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ABSTRACT

Diabetes is an essential community health problem which is approaching epidemic
proportions globally. The prevalence of chronic, non-infectious disease is increasing at
alarming rates worldwide. Every year 18 million people die from cardiovascular illness,
for which diabetes mellitus and hypertension are the main predisposing elements. High
or low blood sugar can result in numerous health complications. Many patients with
type 2 diabetes meet with their health care provider every three four months; blood
sugar levels and insulin dosing are evaluated at these visits, assisting the patients in
diabetes management. Our aim is to create a tool that could be used to adjust medication
dosage. A Medication dosage algorithm was developed using data mining techniques.
Input parameters consisted of age, gender, alanine aminotransferase, aspartate
transaminase, glycosylated hemoglobin (HbAlc), HDL cholesterol, creatinine, LDL
cholesterol, microalbuminuria, triglyceride and urea. The dosage of the drug Metformin
was adjusted according to the results of the algorithm.
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Diyabet, kiiresel salgin boyutlarina ulasan 6nemli bir halk sagligi sorunudur.
Kronik hastaliklarin yayginligi, endigse verici bir oranda artmaktadir. Diyabet ve
hipertansiyon kalp ve damar hastaliklarinin olugsmasina neden olmaktadir. Her yil kalp
ve damar hastaliklarindan 18 milyon insan hayatini yitimektedir. Kanmnizda seker
miktarin az veya ¢ok olmasi, saglik problemleri yasamaniza sebep olabilir. Bundan
dolay1 seker hastalar1 her {i¢ ayda bir saglik kurulusuna gitmelidir. Kan sekerinin belli
bir diizeyde tutmak i¢in ila¢g ve insulin dozlar1 bu ziyaret sirasinda tekrar gdzden
gecirilir ve uygun bir sekilde ayarlanir. Bizim amacimiz doktorlara ila¢ dozu ayarlarken
onlara yardimci olabilecek bir arag olusturmak. Girdi parametreleri sunlardir : Cinsiyet ,
yas, alanin aminotransferaz, HDL kolesterol, kreatinin, LDL kolesterol,
mikroalbuminiiri, trigliserid ve iire. Bu calismada metformin isimli ilag¢ i¢in doz
ayarlayamayi planladik.

Anahtar Kelimeler: Seker Hastaligi, ilag doz ayarlamasi, veri madenciligi, siniflama
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CHAPTER 1

INTRODUCTION

1.1 BACKGROUND

Diabetes is a significant public health challenge that has reached epidemic
proportions in recent years (Syed Amin Tabish, 2007). The overall prevalence on
non-communicable disease has increased at a tremendous rate and as many as 18
million people succumb to cardiovascular disease each year; diabetes and
hypertension are major risk factors for morbidity and mortality associated with heart
disease. Current estimates suggest that as many as 312 million adults are obese while
1.7 billion are significantly overweight throughout the world. Furthermore, 155
million children may be overweight or obese. These statistics suggest that a
worldwide diabetes epidemic is already underway. The International Diabetes
Federation estimates that the relative prevalence of the disease was 8% in 2007 and
will reach 7.3% by 2025 (Syed Amin Tabish, 2007). A total of 246 million people
are affected by diabetes (46% of whom are between 40 and 59 years of age) and as

many as 380 million may have active diabetes by 2025.

There are widespread concerns regarding this increase in type 2 diabetes. Many
of people with diabetes in developed countries are above the retirement age. In those
countries, many people are diagnosed with diabetes during middle age, between 30
and 65 years, which is the most productive phase of life.

According to estimation of International Diabetes Federation, every year 7
million human beings suffer from diabetes. Incidence of type 2 diabetes mellitus has
increased dramatically. Lifestyle changes have been demonstrated to produce

significant  improvements in overall health among diabets patients.



Many patients with type 2 diabetes meet with health care providers every 3-4
months to evaluate medication usage, blood sugar, and insulin dosing. The primary
treatment for type 2 diabetes is weight reduction. Physicians prescribe dietary
restriction and exercise to patients with type 2 diabetes. When theses measure are
unsuccessful for controlling high blood sugar, oral medication are used. Before
adjusting oral medication, the physician examines some biochemical characteristics
of diabetic patient such as blood and urine tests. As a result of these tests physicians
give appropriate drugs and adjust dosages. Blood and urine analysis by experts is
very time consuming and there is a shortage of experts possessing knowledge on the
analysis of diabetic data. Methods to automate the interpretation of diabetic data by
minimizing human efforts are critical for adjusting medication dosages. Data mining
can be a solution to this problem by producing rules from those enormous datasets
which can be used in analyzing diabetic data. Data mining is the practice of applying
computation science to large data sets and extracting statistical inferences. Data
mining has become a significant component of health care delivery and evaluation.
Data mining includes classification, clustering, prediction and association of
independent datasets. It also spans other disciplines like Data Warehousing, Statistics,
Machine Learning and Artificial Intelligence (Farmer, 2007).

Data mining is estimated to be one of the most revolutionary developments of
the century, according to the online technology magazine ZDNET New (Hornikova,
Durakbasa & Giiclii, 2011). Actually, The Technology Review Ten, (2001) chose
data mining as one of 10 emerging technologies that will change the world. The
examination of information from customers, partners, and suppliers has become

important to many companies (Asadullaev, 2010).

Data mining can be useful in healthcare. Healthcare organizations that
effectively implement data mining are able to better meet long term needs (Benko and
Wilson 2003). Data can be a tremendous asset for healthcare organizations; however
datasets must be adapted for digital manipulation (Hemalatha & Megala, 2011).

To estimate the result of a specific dosage of a medication is one of the most
interesting applications of data mining. A recently developed resource, the
Knowledge Discovery in Databases (KDD), is a widely used web application that

enables the medical investigator to determine medication dosage based on a large



number of historical cases stored in a digital archive. A number of different
classification methods can be used to evaluate this type of data, including Support

Vector Machine, Neural Networks, and Decision Trees.

1.2 STATEMENT OF THE PROBLEM

The International Diabetes Federation (IDF) reports that diabetes mellitus
affects 370 million individuals worldwide, among whom are 186 million individuals
who are unaware of their illness. These statistics represent an increase over the 366
million estimated cases in 2011. Up to 4.8 million people will die as a result of the
complications of diabetes each year, with patients under the age of 60 accounting for
50% of deaths (Sicree, Shaw & Zimmet, 2011)

Diabetes has been traditionally characterized as a disease of affluent countries.
However, 60% of diabetes patients reside in low and middle income communities.
Approximately 3.6 billion adults reside in high-risk low- and middle- income
communities as of 2011. By comparison, 75 million cases of adult diabetes originate

from high-income countries (IDF, 2011).

Type 2 diabetes accounts for 85% of diabetes cases worldwide. Many patients
with type 2 diabetes meet with health care providers every 3-4 months to evaluate

medication usage, blood sugar, and insulin dosing.

Our aim is to create a tool that could be used in adjusting dosage of medication.
Medication dosage is adjusted using data mining techniques.

1.3 OBJECTIVES

1.3.1 General

The general objective of this study is to adjust dosage of medications by
applying data mining techniques. To applying data mining technique, patient records
need to be provided. Datasets were created by using patient records in Fatih

University School of Medicine.



1.3.2 Specific

e To identify key features from datasets.

e To identify and select attributes that are more relevant in relation to
diabetes

e To compare with Decision tree and Neural network classifiers in
predicting dosage

e To interpret and examine the results of the selected model with the help

of domain expert.

1.4 RESEARCH METHODOLOGY

In this study, the aim is to develop an estimation model that can predict the dosage
of certain drugs based on the given datasets. The overall approach involved the use of
the Knowledge Discovery in Database (KDD) methodology, the aim of which is to
extract specific knowledge from data in the context of large databases.

1.4.1 To Understand the Application Domain

To define the problem and specify medical goals, I have worked closely with Dr.
Erol, who is an internist at Fatih University School of Medicine. The discussions with
this specialist have helped me clarify specific challenges and become familiar with the
current solutions to those problems. Afterwards, a literature review was performed and
relevant data mining techniques have been reviewed. A key sub goal in this technique is
to determine the data mining success criteria. Our aim is to translate medical goals into

data mining goals.

1.4.1.1 Selecting and Creating the Target Dataset

We used data which were collected by Fatih University School of Medicine and
include patients with type 2 diabetes. There were 63 patient records in the dataset. To
identify the most important features while creating the training data, | took advice from
the medical expert. My medical mentor selected the most important eleven features as

inclusion criteria in this dataset, which is called the “training data”.



1.4.1.2 Preprocessing and Cleansing

Data cleaning is the step where noise and irrelevant data are removed from the
large data set (Garhwal, 2014). The results of the study are ultimately dependent upon
the quality of the data input. In a given dataset, there can be duplicate records,
unnecessary fields, and missing values. To increase the quality of the selected data,
these problems must be addressed. In our dataset, we have some missing values and
duplicate records. Missing values were replaced with the most probable value as
determined by regression. To solve duplicate records in dataset, all records were

reviewed and duplicate records were manually eliminated.

1.4.1.3 Data Transformation

The goal of data transformation is to reduce the number of effective variables to
include only the most useful attributes which can address the specific goals of the task.
Data is converted to the most appropriate format for data mining applications. In that
case, after taking advice from the medical expert, a few transformations were required
to make the data more suitable for data mining algorithms. In this study, we used two

transformation methods which are called discretization and attribute selection.

To reduce the number of attributes in a dataset, attribute selection was applied.
Attribute selection was needed to decrease the number of features as a classification
algorithm to be examined and reduce errors resulting from inconsequential attributes.
We have used the ranker search method to select the most appropriate attributes from 11
features that were available in the dataset.

Discretization was applied for converting continuous values variables to discrete
values. This data transformation method was applied to reduce the number of distinct
values of continuous variables by allowing a limited number of labels to demonstrate

the original variables.

1.4.1.4 Selecting Suitable Data Mining Task

In this part, our aim is to determine what type of data mining modeling should be
used. Choosing a suitable model based on the purpose of the study, and we aimed to
adjust drug dosages using data mining techniques. There are different types of



algorithms for creating these models, such as Neural Network, Decision Tree, Support
Vector Machine, and Bayesian Classification. To select the best model, we looked the

performance of each algorithm.

1.4.1.5 Employing Data Mining Algorithm

Classification algorithm experiments were planned and conducted on a full
training dataset including 63 instances. In all of the experiments two scenarios were
considered, one containing all 11 attributes and the other containing only 8 selected
attributes. A method of 10-fold cross validation was adopted for conducting random

sampling of the training and test data sets.

1.4.1.6 Evaluation

In this step, models that are created will be evaluated according to their
performance. The performance of individual models was evaluated using a series of
algorithms including classification accuracy, ROC curve analysis, and a confusion

matrix.

1.4.2 Tools

We need to use data mining algorithms for adjusting the drug dosage. Weka
workbench, a collection of machine learning algorithms for data mining tasks, was used
to determine drug dosage from the available datasets. In addition to that, there are some
other reasons to why Weka was used. Weka is an open source application, which means
that it is completely free to use and more significantly it is maintainable and alterable
and contains code that is not dependent upon the commitment or longevity of any
particular institution or company. Weka is run entirely in Java and can therefore be

used on almost any hardware platform.

1.4.2.1 Weka Machine Learning Software

Weka (Waikato Environment for Knowledge Analysis, University of Waikato,
New Zealand) is a widely used machine learning application and a collection of state-

of-the art machine learning algorithms and data preprocessing tools for use in Java.



Weka is provided free of cost to the public under the GNU General Public License
(Wikipedia, 2014).

Weka includes virtually all the popular data processing algorithms and is designed
to allow the user to rapidly evaluate existing methodology on novel datasets in an
interchangeable manner. The software provides extensive support throughout the
experimental data mining process, including preparation of the input data, statistical
evaluation of the learning schemes, and visualization of the input data. Weka includes
both a wide range of learning algorithms and preprocessing tools in a diverse and
comprehensive toolkit accessible through a common interface, allowing users to
compare various methods and identify those that are most applicable to the given task
(Chimieski & Faguned, 2013)

1.5 SIGNIFICANCE OF THE STUDY

The outcome of our study will reduce the number of medical errors by informing

physicians in their determination of dosages of certain medications.

1.6  ORGANIZATION OF THE THESIS

The present thesis is divided into 6 sections. Chapter 1 provides an introductory
explanation of the study design and goals. It also explains the objectives of the study,
the research methodology, significance and scope of the study. Chapter 2 summarizes
the relevant literature on data mining. Chapter 3 describes different algorithms and
performance measures that are used during model and performance evaluation. Chapter
4 is concerned with understanding the implementation domain and the dataset selected
for the study. Additionally, medical aims, data mining aims and dataset descriptions are
offered in this section. Chapter 5 describes how the data is set up for a data mining task
and the conversions that are executed on the data are presented. Chapter 6 deals with the
empirical component of the study. In this chapter, empirical parts that are executed on
the preprocessed data are discussed with their corresponding interpretations. Beside the
point, the performance of each model created using different algorithms is presented.
Chapter 7 of this thesis includes a summary of our study. The final Chapter sums up the

methods that will be used, shows the test results and draws a general conclusion.



CHAPTER 2

2.1 OVERVIEW OF DATA MINING

With the increased popularity of data mining applications, an enormous amount of
extant data is available for conversion into formats suitable to data mining processes.
The overall goal of data mining is to reveal hidden relationships between data within
large datasets. The term “knowledge discovery in databases” is generally synonymous
with data mining. A number of additional terms have been used to describe data mining
applications including information discovery, exploratory data analysis, information
harvesting, knowledge extraction, and unsupervised recognition (Zhang & Hongwen,
2011).

Over the past five years, the Knowledge Discovery process has developed into a
complex, multi-step process, with data mining being just one of these steps. Knowledge
Discovery in Databases is a process that aims to identify useful information hidden
within large databases. Widely used data mining techniques include data cleansing, data
preparation and selection, incorporation of prior independent knowledge, and
interpretation of the observed results. For extracting the information and pattern derived
by the Knowledge Discovery in Databases, It is needed to use one of data mining
algorithms. (Fayyad, Piatetsky & Smyth, 1996).

2.2 DEVELOPMENTAL HISTORY OF DATA MINING

While the term “data mining” first appeared in the 1990's, the process itself is the
outcome of a long evolution. The storage of large amounts of data in computer systems
for business purposes facilitated early efforts in data mining, and the field has advanced
alongside technological changes in processing power and software. The mass storage of
data on computers, disks, and tapes began in the 1960s and coincided with the

introduction of relational databases and structured query languages. The use of



structured query languages enables users to evaluate stored data more effectively and
dynamically (Berson, Smith, & Thearling, 2000).

The use of data in the 1960s differed greatly from modern practices. Business data
mining has powerful applications, including the prediction of future financial
conditions. The widespread growth of data collection necessitates the development of
methods which can extract useful information. In particular, data mining technology
aims to develop methods that will improve statistical evaluation, artificial intelligence

and machine learning (Jibon, 2011).

2.3 KNOWLEDGE DISCOVERY IN DATABASE AND DATA MINING

Knowledge Discovery in Databases (KDD) is an automated tool for modeling
relationships in large datasets. KDD is a process of identifying novel and useful patterns

within large sets of complex data.

KDD has evolved through research on pattern recognition, database setup,
statistics, machine learning, statistical inference, and artificial intelligence (Al). The aim
of KDD is the extraction of high level information from large low-level datasets. For
example; KDD addresses the means in which data are protected and accessed, how
applied algorithms can be scaled to big datasets still run efficiently, how result can be
interpreted and how the overall human- machine interaction can be modeled and
supported usefully (Berry, Linoff & 2004)

Data mining (DM) is the core of the KDD process, including the use of inference
algorithms to explore the data and the development of previously unknown data
patterns. Models which explain complex phenomena can be generated by analysis and

prediction methods.

2.4 DATA MINING TASKS

Data mining tasks may be semi-automated or fully automated analyses of large
datasets which extract previously unrecognized patterns using data records (cluster
analysis), unusual records (anomaly detection) and dependencies (association rule
mining) (Wikipedia, 2014). Data mining applications can be either descriptive or

predictive in nature.



10

A predictive model makes projects about future values of data based on known
data. Predictive modeling is used to generate information about future trends.
Companies use predictive model for identifying when the best time to run an advert for
their production on television is using predictive modeling that takes into account their
target demographic. Life assurance corporations utilize predictive modeling taking into
account someone’s age and way of life to identify what their premium would be.
Descriptive models identify patterns or relationships within datasets, analyzing past
events to generate insight into future events. Descriptive models aim to characterize the
specific relationships that have determined success or failure in historical datasets.
Descriptive analysis is widely used by consumer-driven organizations to assist in
targeted marketing and advertisements. This type of analysis is used in sales, marketing,
operations, and financial decision making (Dunham, 2004). The essential difference
between predictive and descriptive methods is that descriptive models explore the
relationships within historical datasets, while predictive models aim to project future
events. Predictive models are necessary to project future outcomes and evaluate

progress towards these goals.

Methodology associated with predictive models includes classification,
prediction, regression and time series analysis. Clustering summarization, association

rules, and sequence discovery are typically associated with descriptive methods.

2.4.1 Classification

Classification processes categorize data according to pre-defined criteria. The

term supervised learning has also been used to describe these processes (Jibon, 2002).
Examples of classification tasks include the following:

e Identification of fraudulent credit card transactions

e Assessing credit risk of a mortgage application

e Diagnosis of disease

e Verifying the authenticity of legal documents, such as a will

o ldentification of terrorist threats based on financial transactions or

personal behavior
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Classification involves the prediction of a future result based on a given input.
Classification algorithms process training data sets that include attributes associated
with particular outcomes, generally known as the goal or estimation attributes.
Classification algorithms identify associations within the dataset that enable accurate
estimation of outcomes. Subsequently, a prediction dataset (estimation set) including
the same attributes with the exception of the prediction attribute is used as an input for
the algorithm. The classification algorithm analyzes the input and generates a prediction
estimate. The accuracy of the prediction based on known outcomes is used to determine
the efficacy of the algorithm. For example, a classification algorithm may be trained
with a given medical dataset. A prediction set containing the same attributes can be used
to identify the likelihood of heart problems (Viana, 2007). Table 2.1 is an example of

the use of training and prediction datasets:

Table 2.1 Training Set.

Age Heart Rate Blood pressure | Heart problem
60 72 150/70 Yes

36 82 112/76 No

70 63 108/165 No

Table 2.2 Prediction Set.

Age Heart Rate Blood pressure Heart problem
42 97 148/89 ?
64 57 106/63 ?
83 76 150/65 ?

Algorithm: If (age=65 and heart rate>70) or (age>60 and blood pressure>140/70) then heart

problem="yes’

Estimation (prediction) rules are given in the form of if-then statements, with
the if statement consisting of specific logical conditions and the rule consequence
(then) statement generating a prediction attribute that satisfies the antecedent if
logical statement. The use of conjunction statements allows individual logical rules to

be specifically stated and defined in relation to each other. Alternate classification
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algorithms include decision trees, neural networks, and Bayesian classification
(Leanordo, 2007).

2.4.1.1 Decision Tree

A decision tree is a classification algorithm with recursive or iterative partition
of the instance space; it consists of a series of nodes forming a rooted tree in which
the root has no incoming edge. Nodes with outgoing edges are frequently referred to
as internal or test nodes. Terminal nodes are referred to as “leaves” or decision nodes.
Internal nodes in a decision tree are divided into two or more subspaces as a result of
a specific discrete function of the input attribute. In the most basic sense, each test
evaluates a single attribute, and the instance space is separated according to attribute
values. A range is often applied for numeric attributes. Individual leaves on a decision
tree are directed at one class and indicate the most appropriate target value. Circles
represent internal nodes while leaves are indicated by triangles. Multiple branches
may be drawn from each internal node. Each node and its branches correspond to a
certain value range. This range specifies a partition within the possible values of a
given attribute.

Individual instances are categorized by navigation from the root node to the
terminal leaf, applying test characteristics at each intermediate node. A decision tree
contains both nominal (categorical) and numeric features. Nodes are characterized by
the attribute tested and branches are labeled according to specific value partitions.
Similar data mining algorithms are widely used in medicine, molecular biology,

manufacturing, and financial analysis (Han & Micheline, 2003).

2.4.1.2 Artificial Neural Networks

Artificial Neural Networks (ANN), or more generally, neural networks (NN),
are a computational emulation of biological neural networks. Neural network
architecture includes an interconnected group of artificial neurons that process
information inputs by a connection-mediated algorithm. In many applications, the
ANN is a dynamic and adaptive system that changes in structure as a result of

external or internal data inputs received during a training phase (Jibon, 2011).
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Neural networks are generally used because of the convergence of various
factors. One of the advantages of using a neural network is this technique is quite
robust with respect to noisy data. Another advantage to using neural networking is
learning. Using a neural network, we can solve many problems without finding and
describing a specific method of such problem solving, without building algorithms by
ourselves, and without developing programs. We can use a neural network, which
first learns the results of a solved problem and uses this to solve many other

problems. It is really a very comfortable and efficient way of problem solving!

2.5 APPLICATION OF DATA MINING IN THE HEALTH SECTOR

Data mining has been applied to many fields and has proven to be particularly
useful in healthcare applications. The results of data mining can benefit patients,
healthcare providers, insurers, and regulators. Healthcare organizations use data
mining to improve customer relationship and management decisions. Physicians use
data to make evidence-based treatment decisions, and patients receive better care as a
result. Data generated in the healthcare setting can be very complex and may involve
extremely large volumes of information, making analysis of healthcare data
exceptionally challenging. Data mining methodology and technology can transform

large collections of data into useful knowledge that informs healthcare decisions.

2.6 DIABETES MELLITUS

Diabetes is a potentially life-threatening disease that occurs as the result of
insufficient insulin production. The hormone insulin regulates the uptake of glucose
by all cells in the body. High blood sugar levels resulting from insufficient insulin
production can have many damaging effects of bodily tissues. Elevated blood glucose
or hyperglycemia occurs in patients with poorly controlled diabetes. Chronically
elevated blood glucose can damage the kidneys, nerves, blood vessels, and feet. In
addition to that, diabetes can also cause high blood pressure and hardening of the
arteries or arteriosclerosis. Diabetes occurs when your body does not make enough
insulin or cannot use the insulin it makes. Insulin is a hormone that controls the
amount of sugar (glucose) in the blood. A high blood sugar level can cause problems
in many parts of the body. These can bring on blood vessel disease and heart

problems (National Kidney Disease, 2014).



14

Symptoms of diabetes vary depending on the specific type of diabetes. A
classic symptom of diabetes is frequent urination and excessive thirst. However, some
forms of diabetes such as type 2 diabetes do not have noticeable symptoms in the
early stages. Patients may not experience symptoms for many years prior to

diagnosis.

As many as 347 million people worldwide suffer from diabetes. An estimated
3.4 million individuals died in 2004 as a result of uncontrolled hyperglycemia. More
than 80% of deaths associated with diabetes occur in low and middle-income
countries. The WHO predicts that diabetes will be the 7" leading cause of death
worldwide by the year 2030.

2.6.1 Major Types of Diabetes

There are four types of diabetes, but in this study the researcher addresses two

types that are most common. Two types of diabetes are explained below.
2.6.1.1 Type 1 Diabetes

Individuals with type | diabetes do not produce insulin as a result of childhood
autoimmunity. Generally, this disease is seen in young adults or children, but it can
occur at any age. Patients with type 1 diabetes must manage their blood glucose using
insulin shots or other insulin administration devices. Approximately 7-12% of all

cases of diabetes are type 1.
2.6.1.2 Type 2 Diabetes

Type 2 diabetes is caused by insufficient production or utilization of insulin. To
preventing this type of diabetes, physicians prescribe dietary restrictions to patients.
In addition to that, patients are often advised to exercise. Usually, this type of disease
occurs in individuals over 40, but it can be seen earlier. Patients with type 2 diabetes
may require insulin shots; however the general treatment involves oral medication,
dietary restriction, and exercise. Type 2 diabetes is the most common form of

diabetes.
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CHAPTER 3

ALGORITHMS USED FOR MODEL BUILDING AND
PERFORMANCE MEASURES

In this study, our aim is to estimate medication dosage for a given patient with
type 2 diabetes. An attempt was made to construct a prediction model using Decision
Tree and Neural Network methods. After building the models, performance of each
of the models were evaluated, and their performances were compared to each other.
In this part, the algorithms used to build the models and the matrices used for

performance measures and comparisons are discussed in detail.
3.1 DECISION TREES

A decision tree resembles a flowchart, with each attribute tested at the branch
points and the result of the test determining node assignment. There is a path from
root to leaf. This path specifies classification rules. The top node in decision tree is
called the root node.

(Attribute > 5)

¢
%
%o

(Attribute3 ="No")

o
N %
D E F G
CLASS1 CLASS2  CLASS1 CLASS 2

Figure 3.1 Simple Decision Tree.
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Many human analysts find decision tree systems easy to understand. The
discrete steps of classification within a decision tree occur quickly and simply.
Decision tree algorithms may achieve high levels of accuracy; however this will be
dependent upon the amount and quality of the data available. As in many areas,
Decision tree algorithms are used such as medicine, production and manufacturing

and so on.
3.1.1 J48 Classifier Algorithm

J.Ross Quinlan, a machine learning researcher, has developed an improved
decision tree algorithm known as Iterative Dichotomiser (ID3). A later successor,
C4.5, improved upon the Iterative Dichotmomiser (1D3).

This algorithm is implemented in a serial manner. A pruning method used in
C4.5 replaces internal nodes with leaf nodes, reducing the overall error rate. The 1D3
algorithm functions as a non-categorical feature. However the C4.5 algorithm can
utilize both continuous and categorical features when generating a decision tree. Both

ID3 and C4.5 utilize a gain ration to determine the optimal splitting attribute.
Entropy reduction is used to generate the optimal splitting attribute in C4.5

e Given probabilities ps, p2, .., ps, whose sum is 1, Entropy is defined as:

H (1, P2, - P9) = o, (P log(1/p1) (3.2)

Given candidate split S, which partitions the training dataset T into several subsets,
T1, T2,,,, Tk the mean information requirement can then be calculated as the
weighed sum of the entropies for the individual subsets, as follows:

k
Hs (T)= X, (pi Hs(T;) (3.2)
Gain can subsequently be calculated using the following formula:

Gain (D, S) = H(D) — X.;_ (p(D;) H(D;) (3.3)
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At each successive decision node, C4.5 determines the optimal split based on
maximized information gain. J48 implements the C4.5 algorithm to generate both
pruned and un-pruned C4.5 decision trees. Decision trees generated by J48 can be

used for accurate classification.

J48 can utilize both discrete and continuous attributes as well as training data

with missing attribute values and attributes with variable cost assignments.

The C4.5 algorithm for generating decision trees can be applied to classification

problems. It advanced on the ID3 algorithm in several ways:

e Missing data: Missing data are disregarded during construction of the decision
tree. Gain ratio is determined based solely of records that have a value for a
given attribute. For classifying a record with an incomplete attribute value, the
value for that item can be estimated based on what is known about the attribute
values for the other records.

e Continuous data: The basic concept is to split the data into ranges based on the
attribute values for that item in a training sample.

e Pruning: Pruning is a way of reducing the size of the decision tree. It will
mitigate the accuracy of the training data, but enhances the accuracy given
unseen data.

e Rules: C4.5 allows for classification via decision trees or regulations created
from them.

e Splitting: The maximal gain ratio ensuring ah larger than average information

gain is used for splitting.

Classification algorithms require a set of training data; each instance occurs
as paired input and output objects. The classification algorithm builds classification
criteria based on the training dataset that correctly classifies both training and test
examples. Test inputs to the algorithm are used to generate output values (Kilanly,
2013).
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3.2 NEURAL NETWORKS

Neural networks are interconnected nodes with directional links. Individual
nodes represent processing units, and the links between nodes reflect causal links
between these processes. Neural network systems were originally generated to mimic
the neurophysiology of the human brain using simple computational elements

(neurons) in a highly interconnected system (Kilanly, 2013).

Neural networks became popular in the 1980s because of a convergence of
many factors. First, Neural Networks (NN) is more robust than Decision Trees
because of weighted factors. Second, the NN improves performance by learning.
Third, learning may continue even after a training set has been applied. Fourth, the
use of NNs can be parallelized for better performance. Fifth, there is a low error rate
and thus a high degree of accuracy once the appropriate training has been applied.
Because of these factors, neural networks are, and will continue to be, popular tools

for data mining.

Neural network architectures contain at least two layers, an input and an output
layer. Additional layers can be inserted between the input and output. The input layer
may contain multiple nodes, each of which represents a unique predictor variable.
Nodes are the foundation of the neural network. All input nodes can be linked to
other input nodes within the hidden layer, to other layers, or to the output. Multiple
nodes in the output layer represent response variables. Each node receives a set of
inputs which are multiplied by connection weight Wxy (e.g. the weight from node 1
to 3 is W13) and added together (Two Cross Corporation, 1999). The activation

function is then applied to the output before passing the function to the next layer.

Activation function is applied as following

e Multiplies each input by its weight

e Applies an activation function to the sum of results.
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Inputs Hidden Layer Output

Figure 3.2 A Neural Network Architecture.

The individual nodes can be considered estimated variables (nodes 1-2, in this
example) or as a combination of predictor variables (nodes 3-6). Node 6 is the non-
linear combination of the values of node 1-2, resulting from the activation function
using the summed hidden node values (Two Cross Corporation, 1999). In the
absence of hidden layers, linear activation functions within the neural network are
equivalent to linear regression; certain non-linear activation functions of neural nets
are equivalent to logistic regression. The topology of a neural network includes a
large number of nodes. The user or software parameters select the hidden nodes and
layers, the activation function, and the parameters of the network design (Two Cross
Corporation, 1999). It is used below formula for deciding number of hidden layer.

Let’s assume that A represent number of hidden layer.
A = (number of attributes +number of classes) / 2
3.2.1 Multilayer Perception

Multilayer perception (MLP) is a type of neural network that has become the
most widely used in data mining. Multilayer perception includes multi-layer nodes
arranged in a directed graph. All nodes in a layer are linked to a subsequent layer.
Neurons, or nodes within layers, have non-linear function except for the input layer.
A supervised training technique known as back propagation trains the network in

multilayer perception.

The forward feed of the network propagates from the input to the output

without iteration. A feed forward neural network does not include connections
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between nodes in the same layer; output nodes in a specific layer are linked to
specific input nodes in succeeding layers. This modular design is generally preferred,
with nodes in a shared layer sharing some functionality or generating comparable
abstractions (Che &Tzu, 2010).

3.3 PERFORMANCE MEASURES

Cross-Validation is a statistical method of evaluating and comparing learning
algorithms by dividing data into two segments: one used to learn or train a model and
another used to validate the model (Ferri, Orallo & Modroiu, 2007). The primary
method of statistical cross-validation is the K-fold method. In K-fold cross-
validation, data are randomly divided into mutually exclusive subsets or ‘folds’ DI,
D2,...... , Dk, each with similar size. Testing and training are implemented k times

(Refaeilzadeh, Tang & Huan (2008).

There are two primary reasons to use cross validation statistics

e To generate algorithm performance data associated with a learned model
based on existing data
e To compare performance among multiple algorithms using a given

dataset

3.3.1 10-Fold Cross Validation

In 10 —fold CV each dataset is randomly separated into 10 reciprocally
exclusive subsets of comparable size. The constructed model is trained and tested 10

times. The algorithm is trained in the first iteration and tested in the final iteration.

In order to perform of 10 fold CV, a set of general principles may be followed:

Pace 1: Dataset is divided into 10 equal parts. Each part is known as a fold.
Pace 2: Create a model using all records in each fold except one fold. The excepted
fold is used for the testing purpose.

Pace 3: Step 2 is replicated 10 times and average accuracy is calculated.
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3.3.2 Confusion Matrix

Many different mechanisms are used to measure performance in classification
problems. If there are k classes, the size of the row and column of a confusion matrix
is equal to k. Size of the table is k by k. If instance is positive and this is classified as
positive; it is counted as TP; if it is classified as negative, it is counted as a false
negative (FN). If the instance is negative and it is classified as negative, it is counted
as a false negative (FN). If the instance is negative and it is classified as negative, it
Is counted as true negative (TN); positive instances are considered false positive
(FP)”. Accurate identification of true/false positive and true/false negative results is

critical to determining the accuracy of the algorithm.

Predicted class

Cl C2
Actual class |C1 true positive false negative
C2 false positive true negative

Figure 3.3 A Simple Confusion Matrix.

Figure 3.3 shows a confusion matrix for binary classification. The numbers along
the diagonal from upper-left to lower-right demonstrate the correct decision made,
and the numbers outside this diagonal demonstrate the errors.

Other performance measures can also be performed, including specificity,

recall, and F-measure.

The method to determine the accuracy of a given classifier is as follows:

Step 1: A= the sum number of true positive results and true negative results
Step 2: B= the sum number of true positive and negative results and the false
positive and negative results
Step 3: Divide A by B
The accuracy of a classifier is defined as the proportion of test instances that are

correctly classified.

TP+TN

Accuracys = ————
TP+TN+FP+FN

(3.4)
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3.4.3 Area under the ROC Curve

“A Receiver Operating Characteristics (ROC) curve is a techniques for
visualizing, organizing and selecting classifiers based on their performance. In essence,
it is another performance evaluation technique for classification models and also useful
tool for comparing two on more classification models. ROC curves have long been used
in signal detection theory to depict the tradeoff between hit rates and false alarm rates of
classifiers. The use of ROC analysis has been extended into visualizing and analyzing
the behavior of diagnostic systems. Recently, the medical decision making community
has developed an extensive on the use of ROC curves as one of the primary methods for

diagnostic testing “ (Olson and Delen, 2008).

“In order to plot an ROC curve for a given classification model, true positive (TP)
rate is plotted on the Y axis and false positive (FP) rate is plotted on the X axis. Roc
curve we start at the bottom left-hand corner (where the true positive rate and false
positive rate are both 0), we check the actual class label of the tuple at the top of the list.
If we have a true positive (that is a positive tuple that was correctly classified), then on
the ROC curve, we have a false positive. On the ROC curve, we move right plot a
point” (Olson and Delen, 2008).

Table 3.1 Performance measure of a ROC Area.

ROC Area Performance
09-10 Excellent(A)
0.8-0.9 Good (B)
0.7-0.8 Fair (C)

0.6- 0.7 Poor (D)
0.5-0.6 Fair (F)




CHAPTER 4

BUSINESS AND DATA UNDERSTANDING

This study is based on the data gathered from Fatih University School of
Medicine. To better understand the medical field, the researcher worked closely with
Halil K Erol, M.D., who is an internist at Fatih University School of Medicine. In
addition, real time observation of the business process was performed to gain insight
into how the hospital functions. The first step was to observe the current procedures
that are used to adjust the drug dosages. After the procedures were identified, the
researcher continued to define problems that occurred during the medical
consultation. Finally medical goals were determined and data mining goals were set

to identify the data required for the study.
4.1 BUSINESS PROCESS DESCRIPTION

When the patient comes to the hospital, he/she directly requests for the service
at the reception desk. After registration, the patient’s medical chart is sent to the
physician’s computer. When the physician is ready to examine the patient, the patient
enters to the examination room and the physician listens to his/her complaints and
may request some laboratory tests. When the results are ready, they will be sent to
the physician’s computer from the laboratory directly. Next, the physician discusses

the results with the patient and may prescribe drugs.
4.2 ADJUSTING MEDICATION DOSAGE

There are many methods that can be used to adjust drug dosage. Generally the

adjusting of the drug dosage starts with identifying the patient’s history and habits

23
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and by performing a physical examination. Laboratory tests are used to adjust the
drug dosage.

4.3 MEDICAL PROBLEM DEFINITION

4.3.1 Defining Medical Goals

The goals of the medical study were defined as follows:

e To create a tool that could be used in adjusting drug dosage.
e To make the interpretation procedure easier, more consistent, and
efficient based on the rules that are formulated by the system.

4.3.2 Defining Data Mining Goals

The data mining goals are translations of the medical goals. Here the goals are

set towards the technical part of the solution.

In order to solve the problems that exist in current system, the following

medical goals were set:

e To create a tool that could be used in adjusting drug dosage.

e To make the interpretation procedure easier, more consistent, and
efficient based on the rules that are formulated by the system.

e To specify key attributes or patterns from the dataset.

e To specify and select attributes that are important in relation to
predictable state- adjusted dosage.

e To apply neural network, decision trees and Bayesian classifier to the

analysis of the dataset

4.4 Selecting and Creating the Target Dataset

After establishing data mining aims and the project plan, the next step was
selecting and creating a target suitable for the study. This includes identification of
the available data and missing data containing all the attributes considered in the data

mining process. Learning processes employed in data mining are defined by the test
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input data; therefore precise definition of the test dataset is critical to the ultimate
function of the application.

4.4.1 Data Understanding

Data from the patient’s histories contain laboratory test results. This data is
usually created and stored in the context of a medical decision, for the purpose of
augmenting choices about further testing and/or treatment, and also for future access

when required.

4.4.2 Description of the Dataset

Each recording in the dataset represents a single patient exam result gathered
during medical consultation. The attributes in the dataset contain age, gender, alanine
aminotransferase, aspartate transaminase, glycosylated hemoglobin (HbAlc), HDL
cholesterol, creatinine, LDL cholesterol, microalbuminuria, triglyceride and urea.
The attributes and their illustration are presented in Table 4.1

Table 4.1 The Attributes and their illustration.

No | Attribute Description Type

1 Age Age of patient Numeric
2 Gender Gender of patient Nominal
3 Alanine Aminotransferase Liver function test Numeric
4 Aspartate Transaminase Liver function test Numeric
5 Glycosylated Hemoglobin Average glucose level Numeric
6 HDL Cholesterol Good cholesterol Numeric
7 Creatinine Kidney function test Numeric
8 LDL cholesterol Bad cholesterol Numeric
9 Microalbuminuria Kidney function test Numeric
10 | Triglyceride Blood lipid level Numeric
11 | Urea Kidney function test Numeric




CHAPTER 5

DATA PREPROCESSING

Today’s real-world databases are highly susceptible to noisy, missing, and
inconsistent data because of their typically huge size (often several gigabytes or more)
and their likely origin from multiple, heterogeneous sources. Low-quality data will lead

to low-quality mining results.

The presence of missing, noisy and inconsistent data is commonplace in large
datasets. There can be missing value in a dataset for many reasons. Some attributes
of interest may be missing or incomplete in the dataset while others may be missing

simply because they were not considered important at the time of data entry.

Attribute or feature may not be recorded as a result off misunderstanding or
malfunctioning equipment. Incoherent data may have been inadvertently discarded

at any time in the history of the recorded documents (Han and Kamber, 2006).

Preprocessing techniques include data cleaning to configure missing values,

noise removal, outlier processing, and the correction of obvious inconsistencies.

5.1 DATA FORMATS

Weka machine learning software was used in the present study, and it was
necessary to convert the data input to a suitable format, the ARFF file. An ARFF
(Attribute-Relation File Format) file is an ACII text file that describes a list of
instances sharing a set of attributes (Witten & Frank 2005).

26
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ARFF Files have two distinct components:
1. Metadata
e Relation name
e Domains and attributes
2. Data

e Individuals rows or instances of a relation

5.2 DATA CLEANING

Data cleaning is the process of identifying, correcting, or removing inaccurate

or incomplete records from a database.

5.2.1 Handling Noisy Data

Noise is defined in this case as random variance in a measure variable. There
are many possible causes of noisy data, including human or electronic error. Errors
can also be introduced during data transmission. Technological restrictions such as
buffer size can corrupt data transfer and synchronization. One of the common types
of error was spelling errors. For example, a word was misspelled “mala” several

times. Researcher identified this and replaced the term with the correct spelling.

5.2.2 Handling Missing Values

A widely used method was applied to the dataset to determine the most
probable replacement value in the case of missing data. This method relies on the
extant attributes of a given instance to project likely values for missing data. This

method finds the missing value and replaces the missing value with predicted ones.

5.2.3 Handling Inconsistent Data

Same data is presented in several ways. If these situations are not caught, when
these situations are not caught they might cause wrong results, therefore these cases
were handled to prevent misleading results. Gender has only two distinct values,
male and female, although these values may be noted in a variety of formats. In some

instances, the gender of the patient was saved using abbreviations (M and F). In
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some other cases, these values were saved using the all form of the words (Male and
Female).In this study, researcher face same problem. For preventing these

inconsistencies this situation presented with the word ‘m’ were changed to ‘male’.

5.3 DATA TRANSFORMATION

Once the data has been assembled and major data problems are fixed, the data
must still be converted for analysis. This includes adding derived fields to bring
information to the surface. It may also include smoothing, aggregation,

generalization, normalization, discretization, and attribute construction.

Data transformation methods are necessary to adapt data to formats conducive
to data mining. Discretization was used to reduce distinct values of attributes and an

attribute selection method was used to eliminate poorly relevant attributes.

5.3.1 Discretization

Age was broken into discrete values in a process known as discretization.
Discretization is the process of converting continuous variables into discrete value
where a limited number of labels are used to represent the original values. Discrete
values have a limited number of intervals along a continuous spectrum while true

continuous variables have an infinite number of intervals.

Olson and Delen (2008) proposed several justifications for the use of discrete

intervals

e Discrete values are more appropriate for knowledge-level
representation

e Discretization reduces and simplifies data

e Discrete attributes are easier to understand for both experts and novice

USers.
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5.3.2 Attribute Selection

A second reduction technique applied to the dataset was attribute selection.
When the database was created, medical experts selected the attributes that were
included in the data set, but still that was not enough. Attribute selection eliminates
redundant attributes. By reducing the number of attributes within the reported

patterns, these patterns often become easier to understand.

To reduce the number of attributes, the researcher applied a ranker method
using all attributes combined with some of the available attribute evaluators for that
method. “Ranker” will give you a list of the attributes, ordered by their score

according to the evaluator.

Table 5.1 The attributes and Ranked Value.

Parameter Ranked Value
Glycosylated hemoglobin 0.703
Age 0.675
Creatinine 0.397
Triglyceride 0.318
LDL Cholesterol 0.315
HDL Cholesterol 0.311
Aspartate Transaminase 0.291
Alanine Aminotransferase 0.285
Urea 0.156
Microalbuminuria 0.102
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CHAPTER 6

EXPERIMENTATION

As the aim of this study is to adjust medication dosage using data mining
techniques, a classification technique was adopted to improve a predictive model.
The models were built with two separate supervised machines, i.e. Decision Tree and

Neural Network using Weka 3.6.4 machine learning software.
6.1 EXPERIMENTAL SETUP

For this study, experiments were handled and every experiments two scenarios
were considered, one including all the 11 features and the other including 9 selected
attributed. So with each experiment and eight different scenarios a total of eight

models were built.

First Experiments were conducted on a full training dataset including 63
instances and 10-Fold Cross Validation was adopted for randomly sampling the
training and test sets. While performing the experiments all parameters were set to
their default setting for each algorithm except for J48 classifier where the parameter
“Unpruned” which had a default value “False” was changed to “True” for the first

experiment to observe the performance of J48 unpruned tree.

In this study, the performance of models were evaluated using standard metrics
of accuracy, precision, recall and F-measure which were computed using predictive
classification table, known as Confusion Matrix. For comparing the performance

measures, Receiver Operating Characteristic was also used.
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In J48 Decision Tree Classifier, Two experiments were conducted. We have

designed two experiments for investigating:

e The effect of attribute selection on classification accuracy on unpruned J48

Decision Tree Classifiers.

e The effect of attribute selection on classification accuracy on pruned J48

Decision Tree Classifiers.

Experiment 1

The first experiment was designed to evaluate the performance of a J48 classifier

unpruned tree in predicting dosage of medication and investigate the effect selection on

the performance of the model. In this experiment two scenarios were considered, one

including all 11 attributes and the other including the selected 9 attributes.

One first scenario the algorithm was run on a full training set including 560

(number of instances is increased because of imbalanced dataset) instances with 11

attributes.On the second scenario the algorithm was run on a cross validation set

including 560 instances with selected 9 attributes.

Table 6.1 Confusion Matrixes for Experiment 1.

Model

O(Predicted)

500(Predicted)

1000
(Predicted)

1500
(Predicted)

Actual

J48 unprunned with all
attributes

J48 unprunned with selected
attributes

158

4

0

17

500

7

1000

124

1500

0

15

500

1000

122

1500
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Table 6.2 Detailed Performance Measures for Experiment 1.

F- ROC
Model Test Options Accuracy TP Rate FP Rate Precision | Measure | Area
J48 unprunned Cross
with all attributes | Validation 89.82 % 0.89 0.03 0.90 0.89 0.94
J48 unprunned
with selected Cross
attributes Validation 89. 46 % 0.89 0.03 0.89 0.89 0.94

The model built with J48 unpruned tree with all attributes correctly classified 503
(89. 8214%) instances while 57 (10,1786%) of the instances were classified incorrectly.

The overall accuracy rate of the model is highly successful.

The second model was built with J48 unpruned tree with selected 9 attributes
correctly classified 501 (89,4643%) instances while 59 (%10,5357) of the instances
were classified incorrectly. Like the experiment the overall accuracy rate of the model is

highly successful.
Experiment 2

The second experiment was designed to investigate:

e The performance of a J48 classifier pruned tree in estimating dosage of
medication.

e The effect of attribute selection on the performance of a J48 classifier pruned
tree model.

e The effect of the tree pruning methods when building a J48 decision model

Similar to experiment 1, in this experiment two scenarios were considered, one
containing all 11 attributes and other containing the selected 9 attributes. On the first
scenario the algorithm was run on a full training set including 560 instance with all

attributes.

On the second scenario the algorithm was run on a full training set including 560

instances with only 9 selected attributes.
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Model O(Predicted) | 500(Predicted) | 1000 (Predicted) | 1500 (Predicted) | Actual
158 9 5 4 0
2 140 1 17 500
J48 prunned with all attributes 5 3 81 7 1000
0 1 3 124 1500
158 9 5 4 0
J48 prunned with selected attributes 2 141 1 16 500
5 3 78 10 1000
0 2 4 122 1500
Table 6.4 Detailed Performance Measures for Experiment 2.
F- ROC
Model Test Options | Accuracy | TP Rate FP Rate | Precision | Measure Area
J48 prunned with all attributes Vacl:i(rj(;stsion 87.14% 0.87 0.04 0.88 0.87 0.94
J48 prunned with selected Cross
attributes Validation 87.85 % 0.87 0.04 0.88 0.87 0.94

6.3 MODEL BUILDING USING NEURAL NETWORK

This experiment was designed to explore the ability of Neural Network in

estimating dosage of medication. From Neural Network Algorithms Multilayer

perception was selected to conduct in experiment. In this experiment like in all of the

experiment two scenario was conducted one containing all 11 attributes and other

containing the selected 9 attributes.

Experiment 5

On the first scenario the algorithm was run on a cross validation set containing 560

instances with 11 attributes. On the second scenario the algorithm was run on a cross

validation set containing 560 instances with 9 selected attributes.
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Table 6.5 Confusion Matrixes for Experiment 3.

1000 1500
Model 0 (Predicted) | 500 (Predicted) (Predicted) (Predicted) Actual
161 7 7 1 0
Neural Network with all attributes 2 131 0 27 500
12 4 70 10 1000
0 1 1 126 1500
164 5 7 0 0
Neural Network with selected
attributes 2 131 1 26 500
12 4 71 9 1000
0 1 1 126 1500
Table 6.6 Detailed Performance Measures for Experiment 3.
F- ROC
Model Test Options Accuracy TP Rate FP Rate Precision Measure Area
J48 prunned with all attributes Cross Validation 87.14% 0.87 0.04 0.88 0.87 0.94
J48 prunned with selected attributes Cross Validation 87.85% 0.87 0.04 0.88 0.87 0.94

The first Neural Network model built on all 11 attributes correctly classified 488 (87,
1429 %) instances while 72(12, 8571 %) of the instances were classified incorrectly.
The overall accuracy rate of the model is very high. But it is not better compared to J48

pruned and unpruned model.

The second Neural Network model built on 8 selected attributes correctly classified 492
(87, 1229 %) instances while 62(12, 8771 %) of the instances were classified

incorrectly.
6.4 DISCUSSION

Six experiment were conducted and classification performance has been
compared in order to determine optimal statistical algorithms for predicting dosage of
medication. The experiments were designed for four purposes; to investigate the effect
of tree pruning when building a decision tree model, to observe how attribute selection
affects the classification accuracy, to compare J48 Decision Tree classification

algorithm and Neural Network.



CHAPTER 7

CONCLUSION

In this study, the aim was to design a predictive model for adjusting dosage of
medication using data mining techniques. Data collected by Fatih University School of
Medicine from the year including 63 instances was selected and preprocessed for this
study. The models were built on the preprocessed Metformin Dataset with two different
supervised machine learning algorithms i.e. J48 Classifier and Multilayer Perception

using Weka 3.6.4 machine learning software.

The performance of the models were evaluated using the standard metrics of
accuracy, precision, recall and F- measure. 10 — Fold Cross Validation was adopted for
randomly sampling the training and test data samples. All fourteen models performed
well in predicting dosage of medication. The most effective model to be J48 classifier
implemented on selected attributes and all attributes with a classification accuracy of
91.76 %.

From a total of 11 attributes that were available, all of them are highly relevant in
estimating medication dosage of medication from Metformin dataset were selected.

Because when we remove two feature from dataset, we can acquire low performance.

This study showed that data mining techniques can be used efficiently to model
and predict dosage of medication. The outcome of this study can be used as assistant

tool by physicians.
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