a significant association between
having home shelled by the Israeli occupation forces and CAD. Table (3.26) shows the
results of the chi-square test which indicates that the chi-square equal 3.4 with a p-value
equal 0.04. This value confirms the result that a significant relationship exists between
having home shelled by the Israeli occupation forces and CAD.
Table (3.26): Having home shelled by the Israeli occupation forces among diseased and
not diseased groups
home exposed to
shelling or shooting
by Israeli army
occupation forces

CAD
Diseased

Not
Diseased

Yes

45%

56%

No

55%

44%

ChiSquare

P-value

3.4

0.04
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Odds
Ratio

0.22

CI
Lower

Upper

0.15

1.12

3.7.4 Smoking
Smoking is the fourth most important risk factor on the CAD disease as it has the fourth
highest odds ratio. The percentage of smokers among the diseased ones in the sample is
(37%), and that is higher than that of the not diseased once which equals (23%). The odds
ratio is 3.85, which means that people who smoke have 3.85 times the risk of developing
CAD disease, compared to those who do not smoke and this means that there is positive
association between smoking and CAD. Table (3.27) shows the results of the chi square
test which indicate that the p-value equal 0.03. This confirms the result that a significant
relationship exists between smoking and CAD.
Table (3.27): Smoking distribution by the CAD status in the sample
CAD
smoking
Yes
No

Diseased

Not Diseased

37%

23%

63%

ChiSquare

P-value

4.6

0.03

Odds
Ratio

3.85

CI
Lower

Upper

2.1

4.1

77%

In a report of WHO (2004), it has been found that this risk factor is especially high if
smoking started early while young, smoke heavily or was a women. Passive smoking is
also a risk factor for cardiovascular disease. Stopping tobacco smoking can reduce the risk
of developing CAD disease significantly, no matter how long smoking started.

3.7.5 Had a Coronary Heart Disease Before
The percentage of diseased cases who had a coronary heart disease before is (26%) which
is higher than that of the not diseased cases which is only (9%). The odds ratio was found
to be 3.4 . This means that people who had coronary heart disease before have 3.4 times
the risk of developing the CAD disease more than other people. This means that there is a
positive association between having a coronary heart disease before and CAD. Table (3.28)
shows the results of the chi-square test which indicate that the p-value equals 0.002 . This
confirms the result that a significant relationship exists between having a coronary heart
disease before and CAD status.
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Table (3.28): Previous history and present status of CAD among groups in the sample

Previous
history
of CAD

CAD
Diseased

Not Diseased

Yes

26%

9%

No

74%

91%

ChiSquare

P-value

9.6

0.002

Odds
Ratio

CI
Lower

Upper

1.53

7.88

3.4

3.7.6 Number of Times a Cardiac Catheterization
The percentage of diseased persons who had more than one catheter before is (51%) which
is higher than that of the not diseased which equals (25%). The odds ratio was found to be
3.24. This means that a person who have more than one cardiac catheterization before
have the chance to suffer from CAD disease approximately 3.24 times as much as a person
who have cardiac catheterization only once and this means that there is positive association
between the number of times the patient had a cardiac catheterization and CAD. Table
(3.29 ) shows the results of the chi-square test which indicates that the value of chi-square
equal 14.35 with a p-value equals 0.00. This value confirms the result that a significant
relationship exists between the number of times the patient had a cardiac catheterization
and CAD.
Table (3.29): Number of cardiac catheterizations among CAD patients
Number of times a
person had cardiac
catheterization
before

CAD
Diseased

Not
Diseased

Once

49%

75%

More than once

51%

25%

ChiSquare

P-value

14.35

0.00

Odds
Ratio

3.24

CI
Lower Upper

2.72

5.7

3.7.7 High Density Lipoprotein
The percentage of diseased cases in the sample who suffer from low HDL is (70.4%)
which appears to be higher than that of the not diseased cases who suffer from low HDL
with a percentage of (35.9%). The odds ratio was found to be 3.04 . This means that
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people who have low HDL are 3.04 times higher risk of CAD disease, compared to those
who do not have low HDL and this means that there is a positive association between low
HDL and CAD. Table (3.30) shows the results of the chi-square test which indicate that
the p-value equal 0.00. This also confirms the result that a significant relationship exists
between low HDL and CAD.

Table (3.30): High density lipoprotein among CAD patients
CAD
HDL
High35+mg/dl
(normal)
Low<35mg/dl
(Low)

Diseased

Not Diseased

29.6%

64.1%

70.4%

ChiSquare

P-value

17.76

0.00

Odds
Ratio

3.04

CI
Lower Upper

2.14

8.46

35.9%

In general High LDL and low HDL was a risk factors for CAD. The results also
supported with many studies (Mchenry, 1992). Low high-density lipoprotein and high
low-density lipoprotein was an important risk factors of CAD. A study of mackay et
al (2004) explained that there is an association between LDL and HDL an the one hand
and CAD in the other hand which is statistically significant, and many other studies
support this result. Abnormal levels of lipids (fats) in the blood are risk factors for
cardiovascular disease. HDL appears to be beneficial in the prevention of CHD, the
higher HDL levels the lower the potential risk for developing CAD (Mchenry, 1992).

3.8 Summary
There are different data mining techniques that can be used for the classification of
cardiovascular disease in the Gaza Strip. In this study three classification techniques to
predict cardiovascular disease in CAD patients are compared: logistic regression,
discriminant analysis and artificial neural networks. These techniques were compared on
the basis of sensitivity, specificity, accuracy, error rate, true positive rate and false positive
rate and using three model assessment techniques, leave-one-out cross validation,
classification table and the area under the ROC curve. Our study showed that ANN model
turned out to be the best classifier for cardiovascular disease prediction. Using the
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classification table, the accuracy, precision and error rate for artificial neural network are
96.8%, 87.3% and 12.7% respectively. The accuracy, precision and error rate for linear
discriminant analysis are 77.3%, 73.2% and 22.7% respectively. The accuracy, precision
and error rate for logistic regression model are 82%, 80.3% and 17.5% respectively. By
using the ROC curve, the area under ROC curves for the three models (artificial neural
networks, discriminant analysis and logistic regression,) are 95.2%, 85.5% and 86.2%
respectively. By using the one leave cross validation, the accuracy, precision and error rate
for artificial neural network are 74%, 70.7% and 26%

respectively. The accuracy,

precision and error rate for linear discriminant analysis are 72.7%, 65.99% and 27.3%
respectively. The accuracy, precision and error rate for logistic regression analysis are
72.6%, 67% and 27.4 % respectively. From previous results, we can say with great
confidence that artificial neural networks model is the best model for the classification of
cardiovascular patients in Gaza Strip. Results indicate that the most important risk factors
for (CAD) disease according to odds ratio were respectively (NOM, SFH, HEFS, SN,
PHOCAD, TOCC, HDL, OLD).
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Chapter (4)
Conclusion and Recommendations

4.1 Concluding Remarks
In this study we conducted a comparison between the three statistical models: logistic
regression, discriminant analysis and neural networks, using

three different

assessment techniques (classification table, ROC curve and cross-validation ) in order
to achieve to the best model that represents the dataset of CAD disease. According to
the discussion in the previous chapters of this study we may conclude

that

cardiovascular disease can be preventable in many patients because many risk factors
are modifiable. The primary goal of the study was to identify the most important
risk factors for cardiovascular patients in adults undergoing cardiac catheterization
in Gaza governorates that are case specific to the Palestine society in Gaza Strip.

4.2 Comparison Between the Classification Methods
We now compare the three statistical models we investigated and applied on our data
set and provide the comparison based on classification table, leave one out crossvalidation and the ROC curves.

A) Classification Table
Table (4.1) shows the results of classification table of the three statistical methods:
(logistic regression, discriminant analysis and neural network) for the most important
risk factors in the study .
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Table (4.1): Correct classification rates using the three statistical methods for
cardiovascular disease in Gaza Strip.

Diseased
(People With disease)
Not Diseased
(People Without disease)
Classification overall correct

Logistic

Discriminant

Neural

Regression

Analysis

Network

81.4%

77.6%

80.2%

82.5%

77.1%

96.8%

82%

77.3%

87.3%

Table (4.1) indicates that the logistic regression model can correctly predict the
diseased persons with a percentage of accuracy equals (81.4%), a percentage of
(77.6%) for discriminant analysis model and a percentage of (80.2%) for artificial
neural network model. The logistic regression model can correctly predict the not
diseased persons with a percentage of accuracy equals (82.5%), a percentage of
(77.1%) for discriminant analysis model and a percentage of (96.8%) for artificial
neural network model. The logistic regression model can predict cardiovascular
patients with an overall percentage accuracy of (82%), a percentage of (77.3%) for
discriminant analysis model and a percentage of (87.3%) for artificial neural network
model. As we can see from the above results that prediction of the artificial neural
network model is better than other methods.

B) Classification Table Using Leave-One-Out Cross- Validation
To conduct a comparison between the performance of the three models an our dataset, using leave-one-out cross-validation, table (4.2) exhibits the results of
classification table of the three statistical methods (Logistic Regression, Discriminant
Analysis and Neural Network) for the most important risk factors in the study.
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Table (4.2): Classification result of three statistical methods, using leave-one-out
cross-validation
Logistic
Discriminant
Neural

Diseased
(People with disease)
Not Diseased
(People without disease)
Classification of model

Regression

Analysis

Network

74.9%

75.6%

72.9%

70.8%

70.5%

74.9%

72.6%

72.7%

74%

Table (4.2) indicates that logistic regression model can correctly predict the diseased
persons category with percentage accuracy of (74.9%) while the percentage of
(75.6%) for discriminant analysis model and the percentage of (72.9%) for artificial
neural network model. The logistic regression model can correctly predict the not
diseased category with a percentage accuracy of (70.8%) while the percentage of
(70.5%) for discriminant analysis model and while a percentage of (74.9%) for
artificial neural network model. The logistic regression model

can predict

cardiovascular patients with an overall percentage accuracy of (72.6%), while the
percentage of (72.7%) for discriminant analysis model and the percentage of (74%)
for artificial neural network model. As we can see from the above results, the
prediction of both categories by the artificial neural network model is better than
other methods.

C) Comparison with ROC Curves
To compare the three models using the ROC curves, table (4.1) shows the area under
the ROC curve between the true positive rate and false positive rate for three curves
ANN , LDA

and LR. Moreover the three ROC curves are displayed in figure(4.1) to

make the comparison easier.
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Table (4.3): Area under the curve for three models
models

Area (LR)
86.2%

area under the ROC curve

Area(LDA)
85.5%

Area(ANN)
95.2%

The area under the ROC curve in artificial neural network model for our data set is
95.2% which is very high while the area under the curve is significantly different
from 0.5 with a p-value equals .000 which means that the neural network classifies the
two groups significantly better than that comes by chance. The area under the ROC
curve in logistic regression model for our data set is 86.2 which is high and the area
under the curve is significantly different from 0.5 with a p-value equals 0.00 which
means that the logistic regression classifies the two groups significantly better than
that may come by chance. The area under the ROC curve in discriminant analysis
model for our data set is 85.5% which is high and the area under the curve is
significantly different from 0.5 with a p-value equals 0.00 which means that the
discriminant analysis classifies the two groups significantly better than that may come
by chance. Using the graphs of the three ROC curves in the same graph and
comparing the three lines in the ROC curve in figure (4.1) we conclude that the
artificial neural network model is the best model since its curve is the closest to the

0.6

Area under ROC for LR = 0.862

0.4

True positive rate

0.8

1.0

upper right hand corner in the graph.

Area under ROC for LDA = 0.855

0.2

Area under ROC for ANN = 0.952

0.0

LR
LDA
ANN

0.0

0.2

0.4

0.6

0.8

1.0

False positive rate

Figure (4.1): The ROC curve between the true positive rate and false
positive rate for three curve ANN, LDA and LR
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4.3 The Important Risk Factors of CAD
From the results in chapter three , we achieved three statistical models which are : LR,
LDA and ANN where these models demonstrates the most important risk factors for
CAD disease. Some of the risk factor were achieved in all the three models. This
means that these risk factors are important in building the three statistical models, but
with different degrees. We can identify the importance of each risk factor through the
value of the odd ratio of each risk factor. The variable numbers of marriages (NOM)
has the highest value of odds ratio and equals 0.14. which means that a person who
has been married only once have the chance to

suffer from CAD diseased

approximately (7.1) times as much as a person who has been married more than once.
Next comes the variable suffering from hypertension (SFH) which has a value of odds
ratio equals 4.6 which means that people who suffer from hypertension have the
chance to suffer from CAD disease approximately (4.6) times as much as a person
who do not suffer from hypertension. The next one is the variable home exposed to
shelling or shooting by Israeli occupation forces (HEFS) which has value of odds
ratio equals 0.22 which means that people who suffered from shelling or shooting by
the Israeli occupation forces have the chance to suffer from CAD approximately (4.5)
times as much as people who did not have their homes shelled or shoot by the Israeli
occupation forces. Next comes the variable smoking (SN) which has a value of odds
ratio equals 3.85 which means that people who smokes have the chance to suffer
from CAD disease approximately (3.85) times as much as a person who did not
smoke. The next one is the previous history of CAD (PHOCAD) which has a value of
odds ratio equals 3.4 which means that a person who had coronary heart disease
before have the chance to suffer from CAD again approximately (3.4) times as much
as people who did not have previous history of CAD disease. Then the times of
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cardiac catheterization (TOCC) has a value of odds ratio equals 3.4 which means that
a person who have more than once cardiac catheterization have the chance to suffer
from CAD approximately (3.24) times as much as a person who have only one
cardiac catheterization. And the final risk factor is the high density lipoprotein level
(HDL) which has a value of odds ratio equals 3.04, which means that a person who
have low high density lipoprotein have the chance to suffer from CAD approximately
indicate (3.04) times as much as a persons who have normal high density lipoprotein.

4.4 Final Models
Display variables that have been shown to have significant effects on the variable
response and included in the final model, which was obtained which contains the most
important risk factors for cardiovascular disease. From all the discussion in this study
the following conclusion can be drawn. The results of neural networks model are
better than the logistic regression and discriminant analysis models’ results and more
efficient for the classification of cardiovascular disease cases in the Gaza Strip.In
artificial neural network model we included the variables NOM, SFH, HEFS, SN,
PHOCAD, TOCC, HDL and OLD. The size of the resulting artificial neural network
classification, was a three-layer structure with 12 input layers,8 hidden layers and 1
output layer.

4.5 Recommendations
From the above discussion we can conclude the following
1. Reduction the proportion of high density lipoprotein in the blood through the
practice of physical activity is important in minimizing the risk of CAD disease
because it is considered as one of the risk factors on cardiovascular disease according
to this study.
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2. We recommend that the Ministry of Health to provide a good electronic database
can be used in the field of research and give great importance to cardiovascular
disease because it is considered as the first leading cause of death in the world. Yet,
CAD now accounts for nearly 30% of deaths globally.
3. We recommend that the medical community to conduct research on the control
of hypertension in the community because it is considered one of the main risk
factors on cardiovascular disease
4. We recommend that the Ministry of Health to conduct research on tobacco control
to reduce the prevalence of regular tobacco use in the community, because it is
considered one of the main risk factors on cardiovascular disease.
5. Attention should be taken by persons who have a family history of CAD disease
and should be provided to care them, because it is considered as one of the risk factors
on cardiovascular disease.
6. Examination of cholesterol level in the blood and keeping it is so important to CAD
patients because they are risk factors according to this study.
7. Provide psychological care and support for people who have lost a first degree
relative, or their home shelled or shoot by Israeli occupation forces .
8. We recommend that the health and medical practitioners, should use the neural
networks models for the classification of cardiovascular disease cases in the Gaza
Strip because of their efficiency in prediction and their low error rates and hedge
against potential risks in medical matters.
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