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Abstract
High hypertension is one of the most important diseases that rapidly grow in Palestine
compared with neighboring countries, where the incidence rate of high hypertension
increases significantly.
This study aims to choose the best statistical model for patients with Hypertension
data in Palestinian , 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.
In this study we compared the three statistical models using four different assessment
techniques (Cross-validation with half of the observations, leave-one-out crossvalidation at each time , bootstrapping and method ROC curves) and obtained the
best estimate of accuracy and error rate in order to achieve the best model for the
data.
The results of these comparisons showed that the logistic regression was best when
using )Cross- validation with half of the observations, leave-one-out cross-validation,
bootstrapping , ROC curve) in terms of their accuracy and error rate. Neural networks
showed that they have the lowest error rate only when using the leave-one-out crossvalidation assessment technique with a 94.8% accuracy and 0.052 error rate. This is
because Neural Networks provide a good model the data set predicting available data.
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ملخص
٘عرثش ضغظ انذو يٍ أْى األيشاض انًرضاٚذج ف ٙفهسط ٍٛيقاسَح يع انذٔل انًعأسج حٛس أٌ
يعذالخ اإلصاتح تضغظ انذو ذضداد تشكم يهحٕظ .
ذٓذف ْزِ انذساسح إنٗ اإرٛاس أفضم ًَٕرض إحصائ ٙنثٛاَاخ يشضٖ اسذفاع ضغظ انذو فٙ
فهسط ،ٍٛيٍ إالل انًقاسَح ت ٍٛانشثكاخ انعصثٛح ،ذحهٛم شعشج انقشاس ًَٕٔرض االَحذاس
انهٕظسر ٙعهٗ يعًٕعح تٛاَاخ حقٛقٛح

ٔ .ذشٛش األتحاز انحذٚصح إنٗ

أٌ انشثكاخ انعصثٛح

االصطُاعٛح انًعشٔفح اإرصاساًا ( ًٚ )ANNكٍ أٌ ذكٌٕ تذٚال أفضم يٍ انطشٚقح انرقهٛذٚح
تاسرخذاو االَحذاس انهٕظسر ٙأٔ شعشج انقشاس ٔإاصح ف ٙحانح انثٛاَاخ غٛش انخطٛح .
ٔفْ ٙزِ انذساسح أظشٚد يقاسَح ت ٍٛانًُارض اإلحصائٛح انصالشح تاسرخذاو أستعح أسانٛة يخرهفح
( ،Cross- validation with half of the observations, leave-one-out cross-validation

 )ROC curve ٔ Bootstrappingنهٕصٕل إنٗ أفضم ًَٕرض نهثٛاَاخ يٍ إالل ذقذٚش انذقح ٔ
يعذل انخطأ نكم ًَٕرض ٔ .قذ تُٛد َرائط ْزِ انًقاسَاخ أٌ االَحذاس انهٕظسر ْٕ ٙاألفضم عُذ
اسرخذاو طشٚقح ( ٔ Bootstrapping ،Cross- validation with half of the observations,
طشٚقح  )ROC curveيٍ حٛس انذقح ٔيعذل انخطأ ،تًُٛا انشثكاخ انعصثٛح ذًرهك أقم يعذل
نهخطأ ٔأكصش دقح ت ٍٛانطشق انصالشح انًسرخذيح ف ٙحانح اسرخذاو أسهٕب ( leave-one-out cross-

 )validationحٛس تهغد دسظح انذقح ٔ %94.8يعذل انخطأ ْٔ . 0.052زا ٚعٕد إنٗ أٌ انشثكاخ
انعصثٛح ذقذو أفضم ًَٕرض ٚقرشب يٍ انثٛاَاخ انًراحح .
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Chapter 1
INTRODUCTION
1.1 General Introduction:
The Palestinian Health sector has a huge amount of data, but unfortunately most of
it has not been analyzed to find out hidden information in data. Advanced data mining
techniques can be used to discover hidden pattern in data. Data mining has been
heavily used in the medical field, to include patient diagnosis records to help identify
best practices. Models developed from these techniques are useful for medical
practitioners to take effective decisions.
The most popular methods applied to construct risk scoring for Patients of
hypertension is the

Logistic regression. In addition to LR, artificial intelligence

techniques have been applied to Risk scoring. In the present study we discuss the use
of three data mining techniques, namely decision trees, artificial neural networks
(ANNs) and logistic regression to find out the best model that can be used in the
analysis of high hypertension patients data.
1.2– The Data :
The data we used in this thesis were obtained from (Jebreil ; 2012). It is a sample of
180 cases and composed of three groups of patients; including patients who have
diabetes, patients have diabetes and their washing their kidneys and a sample control
group. We are interested in the predication of whether patients suffering from
Hypertension (yes / no). This variable has been used as dependent variable in this
analysis. A set of causes including gender, age, smoking status, body mass index, fast
blood sugar, glycated Hemoglobin, microalbumin urea, urea, total cholesterol and
high density lipoprotein were used as independent variables.
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1.3- Research problem :
The problem to be discussed and analyzed in this thesis is to verify the feasibility and
effectiveness of the classification models using logistic regression, decision trees and
neural networks and to conduct comparison between the performance of these models
on classification of patients with hypertension in Palestine.
1.4- Aim of the study :
The goal of this study is to choose the best statistical model for patients with
hypertension in Palestine. Through the comparison between neural networks, decision
tree

analysis

and

logistic

regression

model

on

a

real

data

set.

1.5- Research Methodology :
The researcher used three statistical models including logistic regression, decision tree
and artificial neural networks (ANNs) . In this study we will choose four 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 Cross- validation with
half of the observations, leave-one-out cross-validation , bootstrapping and ROC
curve. The data were drawn from a random sample of patients with hypertension at
clinical records in Palestine. The data were analyzed using all the three statistical
models then all four assessment techniques were applied in order to reach the best
model through the comparison process using the R software.
1.6- Literature review :
In this section we discuss briefly some previous studies that had been conducted to
perform comparison between the use of traditional methods of classification logistic
regression, neural networks and decision Tree.

2

Kumari, Milan, Sunila Godara (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 disease in patients: rule based 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 will be used to predict cardiovascular disease in patients.
Results achieved by, Kurt, et.al. (2008), indicated that hypertension is a leading cause
of heart disease and stroke. In this study, performance of classification techniques are
compared in order to predict the risk of essential hypertension disease. A retrospective
analysis was performed in 694 subjects (452 patients and 242 controls). They
compared performances of three decision trees, four statistical algorithms, and two
neural networks. Predictor variables were age, sex, family history of hypertension,
smoking habits, lipoprotein (a), triglyceride, uric acid, total cholesterol, and body
mass index (BMI). Classification techniques were grouped using hierarchical cluster
analysis (HCA). The data points appeared to cluster in three groups. The first cluster
included MLP and RBF. Furthermore, CART which was more similar than other
techniques linked this cluster. The second cluster included FDA/MARS (degreeZ1),
LR and QUEST, but FDA/MARS (degreeZ1) and LR was more similar than QUEST.
The third cluster included FDA/MARS (degreeZ2), CHAID and FDA, but
FDA/MARS (degreeZ2) and CHAID was more similar than FDA. MLP and RBF
which are one each of neural networks procedures, performed better than other
3

techniques in predicting hypertension. QUEST had a lesser performance than other
techniques.
In a study carried out by, Razi, and Kuriakose ( 2005), the authors performed a threeway comparison of prediction accuracy involving nonlinear regression, NNs and
CART models using a continuous dependent variable and a set of dichotomous and
categorical predictor variables. A large dataset on smokers is used to run these
models. Different prediction accuracy measuring procedures are used to compare
performances of these models. In this study we have used a set of data on the smoking
habits of people. The data set contained 35 variables and 3652 records. Among 35
available variables, initially we choose 10 variables considered to be most intuitively
related to illness. The results of the study showed that NNs and CART models
provide better prediction compared to regression models when the predictor variables
are binary or categorical and the dependent variable continuous , either one of NNs
and CART models may be used for prediction and would provide better predictability
over regression.
A paper has been carried out by Arana, et.al (1999), in order to compare the
performance of two predictive radiological models, logistic regression (LR) and
neural network (NN), with five different resampling methods. In this paper, one
hundred and sixty-seven patients with proven calvarial lesions as the only known
disease were enrolled. Clinical and CT data were used for LR and NN models. Both
models were developed with cross validation, leave-one-out and three different
bootstrap algorithms. The final results of each model were compared with error rate
and the area under receiver operating characteristic curves (Az). The neural network
obtained statistically higher Az than LR with cross validation. The remaining
resampling validation methods did not reveal statistically significant differences
4

between LR and NN rules. The neural network classifier performs better than the one
based on logistic regression.
Yarmohammadi, et.al (2004), designed an algorithmic model based on the logistic
regression analysis 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 tumors 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 show that ANN and LRM prove
the relationship between extracted morphological features and biopsy results. Using
statistically significant variables reduced LRM outperformed of ANN with
remarkable specificity while high sensitivity is achieved.
Gouvêa (2007), concluded that credit models are useful to evaluate the risk of
consumer loans. The application of the technique with greater precision of a
prediction model will provide financial returns to the institution. In this study a
sample set of applicants from a large Brazilian financial institution was focused on in
order to develop three models each one based on one of the alternative techniques:
logistic regression, neural networks and genetic algorithms. The quality and
performance of these models are evaluated and compared to identify the best one.
Results obtained by the logistic regression and neural network models are good and
very similar, although the former is slightly better. The genetic algorithm model is
also efficient, but somewhat inferior. This study illustrates the procedures to be
adopted by a financial institution in order to identify the best credit model to evaluate
the risk of consumer loans and thereby get increasing profits.
In a paper by Stephan Dreiseitl, and Lucila Ohno-Machado , (2003), it has been
indicated that logistic regression and artificial neural networks are the models of
5

choice in many medical data classification tasks. In this review, the authors
summarize the differences and similarities of these models from a technical point of
view, and compare them with other machine learning algorithms. They provide
considerations useful for critically assessing the quality of the models and the results
based on these models. They also summarize their findings on how quality criteria for
logistic regression and artificial neural network models are met in a sample of papers
from the medical literature.
Manel , et.al, (1999), assessed the occurrence of a common river bird, the plumbeous
Redstart Rhyacornis fuliginosus, along 180 independent streams in the Indian and
Nepali Himalaya. The authors then compared the performance of multiple discrimant
analysis (MDA), logistic regression (LR) and artificial neural networks (ANN) in
predicting this species’ presence or absence from 32 variables describing stream
altitude, slope, habitat structure, chemistry and invertebrate abundance. Using the
entire data and a threshold for accepting presence in ANN and LR set to P ≥0.05,
ANN correctly classified marginally more cases (88%) than either LR (83%) or MDA
(84%). Model performance was assessed from two methods of data partitioning. In a
‘leave-one-out’ approach, LR correctly predicted more cases (82%) than MDA (73%)
or ANN (69%). This case study supports the need to test species’ distribution models
with independent data, and to use a range of criteria in assessing model performance.
ANN do not yet have major advantages over conventional multivariate methods for
assessing bird distributions. LR and MDA were both more efficient in the use of
computer time than ANN, and also more straightforward in providing testable
hypotheses about environmental effects on occurrence. However, LR was apparently
subject to chance significant effects from explanatory variables, emphasizing the
well-known risks of models based purely on correlative data.
6

1.7– Organization of research:
In the next chapter (Chapter 2), we discuss the three models: logistic regression,
decision trees

and neural networks. We discuss model building, diagnosis,

advantages and disadvantages.
In chapter 3, we illustrate the four assessment methods, bootstrapping ,two -fold
Cross-validation, leave one –out Cross-validation and ROC curves and their use in
model assessment and estimation of accuracy and error rates.
In Chapter 4, we show the descriptive analysis of the data, and discuss the analysis
through the three models and compare the three models and select data of the best
model.
In Chapter 5 we present the conclusion, recommendations, and suggest some
prospective topics for further research.
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Chapter 2
Classification methods
2.1 Classification
The task of classification occurs in a wide range of human activity. At its broadest,
the term could cover any context in which some decision or forecast is made on the
basis of currently available information, and a classification procedure is then some
formal method for repeatedly making such judgments in new situations. We shall
assume that the problem concerns the construction of a procedure that will be applied
to a continuing sequence of cases, in which each new case must be assigned to one of
a set of pre-defined classes on the basis of observed attributes or features.
Contexts in which a classification task is fundamental include, for example,
mechanical procedures for sorting letters on the basis of machine-read postcodes,
assigning individuals to credit status on the basis of financial and other personal
information, and the preliminary diagnosis of a patient’s disease in order to select
immediate treatment while awaiting definitive test results. In fact, some of the most
urgent problems arising in science, industry and commerce can be regarded as
classification or decision problems using complex and often very extensive data.

2.2- Logistic Regression model
2.2.1 Definition
Logistic regression is a statistical modeling technique designed for binary response
variables, for which the response outcome of each subject is a “success” or “failure.”
Binary data are the most common form of categorical data, and the most popular
model for binary data is logistic regression model. (Agresti, 2007).
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Logistic regression (sometimes called the logistic model or logit model) is used for
prediction of the probability of occurrence of an event by fitting data to a logistic
function. Similar to other forms of regression analysis, it makes use of one or more
predictor variables that may be either numerical or categorical. It is used extensively
in the medical and social sciences fields, as well as marketing applications. It allows
one to predict a discrete outcome, such as group membership, from a set of variables
that may be continuous, discrete, dichotomous, or a mix of any of these. In binary
logistic model, the dependent or response variable is dichotomous, such as presence
absence or success/failure. We will present statistical inference for the binary logistic
model parameters.
2.2.2 Assumptions
Logistic regression model do not impose any particular assumption on the distribution
of the data rather than any other properties related to the variables . However to
achieve the good fit for the data , other issues need to be considered including the
following:
Sample size
As with most statistical techniques, we need to consider the size and nature of the
sample if you intend to use logistic regression. One of the issues concerns is the
number of cases in the sample and the number of predictors (independent variables) to
be included in the model. If there is have a small sample with a large number of
predictors we may have problems with the analysis (including the problem of the
solution failing to converge). This is particularly a problem when there are categorical
predictors with limited cases in each category. Always need to be conducted
descriptive statistics on each predictor, and collapsing or deleting categories if they
have limited numbers need to be considered.
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Multicollinearity
Similar to other regression models, high inter-correlations among predictor
(independent) variables in binary regression models should be always checked .
Ideally, predictor variables should be strongly related to dependent variable but not
correlated with each others. Unfortunately, there is no formal way in the logistic
regression procedure to test for multicollinearity, but one can choose to use the
procedure to request collinearity diagnostics. Tolerance values that are very low (less
than0.1) indicate that the variable has high correlations with other variables in the
model. One may need to reconsider the set of variables to include in the model, and
remove one of the highly inter-correlating variables.
Outliers
It is important to check for the presence of outliers, or cases that are not well
explained by the model. In logistic regression terms, a case may be strongly predicted
by your model to fall in one category but in reality be classified in the other category.
These outlying cases can be identified by inspecting the residuals, a particularly
important step if you have problems with the goodness of fit of your model.( Hosmer,
D. W. and Lemeshow, S. 2000)
2.2.3 Logistic Regression Models
In binary logistic regression models,

is usually dichotomous, that is, the

dependent variable can take the value 1 with a probability of success q, or failure with
the value 0 with probability 1-q. This type of variable is called a Bernoulli (or binary)
variable. Although not as common and not discussed in this treatment, applications of
logistic regression have also been extended to cases where the dependent variable is
of more than two cases, known as multinomial or polytomous (Tabachnick and Fidell
,1996) use the term polychotomous.
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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 q:

q =

e (a + b1c1 + b 2 c 2 +....+ bi ci )
1+ e

( a + b1c1+ b 2c 2 +....+ bi c )
i

..................................(2.1)

Where a= the constant of the equation and, b= the coefficient of the predictor
variables.
An alternative form of the logistic regression equation is can be obtained as:
é q (c ) ù
log it [q (x )] = log ê
ú = (a + b1 c1 + b 2 c 2 + .... + b i c i .................(2.2)
ë1 - q ( c ) û

The goal of logistic regression is to correctly predict the category of outcome for
individual cases using the most parsimonious model. To accomplish this goal, a
model is created that includes all predictor variables that are useful in predicting the
response variable. Several different options are available during model creation.
Variables can be entered into the model in the order specified by the researcher or
logistic regression can test the fit of the model after each coefficient is added or
deleted, in a procedure called a stepwise regression analysis.
Stepwise regression is used in the exploratory phase of research but it is not
recommended for theory testing (Menard 1995). Theory testing is the testing of apriori theories or hypotheses of the relationships between variables. Exploratory
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testing makes no a-priori assumptions regarding the relationships between the
variables, thus the goal is to discover relationships.
Backward stepwise regression appears to be the preferred method of exploratory
analyses, where the analysis begins with a full or saturated model and variables are
eliminated from the model in an iterative process. The fit of the model is tested after
the elimination of each variable to ensure that the model still adequately fits the data.
When no more variables can be eliminated from the model, the analysis has been
completed.
The process by which coefficients are tested for significance for inclusion or
elimination from the model involves several different techniques. Each of these will
be discussed below.

Figure 2.1. Linear approximation to logistic regression curve

2.2.4 Goodness of Test
The goodness of fit or calibration of a model measures how well the model describes
the response variable. Assessing goodness of fit involves investigating how close
values predicted by the model are to the observed values.
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The Hosmer -Lemshow statistic evaluates the goodness-of-fit by creating 10 ordered
groups of subjects and then compares the number actually in each group (observed) to
the number predicted by the logistic regression model (predicted). Thus, the test
statistic is a chi-square statistic with a desirable outcome of non-significance,
indicating that the model prediction does not significantly differ from the observed.
The 10 ordered groups are created based on their estimated probability; those with
estimated probability below 0.1 form one group, and so on, up to those with
probability 0.9 to 1.0. Each of these categories is further divided into two groups
based on the actual observed outcome variable (success, failure). The expected
frequencies for each of the cells are obtained from the model. If the model is good,
then most of the subjects with success are classified in the higher deciles of risk and
those with failure in the lower deciles of risk.( Hosmer, et.al. 2000)
2.2.5 Advantages of Logistic Regression:
There are many ways to regularize the logistic model, and we don't have to worry as
much about the features being correlated. It also has a nice probabilistic interpretation,
unlike decision trees or ANN, and it can easily update the model to take in new data,
again unlike decision trees or ANN. It can be used if we want a probabilistic
framework (e.g., to easily adjust classification thresholds, to say when you're unsure,
or to get confidence intervals) or if we expect to receive more training data in the
future that we want to be able to quickly incorporate into the model.
2.2.6 Disadvantages of Logistic Regression:
Restrictions on the Dependent Variable
Unlike linear regression, logistic regression can only be used to predict discrete
variables. Therefore, the dependent variable of logistic regression is restricted to the
discrete number set. This restriction itself is problematic, as it is prohibitive to the
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prediction of continuous data. An additional problem with this trait of logistic
regression is that because the logit function itself is continuous, some users of logistic
regression may misunderstand, believing that logistic regression can be applied to
continuous variables.
Large Sample Size
Logistic regression can accept a large number of independent variables. While this
may seem like an advantage, there are many situations when it is not. Because the
parameter estimation procedure of logistic regression relies heavily on having an
adequate number of samples for each combination of independent variables, small
sample sizes can lead to widely inaccurate estimates of parameters. Thus, users of
logistic regression should first make sure they can obtain a sample of large size before
deciding on logistic regression as the analysis method.
Assumption of Linearity
A researcher discarding linear regression models in favor of logistic regression
models is likely doing so because the assumption of linearity between the dependent
variable and the independent variables is unreasonable. However, what many
researchers do not realize is that logistic regression also has an implicit assumption of
linearity in terms of the logit function versus the independent variables. This
assumption is fairly unreasonable as well.
Only for Between-Subject Designs
Logistic regression can only apply to studies using between-subject designs. This
means within-subject designs preclude logistic regression methods. In many forms of
research, especially those using human subjects, within-subject designs are preferred,
as they can conserve resources. Thus, while in the fields of medicine and psychology
logistic regression may seem suitable, in fact it cannot always be a choice.
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2.3- Artificial Neural Networks
2.3.1 Introduction:
Neural Networks became a common solution for a wide variety of problems in
many fields , (ANN) is an information processing paradigm that is inspired by the
way biological nervous systems, such as the brain. The most important features of the
human brain is the ability to learn from the past, according to a complex system of
sending and receiving electrical pulses between neurons. This fact has prompted many
researchers and led to the establishment of the cognitive sciences, known as artificial
intelligence and building the network. An artificial neural network is composed of
many artificial neurons that are linked together according to a specific network
architecture. The objective of the neural network is to transform the inputs into
meaningful outputs.( Zurada , 1992)
2.3.2 Overview of Artificial Neural Networks:
McCulloch and Pitts (1943) developed models of neural networks based on their
understanding of neurology. Two groups (Farley and Clark, 1954 and Rochester,
Holland, Haibit and Duda, 1956), maintained closed contact with neuroscientists at
McGill University. Whenever their models did not work, they consulted the
neuroscientists. This interaction established a multidiscilinary trend which continues
to the present day.Rosenblatt (1958) stirred considerable interest and activity in the
field when he designed and developed the perceptron. The perceptron had three layers
with the middle layer known as the association layer. This system could learn to
connect or associate a given input to a random output unit. Another system was the
ADALINE (ADAptive LInear Element) has been developed in 1960 by Widrow and
Hoff (of Stanford University). The ADALINE was an analogue electronic device
made from simple components. The method used for learning was different to that of
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the perceptron. In 1969 Minsky and Papert wrote a book in which they generalised the
limitations of single layer perceptrons to multilayered. Although public interest and
available funding were minimal, several researchers continued working to develop
neuromorphically based computaional methods for problems such as pattern
recognition. Steve Grossberg and Gail Carpenter in (1988) influence founded a school
of thought which explores resonating algorithms. They developed the Adaptive
Resonance Theory (ART) networks based on biologically plausible models. Anderson
and Kohonen developed associative techniques independent of each other. Klopf in
1972, developed a basis for learning in artificial neurons based on a biological
principle for neuronal learning called heterostasis. Werbos (1974) developed and used
the back-propagation learning method, Amari (1967) was involved with theoretical
developments. 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 (e.g. Hecht-Nielsen 1990; Maren et al. 1990; Zurada 1992;Fausett 1994 and
Ripley 1996). A typical structure of ANNs consists of a number of processing
elements (PEs), 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, 2002)
2.3.3 Application areas of Artificial Neural Networks:
Application areas of ANN can be technically divided into the following categories:
Classification and diagnostic: ANN have been applied in the field of diagnosis in
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medicine, engineering and manufacturing.
Pattern recognition: ANN have been successfully applied in recognition of complex
patterns such as: speech recognition, handwritten character recognition and a lot of
other applications in the area of image processing.
Modelling: A neural network is a powerful data modelling tool that is able to capture
and represent complex input/output relationships. The true power and advantage of
neural networks lies in their ability to represent both linear and non-linear
relationships and in their ability to learn these relationships directly.
Forecasting and prediction: ANN have shown high efficiency as a predictive tool by
looking at the present information and predict what is going to happen.
Estimation and Control: ANN have been successfully applied in the field of
automatic control in system identification, adaptive control, parameter estimation and
optimization and a lot of other applications in this field.
2.3.4 ANN Model Specifications:
Feed forward Neural Networks: Simple design of neural networks allows only
unidirectional forward connections among neurons. That is why it is called feedforward neural network, or perceptron

Figure 2.2: A feed forward network with 3 input units, 4 hidden units and 2 output
units.
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This multi-layered structure of a feed forward network is designed to function as a
biological neural system. The input units are the neurons that receive the information
(stimuli) from the outside environment and pass them to the neurons in a middle layer
(i.e., hidden units). These neurons then transform the input signals to generate neural
signals and forward them to the neurons in the output layer. The output neurons in
turn generate signals that determine the action to be taken. Note that all information
from the units in one layer are processed simultaneously, rather than sequentially, by
the units in an “upper” layer.

(Figure 2. 3).Architecture of an artificial neuron and a multilayered neural network.
2.3.5- Recurrent Neural Networks (RNN):
Recurrent networks are the state of the art in nonlinear time series prediction, system
identification, and temporal pattern classification. As the output of the network at time
t is used along with a new input to compute the output of the network at time t + 1, the
response of the network is dynamic (Mandic and Chambers, 2001).
Time Lag Recurrent Networks (TLRN) are multilayered perceptrons extended with
short-term memory structures that have local recurrent connections. The recurrent
neural network is a very appropriate model for processing temporal (time-varying)
information. Examples of temporal problems include time-series prediction, system
identification, and temporal pattern recognition. A simple recurrent neural network
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could be constructed by a modification of the multilayered feed-forward network with
the addition of a ‘context layer’. The context layer is added to the structure, which
retains information between observations. At each time step, new inputs are fed to the
network. The previous contents of the hidden layer are passed into the context layer.
These then feed back into the hidden layer in the next time step. Initially, the context
layer contains nothing, so the output from the hidden layer after the first input to the
network will be the same as if there is no context layer. Weights are calculated in the
same way for the new connections from and to the context layer from the hidden
layer. The training algorithm used in TLRN (backpropagation through time) is more
advanced than standard backpropagation algorithm. Very often, TLRN requires a
smaller network to learn temporal problems when compared to MLP that use extra
inputs to represent the past samples. TLRN is biologically more plausible and
computationally more powerful than other adaptive models such as the hidden
Markov model. Some popular recurrent network architectures are the Elman recurrent
network in which the hidden unit activation values are fed back to an extra set of input
units and the Jordan recurrent network in which output values are fed back into
hidden units. (Thorn, Richard and Sydenham, Peter H. 2005)

(Figure 2. 4): Recurrent neural networks: Jordan (left) and Elman (right).
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2.3.6- Classification of ANN:
As discussed above, ANN resemble the human brain in learning through training and
data storage. Based on learning strategy three main categories of ANN can be
described: Supervised, reinforcement or unsupervised learning. Supervised and
unsupervised learing will be considered here due to their popularity. However, all
interest will be given to the supervised type of learning since it is frequently used in
the majority of ANN applications particularly in our data set of high hypertension
patients.
Supervised Learning: In this type of learning a teacher is present during the learning
process and the ANN is trained through a given input/ target data training pattern
which includes input pattern associated with the corresponding target or desired
pattern. This training pattern will form a pool of examples used to train the ANN in
order to learn a specific behaviour and the presence of desired output(s) for each input
in the training pattern makes this type of learning supervised. During the learning
process, the neural network output is compared with the target value and a network
weight correction via a learning algorithm is performed in such a way to minimize an
error function between the two values. This is an optimization problem in which the
learning algorithm is searching for the optimal weights that can represent the solution
to the approximation problem.
A commonly used error function is the mean-squared error (MSE) which tries to
minimize the average error between the network's output and the target value over all
the example pairs and a commonly used weight correction algorithm is a gradient
descent algorithm called Back Propagation. This algorithm is used frequently to train
multi layer feedforward ANN either online or off-line
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Unsupervised Learning: In this type of learning, no desired result or target is
available to the network and only the input pattern is present, i.e. there is no teacher to
learn the network. The system must learn by discovering and adapting to structured
features in the input pattern. This is done by adapting to statistical regularities or
clustering of patterns from the input training samples.( Gadoue, 2005)
2.3.7 Neural Networks learning:
Hebbian learning: The learning paradigms discussed above result in an adjustment
of the weights of the connections between units, according to some modification rule.
Perhaps the most influential work in connectionism’s history is the contribution of
Hebb (1949), where he presented a theory of behavior based, as much as possible, on
the physiology of the nervous system. The most important concept to emerge from
Hebb’s work was his formal statement (known as Hebb’s postulate) of how learning
could occur. Learning was based on the modification of synaptic connections between
neurons. Specifically, when an axon of cell A is near enough to excite a cell B and
repeatedly or persistently takes part in firing it, some growth process or metabolic
change takes place in one or both cells such that A’s efficiency, as one of the cells
firing B, is increased. The principles underlying this statement have become known as
Hebbian Learning. Virtually, most of the neural network learning techniques can be
considered as a variant of the Hebbian learning rule. The basic idea is that if two
neurons are active simultaneously, their interconnection must be strengthened. If we
consider a single layer net, one of the interconnected neurons will be an input unit and
one an output unit. If the data are represented in bipolar form, it is easy to express the
desired weight update as

wi (new ) = wi (old ) + ci o ,...............................................(2.3)
where O is the desired output for i = 1 to n(inputs).
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Unfortunately, plain Hebbian learning continually strengthens its weights without
bound (unless the input data is properly normalized).
Perceptron learning rule: The perceptron is a single layer neural network whose
weights and biases could be trained to produce a correct target vector when presented
with the corresponding input vector. The training technique used is called the
perceptron learning rule. Perceptrons are especially suited for simple problems in
pattern classification. Suppose we have a set of learning samples consisting of an
input vector x and a desired output d(k). For a classification task, the d(k) is usually
+1 or −1. The perceptron-learning rule is very simple and can be stated as follows:
1. Start with random weights for the connections.
2. Select an input vector x from the set of training samples.
3. If output y k ¹ d (k ) (the perceptron gives an incorrect response), modify all
connections wi according to:

dwi = h (d k - y k ) ci ; (h = learning rate ) .....................(2.4)
4. Go back to step 2.
Note that the procedure is very similar to the Hebbian rule; the only difference is that
when the network responds correctly, no connection weights are modified. (Thorn,
Richard and Sydenham, Peter H. 2005).
2.3.8- Activation Function in ANN:
As far as model specifications are concerned, the building blocks of an ANN model
are the activation functions F and G. Different choices of the activation functions
result in different network models. We now introduce some activation functions
commonly employed in empirical studies.
Recall that the hidden units play the role of neurons in a biological system. Thus, the
activation function in each hidden unit determines whether a neuron should be turned
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on or off. Such an on/off response can be easily represented using an indicator
(threshold) function, also known as a Heaviside function in the ANN literature, i.e.,

G (g h ,0 + c ¢g h ) =

{

1, if g h ,0 + ct¢g h ³c ,
0, if g h ,0 + ct¢g h <c ,

.........................(2.5)

where c is a pre-determined threshold value, G , g weights input layer. That is,
depending on the strength of connection weights and input signals, the activation
function
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In a complex neural system, neurons need not have only an on/off response but may
be in an intermediate position. This amounts to allowing the activation function to
assume any value between zero and one. In the ANN literature, it is common to
choose asigmoid (S-shaped) and squashing (bounded) function. In particular, if the
input signals are “squashed” between zero and one, the activation function is
understood as a smooth counterpart of the indicator function. A leading example is the
logistic function:

G (g h ,0 + c ¢g h ) =

1
1 + exp(-[g h ,0 + c ¢g h ])

..................(2.6)

which approaches one (zero) when its argument goes to infinity (negative infinity).
Hence, the logistic activation function generates a partially on/off signal based on the
received input signals. Alternatively, the hyperbolic tangent (tanh) function, which is
also a sigmoid and squashing function, can serve as an activation function:

G (g h ,0 + c ¢g h ) =

exp(g h ,0 + c ¢g h ) - exp(-[g h ,0 + c ¢g h ])
...........(2.7)
exp(g h ,0 + c ¢g h ) + exp(-[g h ,0 + c ¢g h ])

Compared to the logistic function, this function may assume negative values and is
bounded between −1 and 1. It approaches 1 (−1) when its argument goes to infinity
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(minus infinity). This function is more flexible because the negative values, in effect,

Figure (2.5): Activation function : logistic (left) and tanh (right)
represent “suppressing” signals from the hidden unit. See Figure 2.5 for an illustration
of the logistic and tanh functions. Note that for the logistic function G, a re-scaled
function G such that G(a) = 2G(a) − 1 also generates values between −1 and 1 and
may be used in place of the tanh function. The aforementioned activation functions
are chosen for convenience because they are differentiable everywhere and their
derivatives are easy to compute. In particular, when G is the logistic function,

dG (a )
= G (a )[1 - G (a )];...................................................(2.8)
da
When G is the tanh function,
2

é
ù
dG (a )
2
=ê
= sec h 2 (a ).......................(2.9)
ú
da
ë exp(a ) + exp(-a ) û
These properties facilitate parameter estimation, nevertheless, these functions are not
necessary for building proper ANNs. For example, smooth cumulative distribution
functions, which are sigmoidal and squashing, are also legitimate candidates for
activation function , it is shown that, as far as network approximation property is
concerned, the activation function in hidden units does not even have to be sigmoidal,
yet boundedness is usually required. Thus, sine and cosine functions can also serve as
an activation function.( Kuan,2006)
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2.3.9 Estimation of parameters
The process of estimating the parameters is the most important step to build the
model. Power of NN models depends to a large extent on the way their layer
connection weights are adjusted over time. The weights adjustment process is known
in NN methodology as training of the network. The objective of the training process is
that the weights are updated in the way to facilitate learning of the patterns inherent
to the data . Data will be divided into two groups, training group and test group.
Training set used to estimate the weights in the model. Thus, the learning process is
an important stage in the development of neural network models. The test set, usually
consists of 10% to 30% of the total data set, to assess the ability to generalize from the
learning process. Note that the estimation of parameters depends on the type of Neural
Network used.
2.3.10- BACKPROPAGATION LEARNING:
As discussed before, supervised learning is frequently used to train multi layer feed
forward ANN in a lot of applications. Usually, back propagation learning algorithm is
used to update the network weights during training in order to improve the network
performance. The block diagram of the training process is shown in Fig ( 2.6)

(Fig.2.6) Block diagram of training neural network as function approximator
using supervised learning
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Back propagation (BP) is one of the gradient descent algorithms used to reduce the
performance function E through updating the neural network weights by moving them
along the negative of the gradient of the performance function. The term back
propagation refers to the manner in which the gradient is computed for nonlinear
multilayer networks. This method requires that activation functions f are
differentiable as the weight update rule is based on the gradient of the error function
which is defined in terms of the weights and activation functions. The general rule
used to update the weight can be written as:

Dw ij = -h

¶E
...................................................(2.10)
¶w ij

where Wij is the weight on the connection between node i and j and η is the learning
rate which is multiplied by the negative of the gradient to determine the changes to
the weights and biases. The larger the learning rate, the bigger the step. If the learning
rate is made too large, the algorithm becomes unstable. If the learning rate is set too
small, the algorithm takes a long time to converge. Therefore careful choice of η is
vital to increase the convergence time without affecting algorithm stability. It is not
practical to determine the optimal setting for the learning rate before training, and, in
fact, the optimal learning rate changes during the training process, as the algorithm
moves across the performance surface. The new weight can be updated as follow:

w ij (k ) = w ij (k - 1) + Dw ij (k ).................................(2.11)
In order to accelerate the convergence of the network, some algorithms may introduce
the previous weight change into the updating equation as:

w ij (k ) = w ij (k - 1) + Dw ij (k ) + aDij (k - 1)...........(2.12)
where α is called the momentum rate which can be any number between 0 and 1.
When the momentum constant is 0, a weight change is based only on the gradient.
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When the momentum constant is 1, the new weight change is set to equal the last
weight change and the gradient is simply ignored.
To train an ANN using BP to solve a specific problem there are generally four main
steps in the training process:
1- Assemble the suitable training data
2- Create the network object
3- Train the network
4- Simulate the network response to new inputs
2.3.11- Evolutionary Algorithm (EA):
In artificial intelligence, an evolutionary algorithm (EA) is a subset of evolutionary
computation, a generic population-based metaheuristic optimization algorithm. An
EA uses some mechanisms inspired by biological evolution: reproduction, mutation,
recombination, and selection. Candidate solutions to the optimization problem play
the role of individuals in a population, and the fitness function determines the
environment within which the solutions .
Evolution of the population then takes place after the repeated application of the
above operators. Artificial evolution (AE) describes a process involving individual
evolutionary algorithms; EAs are individual components that participate in an AE.
Evolutionary algorithms often perform well approximating solutions to all types of
problems because they ideally do not make any assumption about the underlying
fitness landscape; this generality is shown by successes in fields as diverse as
engineering, art, biology, economics, marketing, genetics, operations research,
robotics, social sciences, physics, politics and chemistry.
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2.3.12 Genetic Algorithm (GA):
A genetic algorithm (GA) is a search heuristic that mimics the process of natural
evolution. This heuristic is routinely used to generate useful solutions to optimization
and search problems. Genetic algorithms belong to the larger class of evolutionary
algorithms (EA), which generate solutions to optimization problems using techniques
inspired by natural evolution, such as inheritance, mutation, selection, and crossover.
In a genetic algorithm, a population of strings (called chromosomes or the genotype of
the genome), which encode candidate solutions (called individuals, creatures, or
phenotypes) to an optimization problem, evolves toward better solutions.
(Gadoue,2005)
The evolution usually starts from a population of randomly generated individuals and
happens in generations. In each generation, the fitness of every individual in the
population is evaluated, multiple individuals are stochastically selected from the
current population (based on their fitness), and modified to form a new population.
The new population is then used in the next iteration of the algorithm. Genetic
algorithms find application in bioinformatics, phylogenetics, computational science,
engineering, economics, chemistry, manufacturing, mathematics, physics and other
fields.
2.3.13 Advantages of Artificial 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
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interactions between predictor variables, and the availability of multiple training
algorithms. More specifically neural networks have the following advantages:
·

A neural network can perform tasks that a linear program cannot.

·

When an element of the neural network fails, it can continue without any
problem by their parallel nature.

·

A neural network learns and does not need to be reprogrammed.

·

Neural networks can be implemented in many applications without any
problem.

2.3.14 Disadvantages of Artificial Neural Networks
Disadvantages of neural networks include their "black box" nature, greater
computational burden, proneness to overfitting, and the empirical nature of model
development.
·

Neural networks require high processing time specially for large neural networks.

2.4- Decision Trees
2.4.1 - Introduction
Decision trees are simple, but powerful form of multiple variable analysis. They
provide unique capabilities to supplement, complement, and substitute for
·

traditional statistical forms of analysis (such as multiple linear regression),

·

a variety of data mining tools and techniques (such as neural networks),

·

recently developed multidimensional forms of reporting and analysis found in the
field of business intelligence.

Decision trees have been widely used since the 1980s. CART was an algorithm
widely used in the statistical community. These algorithms are fast procedures,
fairly easy to program, and interpretable (i.e. understandable). A drawback of
decision trees is that they are generally not as accurate as other machine learning
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methods. We will be looking at some of these state of the art algorithms later in the
course.It is difficult to explain why decision trees are not optimally accurate.
Decision trees may fail if the data is probabilistic or if the data is noisy. Features in
the tree are not weighted and simplicity is hard to control, with overfitting a constant
problem while growing the tree.
2.4.2 -Decision Trees Algorithms
Decision trees algorithms are data mining induction techniques that recursively
partitions a data set of records using depth-first greedy approach (Hunts et al, 1966) or
breadth-first approach (Shafer et al, 1996) until all the data items belong to a
particular class. A decision tree structure is made of root, internal and leaf nodes. The
tree structure is used in classifying unknown data records. At each internal node of the
tree, a decision of best split is made using impurity measures (Quinlan,1993). The tree
leaves is made up of the class labels which the data items have been group.
Decision tree classification technique is performed in two phases: tree building and
tree pruning. Tree building is done in top-down manner. It is during this phase that the
tree is recursively partitioned till all the data items belong to the same class label
(Hunts et al, 1966). It is very tasking and computationally intensive as the training
data set is traversed repeatedly. Tree pruning is done in a bottom-up fashion. It is used
to improve the prediction and classification accuracy of the algorithm by minimizing
over-fitting (noise or much detail in the training data set) (Mehta et al, 1996). Overfitting in decision tree algorithm results in misclassification error. Tree pruning is less
tasking compared to the tree growth phase as the training data set is scanned only
once. In this study we will review decision tree algorithms implemented in a serial
pattern, identify the algorithms commonly used and compare their classification
accuracy and execution time by experimental analysis.
30

2.4.3 - Classification Trees
Classification trees work just like regression trees, only they try to predict a discrete
category (the class), rather than a numerical value. The variables which go into the
classification the inputs can be numerical or categorical themselves, the same way
they can with a regression tree. They are useful for the same reasons regression trees
are. They provide fairly comprehensible predictors in situations where there are many
variables which interact in complicated, nonlinear ways.
We find classification trees in almost the same way we found regression trees: we
start with a single node, and then look for the binary distinction which gives us the
most information about the class. We then take each of the resulting new nodes and
repeat the process there, continuing the recursion until we reach some stopping
criterion. The differences from regression tree growing have to do with how we
measure information, what kind of predictions the tree makes, and how we measure
predictive error.
2.4.4 Features of Decision Tree Based Models:
They are also easy to understand. They provide a clear, logical representation of the
data model. They can be understood and used by people who are not mathematically
gifted. Decision trees handle both continuous and categorical variables. Categorical
variables such as gender, race, religion, marital status and geographic region are
difficult to model using numerically-oriented techniques such as regression. In
contrast, categorical variables are handled easily by decision trees.
Decision trees can perform classification as well as regression. The predicted value
from a decision tree is not simply a numerical value but can be a predicted category
such as male/female, malignant/benign, frequent buyer/occasional buyer, etc.
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Decision trees automatically handle interactions between variables. There may be
significant differences between men/women, people living in the North and the South,
etc.; these effects are known as variable interactions. Decision trees automatically
deal with these interactions by partitioning the cases and then analyzing each group
separately. (L.Breiman, 1984))
2.4.5- Using a Decision Tree to Predict Target Variable Values
A decision tree can be used to predict the values of the target variable based on values
of the predictor variables. To determine the predicted value of a row, Then decide
whether to go into the left or right child node based on the value of the splitting
variable. Continue this process using the splitting variable for successive child nodes
until you reach a terminal, leaf node. The value of the target variable shown in the leaf
node is the predicted value of the target variable .
In the case of regression trees where the target variable is continuous, the mean value
of the target variable for the rows falling in a leaf node is used as the predicted value
of the target variable.
2.4.6 Advantages of Decision Trees:
Decision trees have the following advantages:
·

They are simple to understand and to interpret. Trees can be visualised.

·

They Require little data preparation. Other techniques often require data
normalisation, dummy variables need to be created and blank values to be
removed. Note however that this module does not support missing values.

·

The cost of using the tree (i.e., predicting data) is logarithmic in the number of data
points used to train the tree.
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·

Decision trees have the ability to handle both numerical and categorical data. Other
techniques are usually specialised in analysing datasets that have only one type of
variable.

·

They also have the ability to handle multi-output problems.

·

Decision trees Use a white box model. If a given situation is observable in a model,
the explanation for the condition is easily explained by boolean logic. By constrast,
in a black box model (e.g., in an artificial neural network), results may be more
difficult to interpret.

·

They have the possibliy to validate a model using statistical tests. That makes it
possible to account for the reliability of the model.

·

They perform well even if their assumptions are somewhat violated by the true
model from which the data were generated. (L. Breiman, 1984.)

2.4.7 Disadvantages Decision Tree

Instability
The reliability of the information in the decision tree depends on feeding the precise
internal and external information at the onset. Even a small change in input data can at
times, cause large changes in the tree. Changing variables, excluding duplication
information, or altering the sequence midway can lead to major changes and might
possibly require redrawing the tree.
Complexity
Among the major decision tree disadvantages are its complexity. Decision trees are
easy to use compared to other decision-making models, but preparing decision trees,
especially large ones with many branches, are complex and time-consuming affairs.
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Computing probabilities of different possible branches, determining the best split of
each node, and selecting optimal combining weights to prune algorithms contained in
the decision tree are complicated tasks that require much expertise and experience.

Unwieldy
Decision trees, while providing easy to view illustrations, can also be unwieldy. Even
data that is perfectly divided into classes and uses only simple threshold tests may
require a large decision tree. Large trees are not intelligible, and pose presentation
difficulties.Drawing decision trees manually usually require several re-draws owing to
space constraints at some sections, as there is no foolproof way to predict the number
of branches or spears that emit from decisions or sub-decisions.

Costs
The complexity in creating large decision trees mandates people involved in preparing
decision trees having advanced knowledge in quantitative and statistical analysis. This
raises the possibility of having to train people to complete a complex decision tree
analysis. The costs involved in such training makes decision tree analysis an
expensive option, and remains a major reason why many companies do not adopt this
model despite its many advantages.

Too Much Information
One of the decision tree advantages is its listing comprehensive information and all
possible solutions to an issue. Such comprehensiveness can, however, work both ways
and need not always be an advantage. The most significant dangers with such
excessive information is "paralysis of analysis" where the decision makers burdened
with information overload takes time to process information, slowing down decisionmaking capacity.
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2.5 Summary:
In this chapter we discuss three data mining classification methods that can predict
hypertension disease. The first method is the logistic regression model, is used for
prediction of the probability of occurrence of an event by fitting a logistic function to
the data. One advantage of the logistic regression model is that there are no
assumptions made on the distributional properties of the independent or predictor
variables, and they can be numeric or categorical or in any form. They do not have to
be normally distributed, linearly related or of equal variance within each group. The
second method is the artificial Neural Networks (ANN) became a common solution
for a wide variety of problems in many fields. ANN is an information processing
paradigm that is inspired by the way biological nervous systems, such as the brain.
The most important features of the human brain is the ability to learn from the past,
according to a complex system of sending and receiving electrical pulses between
neurons. The ANN is composed of many artificial neurons that are linked together
according to a specific network architecture. The objective of the neural network is to
transform the inputs into meaningful outputs. A Simple design of neural networks
allows only unidirectional forward connections among neurons. That is why it is
called feed-forward neural network, or Perception. The third method is decision trees
are simple, but powerful form of multivariate analysis. Decision trees have been
widely used since the 1980s. CART was an algorithm widely used in the statistical
community. This algorithm is fast in its procedures, fairly easy to program, and
interpretable. A drawback of decision trees is that they are generally not as accurate as
other machine learning methods.
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Chapter 3
Performance Assessment Methods
3.1 Accuracy of classification Methods:
On the question of accuracy assessment, we should always bear in mind that
accuracy as measured on merely the training set and accuracy as measured on a
subset of the unseen data (the test set) are often very different. Indeed it is not
uncommon, especially in Machine Learning applications, for the training set to be
perfectly fitted, but performance on the test set can to be very often disappointing.
Usually, it is the accuracy on the unseen data, when the true classification is
unknown, is of practical importance. The generally accepted method for estimating
this is to use the given data, in which we assume that all class memberships are
known, as follows. Firstly, we use a substantial proportion (the training set) of the
given data to train the procedure and obtain the rule.
This rule is then tested on the remaining data (the test set), and the results compared
with the known classifications. The proportion correct in the test set is an unbiased
estimate of the accuracy of the rule provided that the training set is randomly
sampled from the given data.
In

this chapter , we discuss different

methods of measuring the accuracy of

classification methods as an introduction to apply these measures on the three
classification methods we are interest to compare in this study.

3.2 Bootstrap Method
Bootstrapping is a computer-based technique that can be used to infer the sampling
distribution of almost any statistics via repeated samples drawn from the sample itself,
as opposed to the hypothetical resampling from the population. The phrase “to pull
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oneself by one’s bootstrap” is widely thought to be based on a famous story
Adventures of Baron Munchausen by Rudolph Erich Raspe. According to the stories ,
the Baron had fallen into a swamp and saved himself by pulling himself up by his
own bootstraps. The bootstrap is a method to derive properties (standard errors,
confidence intervals and critical values) of the sampling distribution of estimators. It
is very similar to Monte Carlo techniques . However instead of fully specifying the
data generating process (DGP), we use information from the sample. (Efron, B, and
Tibshirani, R. J. 1993)
3.2.1 Overview of Bootstrap Method
Bootstrap method was introduced by Efron in 1979 for the purpose of estimating
confidence intervals for a statistic using numerical methods. A key advantage of
bootstrap method is that it can provide estimates of confidence intervals in situations
for which analytical mathematical solutions may not exist. Assume that we have a
data set with n data points. As defined by Efron and Tibshirani (1993), bootstrap
method is based upon drawing multiple random samples, each of size n, with
replacement, from an empirical distribution F. This approach is referred to here as
resampling. Each random sample of size n is referred to as a bootstrap sample. The
empirical distribution is described by an actual data set. If the original data set is:
X = x 1 , x 2 ,K, x n then the probability of sampling any discrete value within the data

set is 1/n. A random sample of size n from the original data set is denoted by:

X

*

= x 1*, x 2 *,K, x n *.......................................................(3.1)

The asterisks indicate that x* is not the actual data set x, but rather a randomized or
resampled version of it. The resampled data describe an empirical distribution,

)
F = (x 1*, x 2 *,K, x n *)..................................................(3.2)
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Since the sampling is done with replacement, it is possible to have repeated values
within any given bootstrap sample. For each bootstrap sample, a bootstrap replication
)
of a statistic may be calculated as q = s (X * )

where s(x*) is a statistical estimator applied to a bootstrap replication of the original
data set. The statistic may be, for example, the mean, standard deviation, a test
statistic or 95th percentile. To estimate the uncertainty in the statistic, B bootstrap
samples may be simulated to yield B estimates (replicates) of the statistic.

qb = s (X *b ), Where b = 1, 2,¼, B
)

The B estimates of the statistic may be used to construct a sampling distribution for
the statistic.( Frey,1999)
To understand bootstrap, suppose it were possible to draw repeated samples (of the
same size) from the population of interest, a large number of times. Then, one would
get a fairly good idea about the sampling distribution of a particular statistic from the
collection of its values arising from these repeated samples. But, that does not make
sense as it would be too expensive and defeat the purpose of a sample study. The
purpose of a sample study is to gather information cheaply in a timely fashion. The
idea behind bootstrap is to use the data of a sample study at hand as a “surrogate
population”, for the purpose of approximating the sampling distribution of a statistic;
i.e. to resample (with replacement) from the sample data at hand and create a large
number of “phantom samples” known as bootstrap samples. We thus use as an
)
)
estimate the quantity μ( Fn ) instead of μ(F). Since Fn is a consistent

)
)
estimate of F (i .e .Fn ® F if n ® ¥ )thenm (Fn )® m (Fn ). In practice it is not easy to
)
find μ( Fn ) , so we use a Monte Carlo approximation of it. So, the idea of the

bootstrap used in practice is the following:
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)
Generate B samples from Fn and use them to estimate μ(F) by the quantity

m (F ) =
)

1
B

å F( y

i

*).................................................(3.3)

)
Where X i *, i = 1, 2,....., B random variables simulated from Fn .( Amiri,2008)

3.2.2 Types of Bootstrap
·

Parametric Bootstrap: We know that F belongs to a parametric family of distributions
and we just estimate its parameters from the sample. We generate samples from F
using the estimated parameters.

·

)
Non-parametric Bootstrap: We do not know the form of F and we estimate it by F which is
the empirical distribution obtained from the data.

3.2. 3 Failures of Bootstrap
The bootstrap procedure may fail in any of the following cases:
)
F
· Small Data sets (because n is not a good approximation of F).
· Infinite moments (e.g. the mean of the Cauchy distribution).
· Dependence structures (e..g time series, spatial problems). Bootstrap is based on the
assumption of independence. Remedies exist.
· Estimate extreme values (e.g. 99.99% percentile or max ( X i ). The problem is the nonsmoothness of the functional under consideration.
· Dirty Data: If outliers exist in our sample, clearly we do not sample from a good estimate
of F and we add variability in our estimates.
· Unsmooth quantities: There are plenty of theoretical results that relate the success of
bootstrap with the smoothness of the functional under consideration.

)

· Multivariate data: When the dimensions of the problem are large, then Fn becomes less
good as an estimate of F. This may cause problems.
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3.2. 4 Situations where "Bootstrapping procedures" are useful
· One important case where bootstrapping procedures are useful is when the
theoretical distribution of a statistic of interest is complicated or unknown. Since
the bootstrapping procedure is distribution-independent it provides an indirect
method to assess the properties of the distribution underlying the sample and the
parameters of interest that are derived from this distribution.
·

Another case is when the sample size is insufficient for straightforward statistical
inference. If the underlying distribution is well-known, bootstrapping provides a
way to account for the distortions caused by the specific sample that may not be
fully be representative of the population.

·

Moreover , a third case is when power calculations have to be performed, and a
small pilot sample is available. Most power and sample size calculations are
heavily dependent on the standard deviation of the statistic of interest. If the
estimate used is incorrect, the required sample size will also be wrong. One method
to get an impression of the variation of the statistic is to use a small pilot sample
and perform bootstrapping on it to get impression of the variance.

3.2.5 Disadvantages
Although bootstrapping is (under some conditions) asymptotically consistent, it does
not provide general finite-sample guarantees. Furthermore, it has a tendency to be
overly optimistic .The apparent simplicity may conceal the fact that important
assumptions are being made when undertaking the bootstrap analysis (e.g.
independence of samples) .

40

3.3 Cross-validation
Cross-validation, sometimes called rotation estimation, is a technique for assessing
how the results of a statistical analysis will generalize to an independent data set. It is
mainly used in settings where the goal is prediction, and one wants to estimate how
accurately a predictive model will perform in practice. One round of cross-validation
involves partitioning a sample of data into complementary subsets, performing the
analysis on one subset (called the training set), and validating the analysis on the other
subset (called the validation set or test set). To reduce variability, multiple rounds of
cross-validation are performed using different partitions, and the validation results are
averaged over the rounds.
Cross-validation is important in guarding against testing hypotheses suggested by the
data(called "Type III errors"), especially where further samples are hazardous, costly
or impossible to collect.

3.3. 1 Purpose of cross validation
Suppose we have a model with one or more unknown parameters, and a data set to
which the model can be fit (the training data set). The fitting process optimizes the
model parameters to make the model fit the training data as good as possible. This is
called overfitting , and is particularly likely to happen when the size of the training
data set is small, or when the number of parameters in the model is large. Crossvalidation is a way to predict the fit of a model to a hypothetical validation set when
an explicit validation set is not available.
Linear regression provides a simple illustration of over fitting. In linear regression we
have real response variable y , and a vector of covariates x 1 ,..., x p .We can use least
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squares to fit a hyper plane y = a + b1x 1 + ... + b p x p between the Y and X data, and
then assess the fit using the mean squared error
(MSE) = å ( y i - a - b1x 1i - ...... - b p x pi )2 / n ,..............(3.4)
i

where xji is the value of variable xj corresponding to the i

th

response value y i . It

can be shown under mild assumptions that the expected value of the MSE for the
training set is (n − p − 1)/(n + p + 1) < 1 times the expected value of the MSE for the
validation set (the expected value is taken over the distribution of training sets). Thus
if we fit the model and compute the MSE on the training set, we will get an
optimistically biased assessment of how well the model will fit an independent data
set. This biased estimate is called the in-sample estimate of the fit, whereas the crossvalidation estimate is an out-of-sample estimate.

Since in linear regression it is possible to directly compute the factor
(n − p − 1)/(n + p + 1) by which the training MSE underestimates the validation MSE,
cross-validation is not practically useful in that setting. However in most other
regression procedures (e.g. logistic regression), there is no simple formula to make
this adjustment. Cross-validation is a generally applicable way to assess the
performance of a model on a validation set using computation in place of
mathematical analysis. (Martens, H.A.; Dardenne, 1998)

3.3.2 K-fold cross-validation
In k-fold cross-validation, the original sample is randomly partitioned into k
subsamples. Of the k subsamples, a single subsample is retained as the validation data
for testing the model, and the remaining k − 1 subsamples are used as training data.
The cross-validation process is then repeated k times (the folds), with each of the k
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subsamples used exactly once as the validation data. The k results from the folds then
can be averaged (or otherwise combined) to produce a single estimation. The
advantage of this method over repeated random sub-sampling is that all observations
are used for both training and validation, and each observation is used for validation
exactly once. 10-fold cross-validation is commonly used, but in general k remains an
unfixed parameter .

In stratified k-fold cross-validation, the folds are selected so that the mean response
value is approximately equal in all the folds. In the case of a dichotomous
classification, this means that each fold contains roughly the same proportions of the
two types of class labels.

3.3.3 Leave-one-out cross-validation
As the name suggests, leave-one-out cross-validation (LOOCV) involves using a
single observation from the original sample as the validation data, and the remaining
observations as the training data. This is repeated such that each observation in the
sample is used once as the validation data. This is the same as a K-fold crossvalidation with K being equal to the number of observations in the original sample.
Leave-one-out cross-validation is computationally expensive because it requires many
repetitions of training. (Martens, H.A.; Dardenne, 1998)

3. 4 Confusion Matrix
A distinguished confusion matrix can be obtained to calculate sensitivity, specificity
and accuracy. Confusion matrix is a matrix representation of the classification results.
Table 3.1 shows the structure of the confusion matrix as follows.
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Table (3.1) Confusion Matrix
Classified Negative

Classified Positive

Actual Negative

TN

FP

Ac t u a l Positive

FN

TP

The upper left cell denotes the number of samples classified as Negative while they
were actually Negative (i.e., TN) ), and the lower right cell denotes the number of
samples classifies as Positive while they were Positive (i.e., TP), The other two
cells (lower left cell and upper right cell) denote the number of samples
misclassified. Specifically, the upper right cell denoting the number of samples
classified as Positive while they actually were false (i.e., FP), and the lower left
cell denoting the number of samples classified as Negative while they actually
were Positive (i.e., FN) .
Below formulae were used to calculate sensitivity, specificity , accuracy, True
Positive Rate, False Positive Rate and Error rate.
The accuracy of all classifications. is calculated by the following formula:
A ccuracy =

(TP +TN )
.........................................(3.5)
(Total Sample )

Sensitivity is equivalent to the true positive rate, and is calculated as the number of
true positive classifications divided by all positive classifications:

Sensitivity (True Positive Rate) =

TP
.........(3.6)
(TP ) + (FN )

The specificity of a classification model, (also known as the correct rejection rate),
is defined as the number of true negative classifications divided by all negative
classifications

Specificity (True negative Rate) =
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TN
........(3.7)
(TN ) + (FP )

Error rate =

(FP + FN )
.......................................(3.8)
(Total Sample )

False Positive Rate =

FP
............................(3.9)
(FP ) + (TN )

positive predictive value = precision

precision =

TP
..........................................(3.10)
(TP ) + (FP )

As a classifier becomes more sensitive it will identify a greater proportion of true
positive instances, however, the number of false negative classifications will
consequently rise. Similarly, as a classification model becomes more specific, i.e.
correctly rejecting greater proportion of true negative instances, then the number of
false positive classifications will also rise. One way to visualize this relationship is
to plot the true positive rate or sensitivity as a function of (1−specificity).
This graphical illustration of classification accuracy is known as a receiver
operator characteristic curve, or ROC curve. The diagonal line joining the origin
(0, 0) with the point (1, 1) represents random classification performance.
Classifiers with accuracy better than random chance are represented by a curve
beginning at the origin and arcing above and away from the line representing
random chance. The area beneath this curve describes the quality of classifier
performance over a wide potential range of misclassification costs. (Kumari, Milan
and Godara, Sunila ,2011).,

3.5 ROC curve
The ROC curve ( receiver operating characteristic) , is a technique for visualizing,
organizing, improving and selecting classifiers based on their performance. They
facilitate our conception of classifiers and is therefore useful in research and in
result presentation. Such representation also has a practical meaning, since we are
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able to construct a binary classifier for each point on the convex hull. Each straight
segment of a convex hull is defined with two endpoints that correspond to two
classifiers. We will label the first one A and the other one B. A new (combined)
classifier C can be defined. For a given value of parameter

a Î (0, 1) we can

combine the predictions of classifiers A and B. We take the prediction of A with
probability α and the prediction of B with probability 1−α. The combined classifier
C corresponds to the point on the straight segment and by varying the parameter α
we cover the whole straight segment between A and B. If the original ROC graph
corresponds to probabilistic classifier, its convex hull also corresponds to a
probabilistic classifier that is always at least as good as the original one. Convex
hull is just one approach for constructing a ROC curve from a given set of points.
(Centor, 1991).
ROC graph is defined by a parametric definition:
X= FP rate(t), Y= TP rate(t).
3.5.1 Area under the ROC curve :
Area under the ROC curve is often used as a measure of quality of a probabilistic
classifier. It is close to the perception of classification quality that most people
have. Area under ROC curve is computed using the following formula:

1

A ROC =

TP FB
1
ò0 P d N = PN

N

ò TP dFP.................................(3.11)
0

A random classifier (e.g. classifying by tossing up a coin) has an area under curve
0.5, while a perfect classifier has 1. Classifiers used in practice should therefore be
somewhere in between, preferably close to 1. (Miha Vuk, Tomaˇz Curk , 2006)
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3.5.2 Binary classifiers
When dealing with two class classification problems we can always label one class
as a positive and the other one as a negative class. The test set consists of P
positive and N negative examples. A classifier assigns a class to each of them, but
some of the assignments are wrong. To assess the classification results we count
the number of true positive (TP), true negative (TN), false positive (FP) (actually
negative, but classified as positive) and false negative (FN) (actually positive, but
classified as negative).
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Chapter 4
Analysis of Hypertension Data in Palestine
(A Case Study)
4.1 – The data and descriptive statistics:
In this chapter, we fit the three classification models that we described in chapter (2)
to the hypertension patients data in Palestine, then we assess the accuracy of each
model using four methods of testing the accuracy; namely bootstrap, cross- validation
and ROC curves. The data which used in this study were obtained from (Jebreil;
2011). The dataset contains 11 attributes and 180 records. Table 4.1 next lists these
attributes. We are interested on whether patients suffering from hypertension (yes/no).
This variable has been used as a dependent variable in this analysis. A set of causes
(independent variables) are used in the analysis including sex, smoking, body mass
index, fast blood sugar, microalbumin urea, urea, total cholesterol, triglyceride and
age of Patients.
Table 4.2 contains some descriptive statistics of the variables and shows that the
average age of patients was 54.75 years, and that the rate of (BMI) reached 30.24
meaning that it is above the normal weight and the average (FBS) is 142.6 which is
also above the normal canned (70-115) the other rate of (MAU) was 171.5 and the
average (UR) is 49.86 meaning that it is also above the normal rate, average (T.CH)
is 159.1 and the average (HDL) is 47.85 and the average (HBA1C) 6.12 meaning that
they are good control rates. The sample shows that the proportion of smokers among
the population is 20.6%, while those who suffer from hypertension their percentage is
24.4%.
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Table (4.1) Variables description
Variable name

description

BMI
Body mass index

FBS

Fast blood sugar

MAU

Normal Range

Unit

Underweight <18.5
Normal weight = 18.5–
24.9
Overweight = 25–29.9
Obese ≥ 30
70-115

kg/m2

mg/L

mg/dl

mg/dl

UR

Urea

-Microalbuminuria (30300)
-Normal <30
-Macroalbuminuria>300
15-45

T.CH

Total Cholesterol

Up to 200 (150-200)

mg/dl

HDL

High Density

35-65

mg/dl

Normal (4.2-6.2)
Good control (5.5-6.8)
Fair control ( 6.8-7.6)
Poor control (above 7.6)

%

Microalbuminurea

Lipoprotein
HBA1C

Glycated Hemoglobin

Age

Age of Patients

Sex (v1)

Male

0
Numerical

Female

1

Yes

0

Smoking

Numerical
No

1

Not Hypertension

0

Hypertension

Numerical
Hypertension

1
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Table (4.2) Descriptive statistics of the data
Variable Name

Minimum

age
BMI
FBS
MAU
UR
T.CH

Maximum

39
19
10
5
17
79
4.1
23
yes
no
male
Female
yes
no

HBA1C
HDL
Smoking

sex
Hypertension

Std.
Deviation
54.75
7.04
30.24
5.34
142.60
67.44
171.47
372.69
49.86
40.32
159.09
44.84
6.12
1.0814
47.855
11.358
20.6%
79.4%
46.7%
53.3%
24.4%
75.6%

Mean

70
47.1
338
1920
184
289
8
83

Table 4.3 contains the tests of normality (Kolmogorov and Shapiro) , we conclude the
variables of this study could not follow the multinormal distribution. The results of
that indicated that none of the variable is close to the normal distribution and some of
them are categorical variables. Therefore, the variables of this study could not follow
the multinormal distribution and hence other classification techniques such as
Discriminant analysis are not applicable for the hypertension patients’ data.
Table (4.3) Tests of Normality
Kolmogorov-Smirnova
Statistic
df
Sig.
sex1
age
bmi
FBS
MAU
UR
CR
T.CH
T.G
Smoking
Hypertension

.358
.100
.094
.209
.444
.384
.454
.095
.143
.488
.470

180
180
180
180
180
180
180
180
180
180
180

.000
.000
.001
.000
.000
.000
.000
.000
.000
.000
.000
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Shapiro-Wilk
Statistic
df

.635
.979
.954
.855
.493
.607
.521
.961
.875
.496
.534

180
180
180
180
180
180
180
180
180
180
180

Sig.

.000
.007
.000
.000
.000
.000
.000
.000
.000
.000
.000

4.2- Methods of data analysis
In the next sections we present the results of fitting three classification methods to the
hypertension data. We also asses 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. We have conducted simulation studies using 1000 random
sample without replacement and we used appropriate R algorithms in all the fitting
the models and assessing their accuracy. These algorithms are contained in the
libraries tree, MASS, cluster, library stats, nnet and ROCR .
4.3 – Application of logistic regression model to the hypertension data
4.3.1 Fitting the logistic regression model
The hypertension data has been obtained from a survey conducted in the Palestine to
identify the prevalence of hypertension and its impact. We are interested on whether
the patients have hypertension (yes/no). This variable has been used as the dependent
variable in this analysis. The set of predictors (independent variables) includes sex,
age, BMI,MAU, FBS, UR, HBA1C, T.CH, HDL and smoke. Each of the variables
was subjected to a recoding process of their original scores to ensure their suitability
for this analysis.. We used the categorical dependent variable hypertension: No/Yes,
coded 0/1; and Some continuous and categorical predictor (independent) variables to
fit the model. The dichotomous variables are coded as 0 and 1 (these variables include
sex and smoke). Other continuous variables with high values indicate more of the
characteristic of interest (age, BMI,MAU, FBS, UR, HBA1C,HDL, T.CH , and HDL)
also included and recoded. The criterion used in this study for selecting the best
subset of variables is the stepwise selection. We start fitting logistic regression to the
data without any of the independent variables that which will be used next in the
model. This is the null model and will serve a baseline later for comparing the model
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with predictor variables included. For the purpose of comparison we present the
classification table of the null mode in Table 4.4 below. It can be seen in the table that
the overall percentage of correctly classified cases is 75.6 per cent.
Table 4.4 Classification table for logistic regression model without independent
variables
Predicted
Hyper
Observed

No

Yes

No

136

0

100.0

Yes

44

0

.0

180

0

75.6

Percentage Correct

Then we included the independent variables in the analysis using stepwise selection
procedure. The variables that proved to be significant and included in the final model
appear in formula (4.1) below.
e Hypertension = -16.846 - 1.568 ( HBA1C ) + 0.017 ( MAU ) + 0.053 ( hdl ) + 1.688 ( smok ing ) ......(4.1)

Now, we check the model assumptions and the goodness of fit of the above model.
We start by computing the Hosmer and Lemeshow test of the goodness of fit of the
model. The value of Chi-square of the Hosmer and Lemeshow test statistic equals
2.05 with 8 degrees of freedom and the p- value equals 0.97 which is very much
greater than 0.05, This leads us to not reject the null hypothesis and therefore we
conclude that the model is appropriate to represent the relationship between the
dependant 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 will be seen provided in the multiple
regression output. Here the two values are 0.556 and 0.823, suggesting that between
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55.6 per cent and 82.3 per cent of the variability is explained by this set of variables.
Table (4.4) provides an indication of how well the model is able to predict the correct
category (hypertension / no hypertension) for each case. We can compare this with the
classification table shown in (Table 4.5), to show how much the improvement there is
when the predictor variables are included in the model. The model correctly classified
92.78 per cent of cases overall (sometimes referred to the percentage accuracy in
classification: PAC), an improvement over the 75.6 per cent in the null model.
Table 4.5 Classification Table for Logistic regression model
Predicted
Hyper
NO

YES

NO

132

4

97.1

YES

9

35

77.3

21.6

92.78

Observed

Overall Percentage

78.3

Percentage Correct

The results displayed in previous table can also be used to calculate the additional
statistics that often have been seen reported in the medical literature. The sensitivity
of the model is the percentage of the group that has the characteristic of interest (e.g.
hypertension) that has been accurately identified by the model (the true positives).
The variables in (table 4.5) give information about the contribution or of each of
predictor variable. These variables have significant coefficients in the model are the
variables that contribute significantly to the predictive ability of the model. In this
case we have four significant variables (HBA1C with p=.003, MAU with p=.012,
HDL with p=.040 and smoke with p=0.022). In this case the major factors influencing
whether a patient reports having a hypertension are: glycated hemoglobin,
microalbuminurea, high density lipoprotein, and smoker. Other variables including
sex, Body mass index, fast blood sugar, urea and total cholesterol did not contribute
significantly to the model. These values of Exp(B) in Table (4.6) are the odds ratios
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(OR) for each of the independent variables. The odds ratio is ‘the increase (or
decrease if the ratio is less than one) in odds of being in one outcome category when
the value of the predictor increases by one unit’. In this case, the odds of a patient
who have hypertension, is 4.79 times higher for a patient who suffer from glycated
hemoglobin than a patient who does not suffer from glycated hemoglobin, all other
factors being equal.
Table (4.6) Variables in the Equation
B
S.E.
Sig.
Exp(B)
HBA1C

1.568

.524

.003

4.798

MAU

.017

.007

.012

1.017

hdl

.053

.026

.040

1.055

Smoking(1)

1.688

.739

.022

5.407

Constant

-16.846-

4.375

.000

.000

4.3.2 Bootstrapping on the LR model:
For classification accuracy using a bootstrap technique, the R software was used to
generate 1000 random samples without replacement from the data as described in
section 3.2 and of the same size of the data and 11 variables were introduced to
estimate the LR model and obtain the classification table. The confusion matrix was
obtained to calculate sensitivity, specificity and accuracy of the model. Confusion
matrix is a matrix representation of the classification results. Table 4.7 shows
confusion matrix for LR model by bootstrapping .
Table (4.7)
Classification Table for logistic regression model using Bootstrapping
Predicted
Hyper
Observed

NO

YES

NO

138

4

142

YES

6

32

38

144

36

180

sum

54

Sum

In this table it is clear that the use of the model in predicting those who suffer from
hypertension increased to 84.2, while those who managed to predict do not have
hypertension increased to 97.18. The overall prediction rate of accuracy of the model
(correct classification) was estimated at 94.4%., which confirms the strength and
classification accuracy using the logistic model.

The misclassified rate is 5.6%

(10/180) .The sensitivity of the logistic regression is 84.2 which means that when we
conduct a diagnostic test on a patient with hypertension disease, there is 84.2% of
chance of correctly predicting the status of the patient. The specificity is 97.18 which
means that when we conduct a diagnostic test on a patient without hypertension
disease, there is 97.18% chance of correctly predicting the status of the patient. The
true positive for logistic regression evaluates how good the bootstrapping is at
detecting a positive hypertension is 84.2% , the false positive estimates how likely
patients without hypertension can be correctly ruled out is 2.8%. We summarize the
performance statistics including accuracy, sensitivity, and specificity for the LR
model also in table (4.8).
Table (4.8)
Sensitivity, Specificity Accuracy , Error rate , precision ,True and False Positive
Rate for the LR model using By bootstrapping
Sensitivity Specificity Accuracy precision
False
Error rate
True
Positive
Positive
Rate
Rate

LR

84.2

97.18

94.4%

88.8

0.028

0.055

4.3.3 The application of two-fold Cross- validation on the LR model:
For classification accuracy using a cross- validation with half of the observations
randomly omitted technique, 1000 random samples were generated without
replacement from the data, 11 variables were included to fit the LR model and the
classification of the other half of the observations were obtained and the classification
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table was constructed. The confusion matrix was obtained to calculate sensitivity,
specificity and accuracy of the model. Confusion matrix is a matrix representation of
the classification results. Table 4.9 shows confusion matrix for LR model using the
two- fold cross- validation .
Table (4.9) Classification Table for logistic regression model using crossvalidation with half of the observations
Predicted
Hyper
Observed

NO

YES

sum

NO

53

1

54

YES

4

17

21

sum

57

18

75

In this table it is clear that the use of the estimated accuracy of LR model in predicting
those who suffer from hypertension increased to 80.9, while it managed to predict
those who do not have hypertension is estimated to 98.14. The overall prediction rate
of accuracy of the model accuracy rate (correct classification) is estimated at 93.3%.,
which confirms the strength and classification accuracy using the logistic model. The
misclassified rate is 6.6% (5/75). The sensitivity of the logistic regression (LR) is
70.58 which means that when we conducted a diagnostic test on a patient with
hypertension disease, there is a 70.8% of chance of correctly predicting the status of
the patient. The specificity is 91.66 which means that when we conduct a diagnostic
test on a patient without hypertension disease, there is 91.66% chance of correctly
predicting the status of the patient. The true positive for logistic regression evaluates
how good the two-fold Cross- validation is at detecting a positive hypertension is
80.9%, the false positive estimates how likely patients without hypertension can be
correctly ruled out is 1.8%. We illustrate the performance statistics including
accuracy, sensitivity, and specificity the LR model also in table (4.10).
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Table (4.10)
Sensitivity, Specificity Accuracy , Error rate , precision ,True and False Positive
Rate for the LR model using two-fold
Sensitivity
Specificity Accuracy precision False
Error rate
(True Positive
Positive
Rate)
Rate
LR
80.95%
98.14%
93.33%
94.44%
0.018
0.066

The lower rate of accuracy sensitivity and specificity of the LR model using twofold cross- validation then those of the bootstrap because we are using only half of
the observations in the model fitting and other half of the sample (which has not been
included in the model fit ).
4.3. 4 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 3.3.3 . 11 variables were included to fit the LR model and the classification of
the other leave-one-out of the observations were obtained and the classification table
was construct. The confusion matrix was obtained to calculate sensitivity, specificity
and accuracy of the model. Table 4.11 shows confusion matrix for LR model using
the leave-one-out cross-validation.
Table (4.11)
Classification Table for logistic regression model using Cross- validation , leaveone-out
Predicted
Hyper
Observed

NO

YES

sum

NO
YES

586

29

615

39

181

220

sum

625

210

835

In this table it is clear that the use of the estimated accuracy of LR model in
predicting those who suffer from hypertension increased to 82.27, while those who
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manage to predict do not have hypertension increased to 95.3 while the successful
prediction of the model (correct classification) 91.85%, which confirms the strength
and classification accuracy using the LR model. And misclassified 0.081% (68/835).
The sensitivity of the LR model is 82.27% which means that when we conduct a
diagnostic test on a patient with hypertension disease, there is 82.27% of chance of
correctly predicting the status of the patient. The specificity is 95.28 which means
that when we conduct a diagnostic test on a patient without hypertension disease,
there is 95.28% chance of correctly predicting the status of the patient. The true
positive for logistic regression evaluates how good the leave-one-out cross-validation
is detecting a positive hypertension is 82.3%, the false positive estimates how likely
patients without hypertension can be correctly ruled out is 4.7%. We illustrate the
performance statistics including accuracy, sensitivity, and specificity the LR model
also in table (4.12).

LR

Table (4.12)
Sensitivity, Specificity Accuracy, precision and Error rate using Cross
Validation leave-one-out for LR model
Sensitivity Specificity
Accuracy precision
False
Error rate
(True
Positive
Positive
Rate
Rate)
82.27%
95.28%
91.85%
86.19%
0.047
0.081

4.3. 5 The accuracy of the LR model using ROC Curve
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. The successful prediction of the
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ROC curve accuracy rate is 92.77%, which confirms the strength and classification
accuracy using the logistic model, and the misclassification rate is 7.3% (13/180).
Precision is estimated at 96.9%. The sensitivity of the logistic regression (LR) is
72.72% which means that when we conducted a diagnostic test on a patient with
hypertension disease, there is 72.72% of chance of correctly predicting the status of
the patient. The specificity is 99.26 which means that when we conduct a diagnostic
test on a patient without hypertension disease, there is 99.26% chance of correctly
predicting the status of the patient. The true positive for logistic regression evaluates
how good the leave-one-out cross-validation is detecting a positive hypertension is
72.7%, the false positive estimates how likely patients without hypertension can be
correctly ruled out is 0.7%. We summarize performance statistics including accuracy,
sensitivity, and specificity for this model also in table (4.13).
Table (4.13)
Sensitivity, Specificity Accuracy , Error rate , precision and True and False
Positive Rate for Logistic Regression using ROC Curve
Sensitivity Specificity Accuracy Area under False
Error rate
(True
ROC curve Positive
Positive
Rate
Rate)
LR
72.72%
99.26%
92.77%
97.8
0.007
0.072

Figure 4.1 shows the ROC curve between 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 (100-specificity) for different cut-off points of a
parameter. Each point on the ROC curve represents a sensitivity/specificity pair
corresponding to a particular decision threshold. The area under the ROC curve
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measures of how well a parameter can distinguish between two diagnostic groups
(diseased/normal). 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 LR model for
our case is 97.8 which is very Strong.

Figure 4.1

0.6
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0.2

True positive rate

0.8

1.0

ROC curve between true positive rate and false positive rate for Logistic
Regression
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0.4

0.6

0.8
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False positive rate

4.4 Application of Decision Trees model to hypertension data:
4.4.1 Fitting decision trees model:
Decision trees are powerful classification algorithms. Popular decision tree algorithms
include classification and regression trees (CART). As the name implies, this
technique recursively separates observations in branches to construct a tree for the
purpose of improving the prediction accuracy. In doing so, they use mathematical
algorithms to identify a variable and or responding threshold for the variable that
splits the input observation into two or more subgroups. This step is repeated at each
leaf node until the complete tree is constructed. Decision trees are much less
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computationally intensive, relevant independent variables are selected automatically.
The purpose of our analysis by using decision tree method is to predict hypertension
and then explore the classification accuracy. A decision tree is a diagram of nodes and
connecting branches. Nodes indicate decision points, chance events, or branch
terminals. Branches correspond to each decision alternative or event outcome
emerging from a node. In this model we used the variables sex, age, BMI,MAU, FBS,
UR, HBA1C, T.CH, HDL and smoke. The overall percentagee of correctly classified
cases of the initial model is 75.6 per cent. However, the variables actually used in the
decision tree construction are MAU, BMI, T.CH, sex and age and the correct
classification rate of decision tree model is estimated at 92.2% ,and misclassification
rate is 7.7%. Table 4.13 shows confusion matrix for decision tree model and Figure
4.2 shows that there are 7 terminal nodes in decision tree model and shows the
variables that entered on the model. Start by root node. The root node represents the
first set of decision alternatives. we can see 7 terminal node, the first terminal is at
MAU>296.5 (hypertension), the second terminal is at bmi <38.4 (not hypertension),
the third terminal is node at bmi>38.4 (not hypertension) ,the four terminal node is at
T.CH < 169 (not hypertension),the five terminal node

is at T.CH > 169 (not

hypertension), the sixth terminal node is at age < 50.5 (hypertension) ,the seven
terminal node is at age > 50.5 (not hypertension).

Table (4.14)
Classification Table for decision tree model
TREE Predicted
Hyper
Observed

NO

YES

SUM

NO

135

7

142

YES

7

31

38

SUM

142

38

180
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Figure 4.2: The decision tree model for the hypertension patients’ data

MAU < 296.5
|
Not hyper

HBA1C < 6.75
Not hyper
bmi < 38.4
Not hyper
Not hyper Not hyper

hyper
V1 < 1.5
Not hyper
age < 50.5
hyper
Not hyper

T.CH < 169
Not hyper
Not hyper Not hyper

hyper

4.4.2 – Bootstrapping the decision tree:
For classification accuracy using a bootstrap technique, the R software was used to
generate 1000 random samples without replacement from the data and of the same
size of the data and 11 variables were introduced to estimate the decision tree model
and obtain the classification table. The confusion matrix was obtained to calculate
sensitivity, specificity and accuracy of the model. Table 4.15 shows confusion matrix
for tree model by bootstrapping .
Table (4.15)
Classification Table for decision tree model using bootstrapping
TREE Predicted
Hyper
Observed

NO

YES

NO

37

4

41

YES

8

15

23

SUM

45

19

64

62

SUM

The overall prediction rate of accuracy of the model (correct classification) is
estimated at 81.25%., which confirms the strength and classification accuracy using
the decision tree. The misclassified rate is 18.7% (12/64) .The sensitivity of the
decision tree is 65.21 which means that when we conducted a diagnostic test on a
patient with hypertension disease, there is 65.21% of chance of correctly predicting
the status of the patient. The specificity is 90.24 which means that when we conducted
a diagnostic test on a patient without hypertension disease, there is 90.24% chance of
correctly predicting the status of the patient. The true positive for tree model evaluates
how good the bootstrapping is at detecting a positive hypertension is 65.2%, the false
positive estimates how likely patients without hypertension can be correctly ruled out
is 9.7%. We summarize the performance statistics including accuracy, sensitivity, and
specificity for the tree model also in table (4.16).

Table (4.16)
Sensitivity, Specificity Accuracy , Error rate , precision ,True and False Positive
Rate for the decision tree model using bootstrapping
Sensitivity Specificity Accuracy precision
False
Error rate
(True
Positive
Positive
Rate
Rate)
Tree
65.21
90.24
81.25%
78.94
0.097
0.187
4.4.3 - The application of two-fold cross- validation on the decision tree model
For classification accuracy using a Cross- validation with half of the observations
randomly omitted technique, 1000 random samples were generated without
replacement from the data, 11 variables were introduced to fit the decision tree model
and the classification of the other half of the observations were obtained and the
classification table was constructed. Table 4.17 shows confusion matrix for decision
tree model using the two- fold cross- validation.
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Table (4.17)
Classification Table for decision tree model using two-fold Cross- validation
TREE Predicted
Hyper
Observed

NO

YES

NO
YES

69

5

74

2

14

16

sum

71

19

90

sum

In this table it is clear that the use of the estimated accuracy of tree model in
predicting those who suffer from hypertension increased by 87.5, while it manage to
predict those who do not have hypertension is estimated to 93.24. The overall
prediction rate of accuracy of the model accuracy rate (correct classification) is
estimated at 92.22%., which confirms the strength and classification accuracy using
the tree model. The misclassified rate is 7.7% (7/90). The sensitivity of the decision
tree is 87.5 which means that when we conduct a diagnostic test on a patient with
hypertension disease, there is 87.5% of chance. The specificity is 93.24 which means
that when we conducted a diagnostic test on a patient without hypertension disease,
there is 93.24% chance of correctly predicting the status of the patient. The true
positive for tree evaluates how good the two-fold Cross- validation is at detecting a
positive hypertension is 87%, the false positive estimates how likely patients without
hypertension can be correctly ruled out is 6.7%. We illustrate the performance
statistics including accuracy, sensitivity, and specificity the tree model also in table
(4.18).
Table (4.18)
Sensitivity, Specificity Accuracy, precision and Error rate using two-fold Crossvalidation for decision tree model
Sensitivity
Specificity Accuracy precision
False
Error
(True Positive
Positive
rate
Rate)
Rate
Tree
87.5
93.24
92.22
73.68
0.067
0.077
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The lower rate of accuracy sensitivity and specificity of the decision tree model using
two- fold cross- validation then those of the bootstrap because we are using only half
of the observations in the model fitting and other half of the sample (which has not
been included in the model fit ).
4.4.4 - The application of leave-one-out cross-validation on decision tree model
For classification accuracy using leave-one-out cross-validation technique, 1000
random samples were generated without replacement from the data, 11 variables were
included to fit the decision tree model and the classification of the other leave-one-out
of the observations were obtained and the classification table was construct. Table
4.18 shows confusion matrix for tree using the leave-one-out cross-validation. In this
table it is clear that the usage of the estimated accuracy of tree model in predicting
those who suffer from hypertension increased to 63.6, while those who managed to
predict do not have hypertension increased to 90.89 while the successful prediction of
the model (correct classification) 83.1%, which confirms the strength and
classification accuracy using the decision tree. And misclassified 16.9% (169/1000).
The true positive for decision tree evaluates how good the leave-one-out crossvalidation is at detecting a positive hypertension is 63.6%, the false positive estimates
how likely patients without hypertension can be correctly ruled out is 9.1%. We
illustrate the performance statistics including accuracy, sensitivity, and specificity the
tree model also in table (4.20).
Table (4.19)
Classification Table for decision tree model using Cross- validation leave-one-out
Predicted
Hyper
Observed

NO

YES

NO
YES

649

65

714

104

182

286

sum

753

247

1000

65

sum

Table (4.20)
Sensitivity, Specificity Accuracy, precision and Error rate using Cross
Validation leave-one-out for decision tree model
Sensitivity Specificity Accuracy precision
False
Error rate
(True
Positive
Positive
Rate
Rate)
Tree
63.63
90.89
83.1%
73.68
0.091
0.169
4.4.5 - The accuracy of the decision tree model using ROC Curve
ROC curve accuracy rate is 92.2%, which confirms the strength and classification
accuracy using the decision tree model and the misclassification rate is 0.077%
(14/180) instance of our data consisting of 7(NO) classification and 7 (Yes). The
sensitivity of the tree is 81.57% which means that when we conducted a diagnostic
test on a patient with hypertension disease, there is 81.57% of chance. The specificity
is 95.1 which means that when we conducted a diagnostic test on a patient without
hypertension disease, there is 95.1% chance of correctly predicting the status of the
patient. The true positive for decision tree evaluates how good the ROC curve is at
detecting a positive hypertension is 81%, the false positive estimates how likely
patients without hypertension can be correctly ruled out is 4.9%. We summarize
performance statistics including accuracy, sensitivity, and specificity for this model
also in table (4.21).
Table (4.21) Sensitivity, Specificity Accuracy, precision and Error rate for the
tree model using ROC curve
Sensitivity Specificity Accuracy Area under False
Error rate
(True
ROC curve Positive
Positive
Rate
Rate)
Tree
81.57
95.07
92.22
88.39
0.049
0.077
Figure 4.3 shows ROC curve between True Positive Rate and False Positive Rate

The area under the ROC curve (AUC) is a measure of how well a parameter can
distinguish between two diagnostic groups (diseased/normal). Therefore the closer the
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ROC curve is to the upper left corner, the higher the overall accuracy of the test. The
area under the ROC curve in tree model is 88.39.
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True positive rate
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(Figure 4.3) ROC curve for true positive rate and false positive rate for the
decision tree
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4.5 - Application of Artificial Neural Networks to hypertension
4.5.1 – Fitting the Artificial Neural Network model :
For fitting Artificial Neural Network (ANN) for classification, a three-layer
multilayer perception (MLP) structure with input, hidden and output layers is
employed as the classifier for the transformer fault classification. The primary task of
neurons in input layer is the division of input signal

X i among neurons in hidden

layer. Every neuron j in hidden layer adds up its input signals
them with the strength of the respective connections W

ji

X i once it weights

from the input layer and

determines its output y i as a function f of the sum, given as

Y J = f (åW ji X i )...............................................................(4.1)
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At this instant it is possible for

f

to be a simple threshold function such as a

sigmoid, or a hyperbolic tangent function. The output of neurons in the output layer is
determined in an identical fashion. The back-propagation algorithm can be employed
effectively to train neural networks; it is widely recognized for applications to layered
feed-forward networks, or multi-layer perceptions. In ANN model we included the
variables sex, age, BMI,MAU, FBS, UR, HBA1C, T.CH, HDL and smoke. The
number for ANN classification, a three-layer structure with 10 input layers, 2 hidden
layers and 1 output layer . The accuracy of ANN model is estimated at 92.2% ,and
misclassification rate is 7.7%.
Table (4.22) classification Table for ANN model
ANN Predicted
Hyper
Observed

NO

YES

NO
YES

136

0

136

14

30

44

SUM

170

30

180

SUM

4.5.2 bootstrapping on ANN model:
For classification accuracy using a bootstrap technique, the R software was used to
generate 1000 random samples without replacement from the data and of the same
size of the data , 11variables were included to the ANN model to and obtain the
classification table. The confusion matrix was obtained to calculate sensitivity,
specificity and accuracy of the model. Table 4.23 shows confusion matrix for ANN
model by bootstrapping. In this table it is clear that the use of the model in predicting
those who suffer from hypertension increased to 76.92, while those who managed to
predict do not have hypertension increased to 87.8. The overall prediction accuracy of
the model accuracy rate (correct classification) is estimated at 85.2%., which confirms
the strength and classification accuracy using the ANN. The misclassified rate is
14.8% (8.54) .The sensitivity of the ANN is 76.9 it means: when we conducted a
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diagnostic test on a patient with hypertension disease, there is 76.9% of chance of
correctly predicting the status of the patient . The specificity is 87.8 which means that
when we conducted a diagnostic test on a patient without hypertension disease, there
is 87.8% chance of correctly predicting the status of the patient. The true positive for
ANN evaluates how good the bootstrapping is at detecting a positive hypertension is
76.9%, the false positive estimates how likely patients without hypertension can be
correctly ruled out is 12.2%. We summarize the performance statistics including
accuracy, sensitivity, and specificity for the ANN model also in table (4.24).
Table (4.23)
Classification Table for ANN model using bootstrapping
ANN Predicted
Hyper
bserved

NO

YES

NO
YES

36

5

41

3

10

13

SUM

39

15

54

SUM

Table (4.24)
Sensitivity, Specificity Accuracy, precision and Error rate using bootstrapping
for the ANN model
Sensitivity (True Specificity Accuracy precision False Positive Error
Positive Rate)
Rate
rate
ANN 76.92
87.80
85.18%
66.66
0.122
0.148

4.5.3 The application of two-fold Cross- validation on the ANN model:
Table 4.25 shows confusion matrix for ANN model using the two- fold crossvalidation . In this table it is clear that the use of the estimated accuracy of ANN
model in predicting those who suffer from hypertension increased to 47.61, while it
managed to predict those who do not have hypertension is estimated to 98.18.
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Table (4.25)
Classification Table for ANN model using two-fold cross- validation
ANN Predicted
Hyper
Observed

NO

YES

NO
YES

54

1

55

11

10

21

SUM

55

11

76

SUM

The overall prediction accuracy of the model (correct classification) is estimated at
84.21%., which confirms the strength and classification accuracy using the logistic
model. The misclassified rate is 15.7% (12/76). The sensitivity of the ANN is 47.61 it
means: when we conducted a diagnostic test on a patient with hypertension disease,
there is 47.6% of chance. The specificity is 98.18 it means: when we conducted a
diagnostic test on a patient without hypertension disease, there is 98.18% chance. The
true positive for ANN evaluates how good the two-fold Cross- validation is at
detecting a positive hypertension is 47%, the false positive estimates how likely
patients without hypertension can be correctly ruled out is 1.8%. We illustrate the
performance statistics including accuracy, sensitivity, and specificity the ANN model
also in table (4.26).
Table (4.26)
Sensitivity, Specificity Accuracy , precision and Error rate using two-fold crossvalidation
Sensitivity Specificity Accuracy precision
False
Error rate
(True
Positive
Positive
Rate
Rate)
ANN 47.61
98.18
84.21%
90.90
0.018
0.157
4.5.4 – 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 , 11 variables were included to fit
the ANN model and get the classification of leave-one-out of the observations were
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obtained and the classification table was construct. The confusion matrix was
obtained to calculate sensitivity, specificity and accuracy of the model, Confusion
matrix is a matrix representation of the classification results. Table 4.27 shows
confusion matrix for ANN model using the leave-one-out cross-validation.
Table (4.27)
Classification Table for ANN model using leave-one-out cross-validation
Predicted
Hyper
Observed

NO

YES

sum

NO
YES

731

44

775

8

217

225

sum

739

261

1000

In this table it is clear that the use of the estimated accuracy of ANN model in
predicting those who suffer from hypertension increased to 96.4, while those who
managed to predict do not have hypertension increased to 94.3 while the successful
prediction of the model (correct classification) 94.8%, which confirms the strength
and classification accuracy using the decision tree. And misclassified 5.2% (52/1000).
The true positive for decision tree evaluates how good the leave-one-out crossvalidation is at detecting a positive hypertension is 0.964, the false positive estimates
how likely patients without hypertension can be correctly ruled out is 5.6%. We
illustrate the performance statistics including accuracy, sensitivity, and specificity the
tree model also in table (4.28).
Table (4.28)
Sensitivity, Specificity Accuracy , precision and error rate for the ANN model
using leave-one-out cross-validation
Sensitivity Specificity Accuracy precision
False
Error rate
(True
Positive
Positive
Rate
Rate)
ANN 96.44%
94.32%
94.8%
83.14%
0.056
0.052
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4.5.5 - The accuracy of the ANN model using ROC Curve
The successful prediction of the ROC curve accuracy rate is 92.2%, which confirms
the strength and classification accuracy using the ANN. and misclassified 7.7% .The
sensitivity of the tree is 68.18% it means: when we conducted a diagnostic test on a
patient with hypertension disease, there is 68.18% of chance. The specificity is 95.1 it
means: when we conducted a diagnostic test on a patient without hypertension
disease, there is 100% chance. The true positive for ANN evaluates how good the
ROC curve is at detecting a positive hypertension is 68.2%, the false positive
estimates how likely patients without hypertension can be correctly ruled out is 0.0.
We summarize performance statistics including accuracy, sensitivity, and specificity
for this model also in table (4.29).
Table (4.29)
Sensitivity, Specificity Accuracy, precision and error rate for ANN model using
ROC curve
Sensitivity Specificity Accuracy Area under False
Error rate
(True
ROC curve Positive
Positive
Rate
Rate)
ANN 68.18
100.0
92.22
95.17
0.00
0.077

Figure 4.4 shows ROC curve between (True Positive Rate and False Positive Rate)

The area under the ROC curve in ANN model is 95.17.
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(Figure 4.4)
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0.8
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ROC curve between true positive rate and false positive rate for ANN model

0.0

0.2

0.4

0.6

0.8
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4.6– Comparison between Logistic regression, decision tree and ANN results:
Comparison between the results obtained from applying the three fitted models,
logistic regression , decision tree and ANN model to the hypertension data has been
made through looking at the results and figures that we discussed in detail in the
previous sections.
4.6.1 Comparison using Bootstrap Method
The error rates for logistic regression, decision tree and artificial neural networks are
0.055, 0.187 and 0.148 are respectively. One method of judging the performance of a
classifier is to compare the accuracy of all classifications. The accuracy for logistic
regression , decision tree and artificial neural networks are 94.4%, 81.25% and
85.18% respectively. The precision for logistic regression, decision Tree, artificial
neural networks are 88.8%, 78.94%% and 66.66% respectively. Sensitivity is
equivalent to the true positive rate, and is calculated as the number of true positive
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classifications divided by all positive classifications, the sensitivity for logistic
regression, decision tree and artificial neural networks are 84.2, 65.21, and 76.9
respectively. Another common metric in biomedical literature is the specificity of a
classification model. It is also known as the correct rejection rate and is defined as the
number of true negative classifications divided by all negative classifications. The
specificity for logistic regression, decision Tree and Artificial neural networks are
97.18%, 90.24% and 87.8 respectively.
We can conclude from the above discussion that the results of LR model are much
better than the ANN and decision tree model results and more efficient for the
hypertension data in Palestine. Table 4.30 shows sensitivity, specificity, accuracy,
precision and error rate for different classification techniques of hypertension data.
Table (4.30)
Sensitivity, Specificity Accuracy , Error rate, True and False Positive Rate
Bootstrap methods
Sensitivity Specificity Accuracy
precision
False
Error
(True
Positive
rate
Positive
Rate
Rate)
LR
84.2%
97.18%
94.4%
88.8%
0.028
0.055
Tree
65.21%
90.24%
81.25%
78.94%
0.097
0.187
ANN
76.92%
87.80%
85.18%
66.66%
0.122
0.148
4.6.2 Comparison with two - fold cross- validation
The error rates for logistic regression , decision tree and artificial neural networks are
0.066, 0.077 and 0.157 are respectively. The accuracy for logistic regression, decision
tree and artificial neural networks are 93.3%, 92.2% and 84.2% respectively. The
precision for logistic regression, decision tree and artificial neural networks are
94.4%, 73.68% and 90.9% respectively. The sensitivity for logistic regression ,
decision tree and artificial neural networks are 80.9%, 87.5% and 47.6% respectively.
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The specificity for logistic regression , decision tree and artificial neural networks are
98.1%, 93.2% and 98.18% respectively.
We can conclude from the above discussion that the results of LR model are much
better than the LR and

decision tree model results and more efficient for the

hypertension data in Palestine. Table 4.31 shows sensitivity, specificity, accuracy,
precision and error rate for different classification techniques of the hypertension data.
Table (4.31)
Sensitivity, Specificity Accuracy , Error rate , precision ,True and False Positive
Rate Cross Validation methods
Sensitivity
Specificity
Accuracy
precision False
Error
(True Positive
Positive
rate
Rate)
Rate
LR
80.9%
98.14%
93.33%
94.44%
0.018
0.066
Tree
87.5%
93.24%
92.22%
73.68%
0.067
0.077
ANN
47.61%
98.18%
84.21%
90.90%
0.018
0.157
4.6.3 Comparison with leave-one-out cross-validation
The error rate for logistic regression, decision tree and artificial neural networks
(ANNs) are 0.081, 0.169 and 0.052 are respectively. The accuracy for logistic
regression , decision Tree, artificial neural networks are 91.9%, 83.1% and 94.8% are
respectively. The precision for logistic regression , decision tree, Artificial Neural
Networks are 86.19%, 73.68% and 83.14% respectively. The sensitivity for logistic
regression , decision tree, artificial neural networks are 82.27%, 63.63% and 96.44%
respectively. The specificity for logistic regression , decision tree, artificial neural
networks are 95.28%, 90.89% and 94.32% respectively.
We can conclude from the above discussion that the results of ANN model are much
better than the LR model and decision tree model results and more efficient for the
hypertension data in Palestine. Table 4.32 shows sensitivity, specificity, accuracy,
precision and error rate for different classification techniques of the hypertension data.
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Table (4.32)
Sensitivity, Specificity Accuracy , Error rate , precision ,True and False Positive
Rate leave-one-out Cross Validation methods
Sensitivity
Specificity Accuracy precision
False
Error
(True Positive
Positive
rate
Rate)
Rate
LR
82.27%
95.28%
91.9%
86.19
0.047
0.081
Tree
63.63%
90.89%
83.1%
73.68
0.091
0.169
ANN
96.44%
94.32%
94.8%
83.14
0.056
0.052
4.6.4- Comparison with ROC Curve
The accuracy for logistic regression, decision tree and Artificial Neural Networks are
92.77%, 92.2% and 92.2% respectively. The area under ROC curve for logistic
regression , decision tree and artificial neural networks are 97.8%, 88.39% and
95.17% respectively. The error rate for logistic regression , decision tree and artificial
neural networks are 0.072, 0.077 and 0.077 respectively. We can conclude from the
ROC curve accuracy and error rate the LR are better than the ANN and logistic
reassign results and more efficient for the hypertension data in Palestine.
Table (4.33)
Sensitivity, Specificity Accuracy , Error rate , precision ,True and False Positive
Rate using ROC curve
Sensitivity
Specificity Accuracy Area under
False
Error rate
(True Positive
ROC curve
Positive
Rate)
Rate
LR
72.72
99.26
92.77%
97.8
0.007
0.072
Tree
81.57
95.07
92.22
88.39
0.049
0.077
ANN
68.18
100.0
92.22
95.17
0.00
0.077
By comparison between the three line in ROC curve figure we conclude the LR model
is the best model.
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(Figure 4.5)
ROC curve (False Positive Rate , True Positive Rate)
ROC Curve Comparison between Logistic , Decision Tree and ANN

4.5 – Summary
There are different data mining techniques that can be used for the classification of
hypertension disease among Palestinian patients. In this study three classification
techniques to predict hypertension disease in patients are compared: logistic
regression, decision trees 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 four model assessment techniques the bootstrap, two
fold-cross-validation, leave-one-out cross-validation and ROC curves. Our study
showed that LR model turned out to be the best classifier for hypertension disease
prediction, The accuracy and error rate

for logistic regression are 94.4 ,0.055

respectively by using the bootstrapping method , the accuracy and error rate for
logistic regression are 93.3 ,0.066 respectively by using the two - fold crossvalidation methods and the accuracy and error rate for logistic regression are 92.77
,0.077 respectively by using the ROC curve. But the ANN has been the best methods
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by using the one leave cross validation the accuracy and error are 94.4 ,0.055
respectively.
These findings are consistent with the results of other studies on different types of
data. conducted by many authors including Kurt, et.al. (2008), Arana, et.al (1999),
Yarmohammadi (2004), Razi, et.al, ( 2005). Nevertheless, in instances where there
are complex or non-linear influences on species distribution, ANN may well turn out
to be advantageous, but clear illustrations are required See Manel , et.al, 1999).
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Chapter 5
Conclusion And Recommendations
5.1 Conclusion:
There are many different data mining techniques that can be used for classification of
the hypertension disease among Palestinian patients. In this study, three classification
techniques to predict hypertension disease in patients were applied and compared:
logistic regression, decision tree and artificial neural networks. These techniques are
compared on basis of sensitivity, specificity, accuracy, error rate, true positive rate
and false positive rate. We assessed the accuracy of each model using three methods
of model assessment; namely, bootstrap, cross- validation and ROC curve.
From all the discussion in this study the following conclusions can be drawn: The
results of logistic regression model are much better than ANN and decision tree
models’ results and more efficient for data sets for the classification of hypertension
disease cases in Palestine. This result has been drawn from the bootstrapping , ROC
Curve and cross- validation procedures. The variables that proved to have significant
effects on the response variable and included in the final model together with the
estimates of the model parameters are shown in formula below.

e Hypertension = -16.846 -1.568 ( HBA1C) + 0.017 ( MAU ) + 0.053( hdl) + 1.688 ( smoking ) .
Nevertheless, in instances where there are complex or non-linear influences on cases
distribution, ANN may well turn out to be advantageous, but clear illustrations are
required. The results of ANN model are much better than logistic regression and
decision tree models results and more efficient for small data sets. This result has
been drawn from the leave- One out cross-validation procedure. The number for ANN
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classification, a three-layer structure with 10 input layers, 2 hidden layers and 1
output layer . The accuracy of ANN model is estimated at 92.2%, and
misclassification rate is 7.7%.

5.2 Recommendations:
We recommend that the health and medical practitioners, should use the logistic
regression models for the classification of hypertension disease cases in Palestine,
because of their efficiency in prediction and their low error rates and hedge against
potential risks in medical matters.
We recommend that Statisticians should further develop and adopt ANN approach as
a method of statistical classification and prediction.

5.3 Further work:
For future work, we suggest conducting a comparison between artificial neural
networks and other methods of prediction, such as the discriminatory models and their
applications in genetics research and other types of medical data.
We also recommend that statisticians should conduct further research on neural
networks.
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