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ABSTRACT

In the recent years, the rising use of addictive drugs and substances has become
one of the biggest social problems in the world. The illicit use of a variety of drugs
appears to be increasing among elementary and high schools students in Turkey.
Therefore, it can be said that there is a big rising risk for the youth: substance abuse and

addiction.

There are many reasons leading students to be an addicted user. At first an
adolescent cannot see the bad sides and realize the harmful effects of the substances.
After being a drug abuser, this person struggles with the addiction and his/her life gets
worse. Scientific studies show that it becomes very difficult for a person to get rid of
this habit after being a user. Hence, preventing students from being addicted becomes

an important issue.

This thesis focuses on urgent precaution systems which help families and
educators prevent students from addiction. The aim of the study is to detect the

probability of being a drug user in the future by using classification algorithms in



Machine Learning, Data Mining and Pattern Recognition. As data collection method, a
questionnaire including 25 questions is applied to the elementary and high school
students in Biiyiikcekmece and to the patients in CEMATEM. The data collected from
the questionnaires is used to indicate the percentage of risk probability for each student

with the help of classification algorithms.

The findings of the study show that if there is a computed high risk for a student,
some precautions should be taken to keep this person away from substances. These
precautions taken by the educators and parents can be to inform the student about the

substances and to lead him/her to social activities.

Keywords: Substance abuse, drug dependence, drug addiction, data mining,

classification algorithms.
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0z

Son yillarda diinyada bagimlilik yapict maddelerin kullanimi biiyiik bir sosyal
problem haline gelmistir. Yasal olmayan bu maddelerin kullanimi Tiirkiye’deki
ilkogretim ve lise 6grencileri arasinda da yayginlagsmaktadir. Bundan otiirii 68renciler

icin biiytik bir tehlikenin varligindan s6z edilebilir: madde bagimliligi.

Ogrencileri madde bagimliligina iten bircok neden vardir. Ilk baslarda genc bir
insan zararli maddelerin koétii yonlerini goremeyebilir ve zararli etkilerinin farkina
varamayabilir. Bagimli olduktan sonra bagiml kisi bu hastalikla bogusmakta ve hayati
daha da kotiye gitmektedir. Bilimsel c¢alismalar bagimliliktan sonra bu kotii
aligkanliktan kurtulmanin zor oldugunu gostermektedir. Bu nedenle 6grencileri bu

bagimliliktan korumak 6nemli bir konu haline gelmistir.

Bu tez, dgrencileri madde bagimliligindan korumak i¢in ailelere ve egitimcilere

yardimci olacak bir erken uyart sistemi tizerine odaklanmigtir. Bu ¢alismanin amaci
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gelecekte bir Ogrencinin madde bagimlisi olma riskini Veri Madenciligi, Makine
Ogrenmesi ve Oriintii Tanima bilim dallarinda bulunan siniflandirma algoritmalari
yardimiyla hesaplamaya yoneliktir. Veri toplama metodu olarak 25 soruluk bir anket
Biiyiikcekmece’deki bir ilkdgretim okuluna, bir liseye ve ayrica CEMATEM
hastalarina yapildi. Her bir 6grenci i¢in risk yiizdesi anketlerden toplanan verilerin

siniflandirma algoritmalarinda kullanilmasiyla bulundu.

Bu c¢alismada bir 6grenci icin yiiksek bir risk degeri hesaplandiysa, bu kisi i¢in
madde bagimliligim1 engelleyici baz1 6nlemler alinmalidir. Egitimciler ve ebeveynlerin
alacagi bu Onlemler, kendisinin bu konuda bilgilendirilmesi olabilecegi gibi sosyal

aktivitelere yonlendirilmesi de olabilir.

Anahtar Kelimeler: Uyusturucu aligkanligi, madde bagimliligi, bagimlilik, veri

madenciligi, siniflandirma algoritmalari.
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CHAPTER 1

INTRODUCTION

Substance abuse is a very common problem in the world. Recent studies conducted in
Turkey show that there is a gradual increase in the use of illicit drugs among elementary and
high school students. Even some teenagers at the age of 10 are becoming drug users
(Hiirriyet, 2010). It is obvious that it is getting a big problem for the Turkish youth. Because
of that some precautions have to be taken to prevent the adolescents from drugs. This thesis

aims to perform this task.

Before discussing the precautions to be taken, drug types, specifications and effects of

them should be examined.

1.1. Drug Types, Their Features and Effects

Several types of drugs are susceptible to abuse by the youth. These drugs range from
most common and less expensive such as cigarettes and alcohol to expensive and more

deadly such as cocaine and heroin.

There is a list of the most common abused drugs and substances below (US
Government, 2010), (Roberts, 2010), (Drugfree, 2010), (Listverse, 2010). Their names, types,

features, ways of consumption, and their effects on people are listed below.



Drug Name:
Drug Type:

Facts:

How Consumed:

Effects:

Drug Name:
Drug Type:

Facts:

How Consumed:

Effects:

Drug Name:
Drug Type:

Facts:

How Consumed:

Effects:

Drug Name:
Drug Type:

How Consumed:

Effects:

Drug Name:
Drug Type:

Facts:

How Consumed:

Effects:

Amphetamines
Stimulant
Chronic use can induce psychosis with symptoms.

Orally, injected, snorted, or smoked.

Addiction, irritability, anxiety, increased blood pressure, paranoia,
depression, aggression, dizziness, sleeplessness, loss of appetite.

Methamphetamines

Stimulant

Some users avoid sleep 3 to 15 days.
Orally, injected, smelled, or smoked.

Addiction, irritability, aggression, stroke, paranoia, psychosis, heart and
blood vessel toxicity, hallucinations, arrhythmia.

Ecstasy
Stimulants

Ecstasy is popular at all-night underground parties and is the most
common designer drug.

Orally

Psychiatric disturbances, including panic, anxiety, depression, and
paranoia, blurred vision, sweating, increased heart rate, hallucinations,
and sleep problems.

Ritalin
Stimulant
Tablet is crushed, and the powder is snorted or injected.

Loss of appetite, fevers, convulsions, and severe headaches. Increased
risk of exposure to HIV, hepatitis, and other infections. Paranoia,
hallucinations, excessive repetition of movements and meaningless
tasks, muscle twitching.

Cocaine
Stimulant

A powerfully addictive drug. Heavy use may produce paranoia,
hallucinations, aggression, insomnia, and depression.

Smelled, dissolved in water and injected.

Addiction, pupil dilation, high blood pressure and heart rate, increased
heart attack, insomnia, anxiety, restlessness, irritability, increased body
temperature, death from overdose.



Drug Name:
Drug Type:

Facts:

How Consumed:

Effects:

Drug Name:
Drug Type:

Facts:

How Consumed:

Effects:

Drug Name:
Drug Type:

Facts:

How Consumed:

Effects:

Drug Name:
Drug Type:

Facts:

How Consumed:

Effects:

Drug Name:

Facts:

How Consumed:

Effects:

Heroin
Opiates

Heroin users quickly develop a tolerance to the drug and need more and
more of it. They want to get the same effects.

Injected generally from arm.

Addiction, slurred speech, constricted pupils, impaired night vision,
nodding off, respiratory depression or failure, and skin infections.
Increased risk of exposure to HIV, hepatitis, and other infectious diseases
if injected.

PCP

Hallucinogens
Marijuana joints can be inserted into PCP.

Snorted, smoked, orally, or injected.

Hallucinations, fear, panic, aggressive behavior, impaired motor
coordination, inability to feel physical pain. Increased risk of exposure to
HIV, hepatitis, and other infectious diseases if injected.

LSD (Lysergic Acid Diethyl amide)
Hallucinogen

LSD is the most common hallucinogen. LSD tabs are often decorated
with colorful designs or cartoon characters.

Tabs taken orally or gelatin/liquid put in eyes.

Elevated body temperature and blood pressure, suppressed appetite,
sleeplessness, tremors, chronic recurring hallucinations.

Mushrooms

Hallucinogens
Purchasable via internet.

Eaten or brewed and drunk in tea.

Increased blood pressure, sweating, nausea, hallucinations.

Marijuana
Can be smoked using homemade pipes.
Smoked or eaten.

Bloodshot eyes, paranoia, reduced comprehension, reduced ability to
perform tasks requiring concentration and coordination. Impairments in
learning, perception, and judgment; difficulty speaking.



Drug Name:

How Consumed:

Effects:

Drug Name:
Drug Type:

How Consumed:

Effects:

Drug Name:
Other Names:

Facts:

How Consumed:

Effects:

Tobacco
Cigarettes, cigars, pipes, smokeless tobacco, water pipe (nargile).

Addiction, heart disease. Cancer of the lung, larynx, esophagus, bladder,
pancreas, kidney, and mouth.

Alcohol
Depressant
Orally

Addiction (alcoholism), dizziness, vomiting, hangovers, slurred speech,
impaired motor skills, violent behavior, fetal alcohol syndrome,
respiratory depression and death (high doses).

Inhalants

Solvents, thinners, glues, laughing gas, sprays, cleaning fluids, chemical
liquids.

Many products used at homes can be sniffed. All inhalants are toxic.
Sniffed in a nylon bag or inhaling vapors.

Addiction, headache, vomiting, impaired motor skills, violent behavior,
cancer, bloodshot eyes; liver, lung, and kidney damage.

Thinner is used as a solvent to dissolve dyestuff. Bally (a glue brand) and thinner are

very common in Turkey. Especially the poor and illiterate teenagers tend to consume it

because they are very cheap and easy to find. These inhalants are regarded as drugs by

AMATEM stuff. In AMATEM, UMATEM and CEMATEM clinics there are many inpatient

teenagers who are addicted to those inhalants.

1.2. To Stay Adolescents Drug Free

How can a person at high risk be prevented from being addicted? The answers vary

depending on each student’s attributes, social and economical status, and family type. What

the school management and the family can do to help the adolescents to stay drug free is

listed below as some precautions (US Government, 2010), (Koknel, 2010).



The anti-drug education that children are getting in school is one of the major
precautions that can be taken. The education ought to be given by the specialists. Otherwise
while giving information about drugs to the adolescents; they feel a curiosity and passion

towards using these drugs.

Parents are the most important role models in children's lives. What they say and do
about drugs matters significantly when it comes to the choices children make. Families are
responsible for their children. Thus, they should pay attention to their children. For this

purpose, they can educate themselves by reading relevant books and articles.

In today's complex and busy world, parents do not always find enough time to spend
time with children to talk about drugs. However, it is necessary to ensure that the family has
regular gatherings with their children and to schedule regular parent-child rituals and family
meetings. Rituals, like having meals together, playing games, going to the library together
once a week can be opportunities to help the family catch up and establish better and more
open communication that is essential to raising drug-free children. Family meetings held once
a week can also be extremely valuable. Another way to talk with children about drugs is to
take advantage of everyday "teachable moments" (Giirol, 2007). Also, there are some other
tips below which can be useful for the family and educators (US Government, 2010b).

¢ [eading them to social events such as sport activities and playing instruments
e Reading anti-drug books and articles together and having a discussions

e Talking to them about the dangers of substances

e Listening to what they are saying, looking at them when listening

¢ Finding out how their day was, what happened in school or with their friends
¢ Going to their events, i.e., sports games, plays, school shows

¢ Knowing who their friends are and knowing where they are

e Setting clear expectations for their behavior

¢ Being consistent in your training and discipline towards them

¢ (reating ways to have meaningful participation in their lives.



1.3. The Purpose of the Thesis

After being a user, a person struggles with the addiction problem and his/her life gets
worse. Scientific studies indicate that it becomes very difficult for a person to get rid of this
habit after being addicted. Because of that, preventing teenagers from being addicted
becomes an important issue to be discussed. This study does not focus on addicted people.

This study focuses on people at risk whose ages rage from 10 to 20.

The purpose of the thesis is to detect the risk ratio for a student. If the risk ratio is
higher than normal it is strongly recommended families and educators that some precautions

should be taken for this student to stay him/her drug free.

Hence, we can call this project “Urgent Warning System” for those teenagers who are
highly at risk. With the help of this project it will be possible to take some precautions for the

teenagers to stay them drug free.

1.4. Steps of the Work in this Thesis

There is a list below which has been done step by step while studying on this thesis. All

the steps are aimed to figure out the risk ratio in percentage of a student.
1. Collecting the data with the questionnaire
a. From The Tepecik M.Ozyegin High School

b. From The B.Cekmece Elementary School

c. From the CEMATEM (Cocuk ve Ergen Alkol ve Madde Bagimlilar1 Tedavi
Merkezi)

2. Converting all the nominal data from the questionnaires to numeric values
a. To the file “"DB.txt”
b. To the array “DB[] []”

3. Building the model



a. Arranging the predefined training set
b. Preparing the model and applying it to the algorithms. The algorithms are:
i. kNN (k- nearest neighbors) Classifiers
1. Naive Bayes Classifiers
iii. Decision Tree Algorithms
iv. One-Attribute-Rule and PART Algorithms
4. Implementing the algorithms in the C programming language
5. Discussing the results and making comparisons
6. Reporting

7. Informing the educators and families about the students who are highly at risk and taking

precautions.

To illustrate these steps there is a flow char below. This flow chart shows the system
how it works. As it is seen, after applying the questionnaire to a student, some extra
information such as GPA, smoking habit, alcoholism, and misbehavior is taken from school.
This data is collected and applied to the classifier algorithms so as to find out the risk ratio

about the student.



Apply the
Questionnaire
to a student

Database

Add the additional info about

the student:

GPA? Smokes? Alcoholic? >
Misbehaviors? Addicted ?

Preparing the data

Add the data to
database

No or
unknown

A 4

Is he/she
a drug
user?

Yes

A 4

Add the data to
training set

Compute the risk of
addiction
by using classification
algorithms

Training Set

No

High

A

Take precautions,
Inform
educators
and parents

risk?

Figure 1.1 How the system in this thesis works?



CHAPTER 2

PREPARING THE QUESTIONNAIRE

In order to find out the percentage of risk value for each student, the reasons and factors
leading to addiction should be identified. A questionnaire which aims to find out the reasons
and factors of addiction ought to be utilized so as to gather relevant data to conduct this

study.

2.1. The Reasons of Addiction

There are many harmful effects of drug abuse including changes in the user’s brain,
body, and spirit. This thesis is not dealing with the results, but on dealing with the reasons of

being dependent. There are some reasons below leading adolescents to addiction:

e Family related reasons: dissatisfaction with family relationships, antisocial family
members, stress in the family, poverty or welfare in the family, illiterate parents,
divorced parents, loss of one or two parents, lack of people who could be a positive

role model for the adolescent (Ogel, 2004),
e Physical/sexual abuse or violence,

e Some genetic factors, birth related problems, physical or psychological problems

(Ogel, 2001; cited in Kircan, 2006),

e Social variables can be peer pressure, cultural effects, and acceptance of substance use

in the society, low socioeconomic status, and unemployment. Peer relationships
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influence adolescent substance use like establishing closer companionship with
substance user friends, and need for approval from friends (Kimmel & Weiner, 1995;

Windle & Windle, 2003),

e In general, adolescents first experience alcohol or cigarette before heroin or hard

substances (Bukstein, 1995).

Possible risk factors for the adolescence are all stated above. They can be predictors of

substance use.

2.2. Questions in the Questionnaire

There are 20 questions in the questionnaire which is given to the students at schools and
the inpatients in CEMATEM to fill out. The answers in the questionnaire are regarded as the
attributes of the records in the database. The questionnaire has been prepared on the basis of
the reasons mentioned above. The questions have been derived from these scientific articles
and related books (Tuncer, 2007), (Can, 2007), (Zor, 2005), (Giilkan, 1994), (Erdem et al,
2006), (Aydin, 2006), (Seyman, 2000), (Gok, 2010).

Each of the questions tries to determine an effect leading the person to be a drug abuser.
Some of them have higher effects; some of them lower effects on addiction. For example,
smoking cigarette, being a member of problematic family, being a friend of drug users have

higher effects on the individual to use substances.

The first twenty questions are asked directly to the students. The answers of the last
five questions are taken from the educators in their school. It is not preferred to ask these last
five questions to the students directly because they avoid answering these private and
individual questions. They do not want to reveal their bad habits. That is why the answers of
the last five questions are taken from the educators in the schools. Twenty five questions in

the questionnaire are listed below:
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1. Yasimz: ............
2. Cinsiyetiniz? (Tosun, 2005)

a. Erkek b. Kiz

3. Anne baba sag m1?

a. Evet, ikisi de sag
b. Sadece annem sag
c. Sadece babam sag
d. Ikisi de sag degil

4. Kiminle kaliyorsunuz? (Saatcioglu,2002)

Sadece annemle (annem babam ayr1)
Sadece babamla (annem babam ayr1)
Annem ve babamla

Bagka bir akrabamda

Yetimhanede

Yurtta

mo a0 o

5. Ailenizin aylik ortalama geliri?

a. 1000 TL’den az

b. 1000-3000 TL

c. 3000-6000 TL

d. 6000 TL’den fazla

6. Akrabalarinizla (halanizla, amcanizla, teyzenizle, dayinizla, biiyiik annenizle, biiyiik

babanizla, kuzenlerinizle) ne siklikta goriisiirsiiniiz?

a. Haftadabir b. Aydabir c. Yildabir d.
Hig

7. Enstriiman calar misiniz?
a. Evet b. Hayrr

8. Diizenli olarak spor yapar misiniz?

a. Evet b. Hayrr
9. Ne siklikla kitap okursunuz?

a. Haftada bir

b. Yilda bir
c. Ayda bir
d. Okumam

10. Hangi tiir miizik seversiniz?

a. Rock — Heavy Metal
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12.

13.

14.

15.

16.

17.

12

b. RAP

c. Tirkge veya yabanci Pop
d. Tirki

e. Miizik sevmem

Sinemaya ne siklikla gidersiniz?

a. Haftada bir

b. Ayda bir

c. Yilda bir

d. Neredeyse hi¢

Giinde kag saatinizi Internet basinda geciriyorsunuz?
a. Bazen hic, bazen bir saatten az

b. 1-2 saat
c. En az 3 saat

Kendiniz i¢in zararli oldugunu bildiginiz bir seyin ¢ok sevdiginiz bir arkadasiniz
tarafindan size teklif edilmesi durumunda...
a. Bir defaya mahsus kabul ederim

b. Kesinlikle reddederim
c. Bilemiyorum

Anne veya babaniz bir probleminiz oldugunda sizinle ilgilenir mi?

a. Sadece annem ilgilenir

b. Sadece babam ilgilenir

c. Annem ve babam ilgilenir
d. Bana pek karigsmazlar

Gelecekte hayatinizin bugiine gore nasil olacagini tahmin ediyorsunuz?
a. Daha kotii
b. Aym
c. Dabhaiyi
d. Fikrim yok

Bir sorununuz oldugunda paylasacaginiz ve kendinize en yakin hissettiginiz kisi

kimdir?

Annem veya babam

Kardesim

Akrabam

Ogretmenim

Arkadasim

Kendimi hi¢ kimseye yakin hissetmiyorum

mo a0 o

Bos zamanlarinizi en ¢ok kiminle paylasiyorsunuz?

a. Ailemden biriyle
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19.

20.

21.

22.

23.

24.

25.

b. Akrabalarimdan biriyle
c. Arkadaslarimla

d. Bilgisayarimla

e. Hig kimseyle

13

Asmak zorunda oldugunuz fakat asilmasi oldukcga gii¢ bir durumla karsilastiginizda...

a. Zor oldugunu biliyorsam hi¢ ugrasma geregi duymam
b. Biraz ugrasirim olmazsa olaylari1 kendi akisina birakirim
c. Ne kadar zor olursa olsun asmam gerekiyorsa elimden geleni yaparim

Kendime giivenim yok diye diisiiniiyorum.
a. Evetyok
b. Hayir var

c. Bilemiyorum
Okulunuzda en ¢ok sevdiginiz arkadaslariniz kimlerdir? Liitfen soy isimleriyle

birlikte yazin

Beslik sisteme gore bir onceki donem not ortalamaniz nadir. (Giirol, 2007):
Ogrencinin o ana kadar disiplin sucu isleyip islemedigi

Alkol bagimliliginin olup olmadigi

Sigara icip igmedigi

Madde bagimlist olup olmadig1

There are some possible questions that could have place in the questionnaire. These are:

e How many hours do you sleep?

¢ How much do you eat?

e Are you aggressive?

e [s there any tattoo on your skin?

e s there any cut or scratch on your arm?
e Are you eyes red?

e How is your wearing style?
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These questions have not been asked because, these are abuse symptoms. The aim of
the questions is not to figure out whether the person at that time is a drug abuser or not. These
answers do not show the leading reasons, but the results of addiction. Our project deals with

the reasons.

For the purpose of piloting, the questionnaire including 25 questions has been checked

and examined by the PDR teachers before applying. Necessary changes in it have been done.

2.3. Data Collection

With the official permission taken from B.CEKMECE ILCE MILLI EGITIM
MUDURLUGU, the questionnaires with the 20 questions have been distributed to the
students to fill out in Tepecik M.Hiisnii Ozyegin High School and B.Cekmece Primary
School. The answers of the last five questions have been given by the PDR teacher, assistant
principals and the teachers in these schools. 671 questionnaires in total, have been completed.

In these schools, only two drug users have been identified.

In addition, with the official permission taken from [STANBUL iL SAGLIK
MUDURLUGU, the same questionnaire has been applied to the 35 CEMATEM inpatients.
The CEMATEM clinic is the health center for the drug abused youth in the hospital,
“Prof.Dr. Mazhar Osman Bakirkdy Ruh ve Sinir Hastaliklar1 Hastanesi”. In CEMATEM,
some of the drug abusers have filled out the questionnaires by themselves and some of them

have only replied orally. Few of them have avoided giving their names and surnames.

In the database there are more than 700 records so at to use in the implementations of

the algorithms.



CHAPTER 3

DATA PREPARATION PROCEDURE

3.1. Recording Questionnaires to the Database

After collecting more than 700 questionnaires from the schools and the hospital, they
have been recorded to the database one by one. All the answers in the questionnaire have a
nominal value shown in the figure 3.1. The first integer value is the ID number of the person
filling out the questionnaire. ID numbers are used to keep the names secret for the purpose of
hiding the personal information. The second one is the age value. For the third one, 1 means
male; 2 means female. For the forth one, there are four choices. 1, 2, 3, or 4 are equal to “a”,
b”, “c” or “d” respectively. All the answers to the questions have been converted to integer

values by this method. But in the 7™ and 8" questions, 0 means “No”, 1 means “Yes”.

To illustrate, there are some randomly selected questions from the questionnaire below.
There are some integer values in the parenthesis at the end of each line. They represent the
numeric values of the nominal answers. All the integer values for a person are then recorded

to a line in the database.

15
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Table 3.1 Scoring the questionnaire with numeric values according to the answers

1. Yasmz: ............ (An integer value)
2. Cinsiyetiniz?
a. Erkek (1) b. Kiz (2)
4. Kiminle yastyorsunuz?

a. Sadece annemle (annem babam ayr1) (1)
b. Sadece babamla (annem babam ayr1) (2)
c. Annem ve babamla (3)

d. Baska bir akrabamda (4)

e. Yetimhanede (5)

f. Yurtta (6)

7. Enstriiman calar misiniz?

a. Evet(1) b. Hayir (0)
22. Ogrencinin o ana kadar disiplin sugu isleyip islemedigi (0: islemedi, 1: isledi)

23. Alkol bagimliliginin olup olmadigi (1: var, 0:yok)
24. Sigara i¢ip icmedigi (1:tiryaki, 0:degil)

25. Madde bagimlisi olup olmadigi (100:Bagimli, O:kesinlikle degil)

In the database, -1 means there is a missing value. In other words, the corresponding

question has not been answered in the questionnaire.

In the 20" question, students are asked to write their five best friends. They have
written the names yet it has been too difficult to find the ID numbers of the “best friends”.
For example, the student with the ID number 100 likes the students whose IDs are 96, 95, 93,
99 and 0 very much (the first row in the table). O in this section indicates void value. He has
written only four best friends. The answer to the 20" question is very important in this thesis,
because peer pressure plays a major role to lead a person to drug addiction (Windle &

Windle, 2003).

The answers of the 21°%, 22™ 23 24" and 25 questions have been taken from their
teachers. For these questions, 1 and 0 means “yes” and “no” respectively. For example in the

first row, the student with the ID number 100 has some misbehavior. The student with the ID
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number 101 is alcoholic. The student with the ID number 102 has a smoking habit. The
student with the ID number 103 is definitely a drug user. The student with the ID 120 is
alcoholic, smoker, and drug user, even though his GPA is 5. The value of 100 which is at the
end of this line indicates that he is 100% addicted.

Table 3.2 An extracted part from the db . t xt file

100121 1311111212145132229629 9399041000

101 1321 3210-113312331132116 103 105 108 1155 01 0 O
102 13 213-111113212331323 117 110 114 116 0 50 01 0
10313213 -110113122321332 116 113 108 101 0 4 0 0 O 100
104 14 213 -1200434134465230000040000

105 13213211113221331332 116 101 108 114 0 3 0 0 0 O
106 1311 3110013322332 332102116 000 -10000
10713 21322111321233113%2109% 112 11500 -1 0000

108 13 2132110221313 2542 1105101 114 116 0 4 0 0 O O
10913213121112122331332 112 114 107 108 110 -1 0 0 0 O
110 13 2133110151113 2432 2 104 114 115 100 0 -1 0 0 0 O
111 14113 2101222123421230000030000
112152131111 1213233133 2100114 107 108 0 -1 0 0 0 O
11313 2133101122223254321030000-100¢020

114 13 2131111234223 35132 102 108 100 110 115 4 0 0 0 O
11513 2132101132123 35132 103 117 108 116 107 4 0 0 0 O
116 13 21 3 2101231123313 3 2101 108 115 105 1154 0 0 0 O
117 13 2132310132123 31332102116 110 0 0 -1 00 0 O
118131 -13110122213341132 120131 000-100060
11917113 21012222214261111200000-10000

12013 1132301222123 4112111800005011100

As it is seen above, there are 25 attributes of each tuple for those classification
algorithms. In each line, the first value is the ID number; the following 19 integer values are
the answers to the questions in the questionnaire. Then, the five values are the IDs of best

friends. The last 5 values are the private and individual information taken from the school.
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Table 3.3 The structure of the database
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3.2. Preparing Data

In the questionnaire, all the answers are represented with integer values ranging from 0
to 6. Only the age attribute is between 10 and 20. Because all the data is in that format, there

1s no need to calculate the arithmetic mean and the standard deviation.

There is a figure below representing the steps of data preparation for further
calculations in this thesis. DBO.txt is the database as a text file; DBO[][] is the database as a

two dimensional array used in the implementations.

Deleting attributes if
DBO.txt most of them missing

DBO[][] » DB1[]I]

Filling up the
missing values
with Bayes Rule

Cleaning (removing) outliers
DB3.txt and liars DB2.txt

DB3[D DB2[][]

I[E

Preparing the training set
with 100 entries DB3.txt
DB3[][]

~
\

Ready to apply the
classification algorithms =

Figure 3.1 Steps of data preparation from questionnaires

3.2.1. Removing Outliers

Erroneous and noisy data has been corrected and some of them have been removed,
whereas missing data must be supplied or predicted by using data mining tools. In the
questionnaire, there are some entries that do not fit nicely into our derived model. These

outliers should be eliminated before calculations. The 21% question in the questionnaire
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according to the answers is regarded as outlier on the basis of the answers given by the

students and thus removed for the further steps.

3.2.2. Removing Liars

Some students have filled out the questionnaires randomly without reading. Moreover
some of them intentionally have given wrong answers. They are regarded as liars and
removed from the database to keep this study more reliable. There are some examples to

wrong answers below:

e A primary school student has written his age as 22.

e Someone has answered the 7" question “Do you play any music instrument?” as
“yes”. But in the 10™ question “Which kind of music do you like?” he has given the
answer “I don’t like music”. This is obviously a conflict. This record has been

extracted from the database.

e In the 3" question, “Are your parents alive?” a student has said “No”. But later, in the
14™ question “If you have a problem, who are you talking with?” he has said “With
both my mother and father.” This is also a conflict. This entry has been removed

from the database.
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Table 3.4 The Pseudo code finding the liars

function FindLiar (int N, int DB[MAX][MAX])
declare i, int
begin
fori — 1toi<=N
if DB[i][3]==4 AND DBJi][4]==3 // Parents Liars
makeliar(i)
if DBJ[i][1]>20 OR DBJi][1]<10 // Age Liars
makeliar(i)
if DBJ[i][3]==2 AND DB]Ji][4]==2 // Parents Liars
makeliar(i)
if DB[i][3]==3 AND DBJ[i]|[4]== // Parents Liars
makeliar(i)
if DB[i][3]==4 AND (DBJi][4]==1 OR DBJ[i][4]==2 OR
DB[i][4]==3) /I Parents Liars
makeliar(i)
if DBJi][14]==1 AND DBJ[i][3]==3 // Parents Liars
makeliar(i)
if DBJi][14]==2 AND DBJi][3]== // Parents Liars
makeliar(i)
if DBJi][14]==3 AND DBJ[i][3]!=1 // Parents Liars
makeliar(i)
if DB[i][7]==0 AND DBJ[i][10]== // Music Liars
makeliar(i)
if DBJ[i][16]==1 AND DBJ[i][3]== // Parents Liars
makeliar(i)
if DB[i][25]>=1 AND DBJ[i][25]<=5 // GPA Liars
makeliar(i)
end

The liars have been removed from the database to have more reliable, true and better
results. The implemented codes generate an output text file below, “OutLiers ID List.txt” to

show the liars.

Figure 3.2 The “OutLiers ID List.txt” file showing the liars

B OutLiers ID List.txt - Mok Defteri 10| x|
Dosya Dizen Bicim  Gardnim  Yardim
These Tiars shown below will be removed from the data base. ;l

79, 80, 84, 106, 200, 204, 219, 227, 238, 242,265, 288,
320, 345,380, 409, 443, 456, 459, 595, 600

Sk 3, 5t 23 ‘,?:
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3.2.3. Missing Data

In the questionnaire, there are few questions that have not been answered by the
students. While converting the questionnaires to numeric values, it is put as -1 to demonstrate
the missing data in the database. The missing data is replaced with Bayesian Probability

Technique although there are some other methods (Dunham, 2005a).

If there is a missing value of an attribute of a tuple, the whole probabilities of the
attribute in the all tuples ought to be examined. The one which is the biggest gets the value
that takes the place of the missing data. The Bayesian formula used in the codes is shown

below:

P(D1h).P(h)

P(hID)= P(D)

The explanation of the formula is in the Chapter 4, under the title Naive Bayes

Classifier.

Table 3.5 The “Frequency Table.txt” showing the frequencies of each attribute

Es Frequency Table.txt - Nok Defteri - |EI|1|

Dosya  Dizen  Bicim  Gordndm  Yardim

wvalue 0 0
wvalue 320 642
value 350 19
wvalue
wvalue
wvalue
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wvalue
wvalue
wvalue
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value 11:
value 12: 95
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value 16: 121
value 17: 114
value 18: 36
value 19: 4
value 20: 3
value 21: 0
value 22: 1
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Some outputs that show the frequencies of each attribute are given In the figure above.
For example, in the first column, there are 4 students at the age of 11. There are 95 students at
the age of 12. In the second column, it is presented that 320 students are male and 350

students are female.
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3.2.4. Deleting Attributes

In this step, some attributes (columns) are deleted. If missing values of an attribute are
in majority, the attribute is canceled and not contaminated to the calculations. For example,
only a few students have answered the question which asks their GPA. At least 1/3 is
missing. Therefore, this column is canceled and not added to the calculations. In the database,
the GPA attribute has been changed with the value of -2. In the implementation, -2 is

regarded as a void attribute.

Omitting some attributes in the DBO[] [] and converting it to DB1[] [] and

DB1.txt is performed in further steps.

Figure 3.3 The “Missing Data Info.txt” file showing the missing values

B Missing Data Info.txt - Not Defteri =] ]
Dosya Dizen Bigim Gérondm  ‘Yardim

1st 1ine is the attribute number . =]
2nd Tine s number of missing walues of the attribute

3rd Tine is the missing persantage

1 2 3 4 5 4] 7 8 o 10 11 12 13 14 15 16 17 18 1% 20 21 22 23 24 25 26 27 28 29 30
0 1 0 2 3 23 5 1 E 7 [ 4] 8 3 2 1 2 4] 5 4 0 4] 0 4] 0 402 0 4] 0 4]
Y] Y] Y] Y] Y] 3 Y] Y] 1 1 Y] Y] 1 Y] Y] Y] Y] Y] Y] Y] Y] Y] Y] Y] 0 590 Y] 0 Y]

In the 26. attribute, there are too many missing wvalues. It will be deleted.

-
< | B

[ 5t 1, 5tn 1 4

The implemented codes which removes outliers, extracts liars, tolerates missing data,

deletes attributes are presented in a file at the attachment.

3.3. Predefined Training Dataset

For classification problems, training dataset is an obligatory. All approaches to
performing classification require some predefined training dataset. A training set is used to
develop the specific parameters required by the technique. Training data consist of sample
input and output data as well as the classification assignment for the data (Dunham, 2005b).

The training set of data should be defined well before applying the algorithms.
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In the thesis, there are 110 tuples in the predefined set. 37 of them are absolutely 100%
drug users. 35 -out of 37- are from CEMATEM clinic. 2 -out of 37- are from M. Hiisnii
Ozyegin Tepecik High School. 63 students are chosen by the PDR department. 43 of them
are at risk ratios ranging from 10% to 80%. 20 students are at the risk ratio %0. The former

group and the latter group of students are put into these risk intervals on the basis of the

reasons of addiction discussed in chapter 2.



CHAPTER 4

APPLYING CLASSIFICATION ALGORITHMS

4.1. What is classification?

Classification is the most familiar and the most popular data mining technique.
Classification is also an important subject in Machine Learning, in Pattern Recognition and in

Artificial Intelligence. It is used in a variety of areas.

Typically, given a set of training instances with corresponding class labels, a classifier
is learned form these training instances and used to predict the class of a new instance (Jiang

et al, 2006).

4.2. Applied Classifiers in This Thesis

In this thesis, four types of classification method are applied to categorize the new
coming records. These algorithms are kNN as a distance based algorithm, Naive Bayes
Classifier as a statical based algorithm, ID3 and C4.5 as decision tree based algorithms, One-
Attribute-Rule (OneR) and PART as rule based algorithm. All four types of classification
methods are applied, discussed and criticized in this thesis. The definitions of some notations

used in these methods are as follows:
D is the database. £ is the i tuple in the database.

T= { h, B, 3, ... tn}

25
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D: { tla t2a t37 e tn}

C = { Class, Class,, Classs, Classs, Classs }

C is the set of classes including 5 types. It is defined in the Title 4.3. Risk Group

Classes.

f:D—-C

f1s the mapping function, in other words fis the classifier.

Ci={tilf(t)=Cj, 1<i<N,and tie D}

Each tuple in the database is assigned to exactly one class by the classifier algorithms.

4.3. Risk Group Classes (Output Classes)

All the classifiers applied in this thesis give outputs for each record in the database. The
output indicates the risk ratio for this person. There are five risk classes as outputs including

Classy, Class,, Classs, Classs, and Classs.

The risk ratio in Class; is between 0% and 20%. Since it is the lowest risk section, there

is no need to take any precautions. Students in this section are not at risk at all.

The risk ratio in Class, is between 20% and 40%. Students in this class are not potential

drug users. Bu that does not mean there is no risk at all.

The risk ratio in Classz is between 40% and 60%. Students in this section tent to be
potential drug users in the future. it will be better to inform the students about the harmful

effects of drugs and to take some precautions.

The risk ratio in Classs 1s between 60% and 80%. There is a very big risk for the

students in this section. It is compulsory to take urgent precautions.
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The risk ratio in Classs is between 80% and 100%. Since the risk rate is the highest in
this section, some precautions must be taken immediately. Educators and the family have to
be very careful about the student. If he/she is a drug user, it is compulsory to consult to an

AMATEM clinic immediately.

These risk groups can be seen in the figure below:

Table 4.1 Risk group classes

%10
%20
%30
%40
%50
%60
%70
%80
%90
%100

Class 1 | Very low risk
Class 2 Low risk

Class 3 Normal risk
Class 4 High risk
Class 5 | Very high risk

4.4. k-NEAREST NEIGHBORS ALGORITHMS (kNN)

As a type of an instance-based learning and a lazy learning algorithm, kNN is one of
the best and the most usable classification algorithms which is used largely in different
applications. The k-Nearest Neighbors algorithm is a common method for classifying new
tuples (entries, records, or instances) based on closest training examples in the feature space

(Jiang et al, 2006).

A kNN classifier determines the class label of a record by looking at the labels of its k
nearest neighbors in the training dataset and puts the record into the class that most of its

neighbors belong to (Aggarwal et al, 2008a).

The neighbors are taken from a set of objects for which the correct classification is
known. The training examples are vectors in a multidimensional feature space, each with a
class label. The training phase of the algorithm consists only of storing the feature vectors

and class labels of the training samples.
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4.4.1. k value

k is a positive integer, typically small. In the classification phase, k is a user-defined
constant and an unlabelled vector (a query or test point). It is classified by assigning the label
which is most frequent among the k training samples nearest to that query point. Usually
Euclidean distance is used as a distance metric. In this algorithm, the value of k yields some

problems (Wikipedia, 2010a):

e If the k value is high, the prediction of the output class for the new coming tuple
gets difficult.

e Larger values of k reduce the effect of noise on the classification.

e [f the k value is low, the number of output classes for the new tuple increases.

e To determine the k value depends on the users. Users sometimes can not decide
the appropriate value of k.

e If k is equal to 1, then the object is simply assigned to the class of its nearest
neighbor. If there is more than one nearest neighbor classes, the new object is

assigned to a class according to the average of these nearest classes.

Figure 4.1 Sample kNN classification (Wikipedia, 2010a)

The test sample (the green circle in the middle) should be classified either to the first
class of the squares or to the second class of the triangles. If & is equal to 3 it is classified to
the second class because there are 2 triangles and only 1 square inside the inner circle. If & is
equal to 5 it is classified to the first class (3 squares vs. 2 triangles inside the outer circle).

There is a special case here where the class is predicted to be the class of the closest training
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sample, in other words when k is equal to 1, is called the nearest neighbor algorithm

(Wikipedia, 2010a).

Determining the k value in this method usually seems to be problematic for users. To
avoid the k value problem and to have better results, the distance weighted kNN algorithm has

been applied in this study.

The accuracy of the kNN method can be degraded by the presence of irrelevant
features, or if the feature scales are not consistent with their importance. Much research effort
has been put into selecting or scaling features to improve classification. A particularly
popular approach is the use of evolutionary algorithms to optimize feature scaling (Nigsch et

al, 20006).

In this thesis, five kinds of kNN algorithms have been applied: Simple kNN, Absolute
Distance kNN, Euclidian Distance kNN, Distance Weighted kNN and finally Distance and
Attribute Weighted kNN. These algorithms are listed below from the least to the most

efficient.

4.4.2. Simple kNN

This type of method is the simplest and easiest one of kNN techniques. Only the

average of the closest tuples in the training set to the new record is assumed enough.

For instance, x and y are considered as two tuples. y is in the training set and x is the
new entry waiting to be placed into a class. x and y are composed of N features (attributes),

such that

x={x1, X2, X3, ... XN},

y=1{y1,y2 ¥3,... )N}

In order to implement the simple kNN, it will be enough to check whether there is a
difference between the values of each corresponding attributes of these two tuples. If there
is a difference between these two values of the corresponding attributes, it is regarded as 1. If

the values of the attributes are the same, it is regarded as 0.
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There is an example below in the figure 4.2 illustrating this Simple kNN method.

Risk=%10

The new
record

Risk=%60

Risk=%80

Figure 4.2 An example to Simple kNN

k value is taken as 3. There are four close tuples, whose distances less than or equal to
the k value(k=3), to the new record x,.,.. d 1s the distance between the tuples x; and x,,. N 1s

the number of tuples. f function finds the class of the new entry.

N
;f(xi)_10+70+60+80_
N 4

55

f (‘xnew ) =

The average of the risk values is 55. %55 is the risk factor of the new record. The new

coming record according to this technique will be put into the Classs.

This version of the KNN method has yielded the least efficient results.

4.4.3. Absolute Distance KNN

This version is obviously better than the Simple kNN method. We can compute the
absolute distances between two tuples using the absolute distance function d(x,y). x is the
new tuple to be put into a class and y is one of the tuples in the training dataset. x and y are

composed of N features (attributes), such that
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x={x1, X2, X3, ... XN},

y=1{y1,y2 ¥3,... IN}.

N refers to the number of features (attributes) of a tuple. In this thesis, the N value is

equal to 25. The distance function, absolute distance measuring has a formula:

X.— V.
l yl

4y =2,

To illustrate, an example is presented below illustrating this Absolute Distance kNN

method. The 5™ question in the questionnaire:

“What is the income of your family in a month?”

a. Less than 1000TL
b. Between 1000 and 3000TL
c. Between 3000 and 6000TL
d. More than 6000TL

The answers to this question are marked as 1 (for a), 2 (for b), 3 (for c), or 4 (for d)
respectively in the database. If the new record x has chosen “a” as an answer to this question,
its value is 1. On the other hand, if y record has chosen “d” as an answer, its value is 4. There
is a great gap in the financial situation between the records x and y. To find the absolute

distance between x and y, 1 is subtracted from 4. The distance is 3.
d , (x;.75) =‘x5 —ys‘ =[1-4/=3.00

If this example is applied to the same example in the previous technique, x will be the
new record; y will be the 4™ tuple whose risk value is %80. It is assumed that the distances of
1%, 2™ and 3™ tuples has not changed; only the 4™ tuple’s distance has changed. In the
previous technique the distance between x and y was equal to 1. But now it is equal to 3. As

it is seen in the figure below, the 4™ tuple has gone away 2 steps from the new record.
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Risk=%10

Risk=%710

The new
record

Risk=%60

Risk=%80 s

@' dy=2+2=4

Figure 4.3 An example to Absolute Distance kNN

k value is still taken as 3. There are four close tuples, whose distances less than or equal
to the k value (k=3), to the new record x,,,.. d is the distance between the tuples x; and x,,¢,,. N
is the number of tuples. f function finds the class of the new entry. But the 4t tuple has gone

away because of the Absolute Distance metric and not contaminated to the calculation.

N
;f(x") 10+70+60
N 3

=46.67

f(xnew) =

Now the average of the risk values is 46.67. %46.67 is the risk factor of the new record.
The new coming record according to this technique will be put into the same class, Classs.
But in this calculation risk factor decreases to 46.67% from 55%. In the previous technique,
the distance between these two tuples is accepted as just 1. But in this technique, the distance
is equal to 3. Because of that, this method gives better results than the previous method,

Simple kNN.
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4.4.4. Euclidian Distance KNN

Euclidian distance measuring is used to find out the real distance in N dimentional
space between two tuples. Because of that it can be said that it is better than Absolute

Distance Measuring. Euclidian distance measuring has a formula:

N
dE(x,y)=iZ:1:1/xi2—yl.2

N is the number of attributes of a tuple. N is equal to 25 in our study. It seems to be in a
25 dimensional space. dr is the Euclidian distance between the tuples x and y. N is the
number of features (attributes) of a tuple. To illustrate, the 50 question in the questionnaire
used in the previous title can be examined again. The answers of x and y are 1 and 4

respectively.
dE(xs,yS) =,4> -1 =3.87

By Euclidian distance measuring, the distance is calculated as 3.87. In the previous
technique, in the Absolute Distance Measuring, it was 3.00. On the other hand, in the simple
kNN version, the result was only 1.00. This example shows that Euclidian distance measuring
has given better results when it is compared with other measuring techniques mentioned

above.

4.4.5. Distance Weighted kNN

One obvious refinement to the k-Nearest Neighbor algorithm is to weight the
contribution of each of the k neighbors according to their distance to the query point Xy,
giving greater weight to closer neighbors. We might weight the vote of each neighbor
according to the inverse square of its distance from x. This is done by this formula (Mitchell,

1997a):

f(x,,,)=argmax > w,6(v, f(x,)) where

veV i=1
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1 1

32 2
X;)

T dx,

d is the distance between the tuples x; and x,.,. N is the number of tuples in the training

set. f function finds the class of the new entry.

To accommodate the case where the query point x,.,, exactly matches one of the
training instances x; and the denominator d(x;, xnew)2 is therefore zero, we assign f(Xyey) to
be f(x;) in this case. If there are several such training examples, we assign the majority
classification among them. We can distance-weight the instances for real-valued target
functions in a similar way, replacing the final line of the algorithm in this case by this

formula (Mitchell, 1997a):

In this technique, there is no need to try to detect the appropriate value of k which
represents the nearest neighbors in the KNN method. The k value can be smaller than half of
the N value. In our experiments larger k values can not give feasible solutions. Because
contaminating some tuples which are very far from the new record gives inefficient results.
Each of the N tuples in the k area has a contribution in the calculation. It ought to be noticed
that the closer tuples according to their distances to the new record have higher effects, the

further tuples have lower effects in the calculation.

Determining the appropriate k value is usually difficult in KNN technique. But in this
technique, the k value is omitted and the all tuples in the dataset are contaminated to the
calculation. In other words, each record in the training set has either low or high effect on
calculations. Thus, this method seems to be the best of all examined so far. To illustrate, an

example is presented in the figure below:
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Risk=%100

Risk=%25
d2:2

w=1/2°=0.25
Effect=f>.w,=25x0.25=6.25

d=10
ws=1/10=0.01
Effect=f,.w4s=100x0.01=1

d3=3
wy=1/3’=0.11
Effect=f;.w5=10x0.11=11

Risk=%15
d=1
wi=1/1°=1
Effect=fi.wi=15x1=1

Risk=%10
Figure 4.4 An example to Distance Weighted kNN (k=10).

The 4" tuple has the lowest effect on the new record although its risk is 100%. Its effect
is just 1 because of the long distance between itself and the new record. The 1%, 2" and 3"
tuples have higher effects on the new record. Their effects are 15, 6.25 and 11 respectively.

The risk value of the new record is found by the effects of all the tuples in this formula:

N
Zwif(xi)
= _I5+625+11+1 _
S (X)) =" =11 1 1 -7
> w, S+
' 1 4 9 100

i=1

Let’s assume that the 4™ tuple, whose risk value is 100, is not contaminated to the

calculation and try to see the risk value for the new record.

N
zwif(xi)
& 15+6.25+11
S (X)) =" =1 1 -2371
> ow, St
' 1 4 9

i=1

As it 1s obviously seen above the 4 tuple’s effect is very tiny, 0.56. The 4 tuple has

an 0.56 increment on the new record due to its long distance.
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fo () = f1(x,) =24.27-23.71=0.56

There is another example below that illustrates the higher effects of drug users who are
very close to the new record and the lower effects of non drug users who are very far from

the new record. The 1* tuple’s effect as it is seen in the figure is just 0.1.

Risk=%10
Risk=%10

dr=2
w,=1/22=0.25
di=10 Effect=f>.w,=75x0.25=6.25
wi=1/10°=0.01
Effect=f;.w,=10x0.01=0.1

The new
record

d3:3

Risk=%100 =3

ws=1/3%=0.11
Effect=f;.w;=80x0.11=8.8

d4:1
wa=1/1°=1
Effect=f,.ws=100x1=100

Risk=%80

Figure 4.5 Another example to Distance Weighted kNN (k=10).

N
D owf(x)
— 0.1+ 6.25+8.8+100
_ =1 _ _
f(x,,) =" e B T B I A
> ow, e
l 100 4 9 1

i=1

The risk factor of the new record is calculated as 84.05. As it is seen the closer tuples

has higher effects on the new record.

Let’s assume the 1* tuple is not contaminated to the calculation and try to see the risk

value for the new record.

2w f(x)

Flx,)=1 _6.25+8.8+100

ul I 1 1
Dw, S+
— 4 9 1

i=1

=84.59
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As it is obviously seen above the 1% tuple’s effect on the new record is very tiny, 0.54.

fr(x,.,)— fi(x,,)=284.59-84.05=0.54

In this technique, each tuple, whose distances less then or equal to &, has an effect on
the new record, which makes it better. It is robust and quite effective when there is a large

training dataset.

4.4.6. Distance and Attribute Weighted kNN

This kNN version is the most advanced and efficient one of all. In the previous versions
of kNN methods, one problem is the equal effect of all attributes in calculating the distance
between the new tuple and the available tuples in training set. Some of the attributes of a
tuple should be less important to the classification and some of them should be more
important. This results in misleading of classification process and decreasing the accuracy of
classification algorithm. A major approach to deal with this problem is to weight each of the
attributes differently when calculating the distance between two records. In this technique a

combined method is used to improve the accuracy of kNN (Moradian et al, 2009).

For example, smoking cigarette, being a heavy drinker, being a member of a
problematic family are the main factors leading the youth to addiction. That is why; these

attributes are more effective than others for classifying upcoming records.

y is in the training set and x is the new entry waiting to be placed into a class. x and y
are composed of N features (attributes). C identifies the weights (cost) of N attributes of each
record in the training set. dist has a formula that figures out the distance between the tuples x

and y.

dist(x,y) = i\/((ci *(x, -y, ))> where

x = {x1, X2, X3, ... XN}

y=1{y1, y2, y3..-- YN}

C={c1, 2, ¢3 ..., CN}



38

In the previous versions of kNN, the all weights of N attributes were equal to one
another (c; = ¢, =c3 = .... = cn ). But in this version, some attributes has higher effects on the

other hand some has lower effects.

The Euclidian Distance and Attribute Weighted formula that finds the effect of y on x

1s:
f(x)=argmax Y w,6(v, f(y,)) where

Wl.=d. [(1 )2 = 1 2
ist(x;,y, N 5
[ZJ(ci*(xi—yi» ]

f function finds the class of the new entry which is same as in the previous title
(Mitchell, 1997a):

Zwif('xi)
f(yi): =l N
wa

i=l1

To illustrate the Distance and Attribute Weighted kNN technique, an example is

presented in the figure below and the risk value is found for the new record.
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Smoking =NO
Risk=%10

d,=10

Smoking =NO
d|=10 Rl‘8k=%70
wi=1/10%=0.01 dr=2
Effect=f;.w,=10x0.01=0.1 wy=1/22=0.25

Effect=f>.w=70x0.25=17.50

) record
d4:2
w,=1/2°=0.25

Effect=f,.w,=80x0.25=20 42

wy=1/2=0.25
Effect=f3.w3=80x0.25=20

Smoking=YES Smoking =NO
Risk= f,=%80 Risk= f3=%80

Figure 4.6 An example to the Distance and Attribute Weighted kNN technique

As it is seen in the figure, only the 4™ tuple smokes cigarette. The distances from the
3" and the 4™ tuples to the new record are the same. And the risk values of the 3™ and the 4"
tuples are the same. The 4 tuple’s effect on the new record will be higher than the 31 tuple’s
because the 4™ tuple has a smoking habit. The effect of smoking habit is assumed as a little
bit greater than the other attributes in the applications. Therefore the effect of 4™ tuple will

increase to 25.

N
Zwif(xi)

5 _0.1417.5420+25
f) =" i — =82.36
Dw, B S

: 100 4 4 4

i=1

Without the extra effect of smoking attribute, the risk value for the new record will be

found by the distance weighted kNN formula:

N
,Z::'W"f(x") 0.1+17.5+20+20
1 111

. =75.78
>w, ettt
il 100 4 4 4

Sy =
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In this section, we considered about a new classification version of KNN so as to
increase the classification accuracy. In this algorithm, each of attributes is given different
weight to the calculation. Each attributes that is more weighted, has more effect on figuring
out the distance between two records and each attribute is less weighted has less effect on
figuring out the distance. The practical test showed that the suggested algorithm has the more

accuracy than previous the algorithms above.

The results of the other methods above have been compared with the results of this
combined method. This version of kNN seems to be the best of all. It yields the feasible
solutions. The implementation of these types of classification method of kNN is in a file at

the attachment.

4.4.6.1 Attribute Weights

The weights of the attributes in the training dataset are detected by the help of their
information gains. Their information gain ratios are found by Weka (detailed information is

under the title, 5.3. Most Relevant Attributes in the Training Set):

Information Gain Attribute Evaluation
Instances: 110

Attributes: 23

Ranked attributes:

0.4635 S22 .Disiplin

0.4337 S24.Sigara

0.3379 S14.Evebeyn_ilgisi
0.3346 S12.Internet

0.2957 S4.KiminleKaliyorsunuz
0.2904 S9.Kitap

0.2768 S8.Spor

0.2524 S19.Kendine_guven
0.2498 S17.Bos_zaman
0.2396 S23.Alkolik

0.2022 S10.Muzik

0.1826 S1.Yas

0.1749 S18.Asmak__zorunda
0.1317 S6.AkrabaZziyareti
0.118 S13.ArkadasIkram
0.1135 S3.Evebeyn

0.095 S7.Enstruman

0.0897 S5.Gelir

0.0724 S11.Sinema

0.0721 S16.Sorun_paylasimi
0 S15.Gelecekte_hayat
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As it is seen above, attributes are listed above from the most to the least efficient. The
most effective attributes which are the main factors leading adolescents to addiction are at the
top of the list. The less effective ones are at the bottom. Because of that the attributes at the

top have higher weights.

4.5. NAIVE BAYES CLASSFIER

Naive Bayes Classifier is another classification technique known as Bayesian
Classification. Bayesian classification is based on Bayes Rule of conditional probability. In
this method, each of the attributes has a part in calculation. Bayes Rule will be defined before

examining the steps of the classifier algorithm.

4.5.1. Bayes Rule (Bayes Theorem)

In classification problems and machine learning, determining the best hypothesis (the
most probable hypothesis) from some space H, given the training data D is very important.

Bayes Rule provides a way to calculate the probability of a hypothesis by this formula:

P(D | h).P(h)

P(hID)= P(D)

To define and examine Bayes Theorem, it is necessary to introduce the notations:

P(h) is the denote the initial probability that hypothesis 4 holds, before observing the
training data. P(h) is usually called the prior probability of 4 and may reflect any background
knowledge we have about the chance that 4 is a correct hypothesis. If there is no such prior
knowledge, then the same prior probability might be simply assigned to each candidate

hypothesis.

Similarly, P(D) denotes the prior probability that training data D will be observed (i.e.,
the probability of D given no knowledge about which hypothesis holds).

Next, P(D | h) denotes the probability of observing data D given some world in which
hypothesis 4 holds.
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More generally, writing P(x | y) denotes the probability of x given y. In machine
learning and classification problems, we are interested in the probability P (& | D) that 4 holds
given the observed training data D. P(h | D) is the posterior probability of h, because it
shows our confidence that /4 holds after we have seen the training data D. It is important that
the posterior probability P (A | D) reflects the influence of the training data D, in contrast to
the prior probability P(k) , which is independent of D.

Bayes theorem is the development of Bayesian learning methods because it enables a
way to calculate the posterior probability P(h | D), from the prior probability P(4), together
with P(D) and P(h| D) (Mitchell, 1997b).

There is an example to the posterior probability. In our experiments we have found that
94.4% of the drug users are smokers. On the other hand 8.3% of the smokers are drug users.

P is the probability, S is the smokers, and D is the drug users in the set.

P (S1D)=0.944
P(@DI1S)=0.830

4.5.2. Bayesian Classifier

It 1s also known as Naive Bayes Classifier. In this technique, the contributions of the
whole attributes are independent and each contribution is held equally to the classification

problem. This method has a big relation to the conditional probability, the Bayes Rule.

By analyzing the contribution of each “independent” attribute, a conditional probability
is determined at the beginning. A classification is done by combining the impact that the
different attributes have on the prediction. This approach is called “Naive” because it
assumes the independence between the various attribute values. Given a data value x; the
probability that a related tuple, #, is in class C; is described by P (C; | x;). Training data can be
used to determine P (x;), P (x; | C;), and P (C;)).

For each attribute x;, the number of occurrences of each attribute value x; can be
counted to determine P(x; ). Similarly, the probability P (x; | C;) can be estimated by counting
how often each value occurs in the class in the training data. When classifying a new record,

the conditional and prior probabilities generated from the training set are used to make
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prediction. This is done by combining the values of the different attributes from the tuple.
Tuple #; has p independent attribute values { x;1 , xi2 , Xi3 , .... Xj, }. It is known that P (xi | Cj)
will be calculated for each class C; and attribute x;. And finally it is easy to estimate P (#; | C))

(Dunham, 2005¢).

)4
paicy= | [P 1C))
k=1

To calculate P ( t; ), it is easy to find the likelihood that #; is in each class. The
probability that #; is in a class is the product of the conditional probabilities for each attribute

values. Therefore, it gets easy to classify the new tuple as the highest probability of all.

There is a table below as an example. This table is a predefined training dataset
including 14 tuples. The new coming tuples will be put in a class according to the 14 tuples in
the set by using the algorithms. In this dataset, there are four attributes as input. These are

age, gender, family income and smoking habit.

Table 4.2 A training data example for Bayesian Classifier

g = QOutput
g -5 é %\ =
=l E2c| &2| €2
dl gl | 2| &« ° _
S 2O EL | wd 2 &)
oY = 2D gS= | 2= =
Y < > @ O @ o= A N ~
eS| = o o v 9o =< O 7,
o | 2 E o) 8o, S > . 2
s | BT ETT | ZT | ET| 2 £
1 14 1 1 0 0 % 35 Class 2
2 14 2 4 0 1 % 75 Class 4
3 13 1 3 1 0 % 25 Class 2
4 15 1 2 0 0 % 30 Class 2
5 16 1 2 0 0 % 30 Class 3
6 17 2 2 1 0 % 0 Class 1
7 14 1 3 1 0 % 0 Class 1
8 12 2 1 0 0 % 10 Class 1
9 14 1 1 0 1 % 100 | Class 5
10 15 2 4 0 1 % 100 | Class 5
11 17 1 4 1 0 % 45 Class 3
12 17 1 1 0 0 %15 Class 1
13 14 1 1 1 1 %65 Class 4
14 15 1 4 0 1 %70 Class 4
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Given the training set, we can compute the probabilities:

P (Cl)= 4/14=0.286 (Ci means Class i, e.g. C1 means Class1)
P(C2)= 3/14=0.214
P (C3)= 2/14=0.143
P(C4)= 3/14=0.214
P (C5)= 2/14=0.143

Age Attribute Probabilities ( Groupl (Ages=12-14), Group2 (Ages=15-18) )

P (11IC1)=2/4 P(11C2)=2/3 P(11C3)=0 P(11C4)=2/3 P(11C5)=1/2
P (0IC1)=2/4 POIC2)=1/3 POIC3)=2/2 P0IC4)=1/3 POIC5)=1/2

Gender Attribute Probabilities (1=male, O=female)

P(1ICH=2/4  P(IC2)=3/3  P(1IC3)=2/2  P(1IC4)=2/3  P(1IC5)=1/2
P(OIC1)=2/4  P(0IC2)=0 P (0IC3)=0 POIC4H)=1/3  P(0IC5)=1/2

Family Income Attribute Probabilities (1=poor, 2=normal, 3=good, 4=rich)

P(1IC1)=2/4 P(11C2)=1/3 P(11C3)=0 P(11C4)=1/3 P(1IC5)=1/2
PQ2ICT)=1/4 PQ2IC2)=1/3 PQ2IC3)=1/2 P(21C4)=0 P2IC5)=0
P@IC1)=1/4 P(3IC2)=1/3 P(IC3)=0 P@IC4)=0 P(IC5)=0
P4ICT)=0 P4I1C2)=0 P4IC3)=1/2 P(41C4)=2/3 P(4IC5)=1/2

Sport Activity Attribute Probabilities (1=yes, 0=no)

P(1IC1)=2/4 P(11C2)=1/3 P(11C3)=1/2 P(11C4)=1/3 P(11C5)=0
POICT)=2/4 P(0IC2)=2/3 POIC3)=1/2 P(0IC4)=2/3 P(0IC5)=2/2

Smoking Habit Attribute Probabilities (1=yes, 0=no)

P(1IC1)=0 P(11C2)=0 P(11C3)=0 P(11C4)=3/3 P(1IC5)=2/2
POIC1)=4/4 P(0IC2)=3/3 POIC3)=2/2 P(0IC4)=0 P(0IC5)=0

Table 4.3 Probabilities of the class attributes in a table

Cl |[C2 |[C3 |4 |[G5

Age
Groupl 2/4 12/3 |0 2/3 |12
Group2 2/4 | 1/3 [ 2/2 | 1/3 |12
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Gender

Male 2/4 |3/3 [ 2/2 |2/3 |12
Female 2/4 |0 0 1/3 |12
Family Income

Poor 2/4 11/3 10 1/3 [ 12
Normal /4 [ 1/3 [ 1/2 |0 0
Good 1/4 113 |0 0 0
Rich 0 0 172 |2/3 | 1/2
Sport Activity

Yes 2/4 | 1/3 [ 1/2 | 1/3 |0
No 2/4 12/3 [ 1/2 [2/3 |22
Smoking Habit

Yes 0 0 0 3/3 122
No 4/4 13/3 1272 |0 0

For example x and y are the new records waiting to be classified.

x =< Age=17, Gender=Male, Family Income=poor, Sport=No, Smoking=Yes >

y = < Age=13, Gender=Female, Family Income=Rich, Sport=No, Smoking=No >
p

In order to classify x and y we will use this formula: P(1C)= HP(x,.k 1C;)
k=1

Calculations for the tuple x :

P(xIC1)=P(Age=17IC1).P(MalelC1).P(PoorlC1).P(Sport=NolC1).P(Smoke=YesIC1)
P(xIC1)=(2/4).(2/4).(2/4).(2/4).(0)=0
P(xIC2)=P(Age=17IC2).P(MalelC2).P(PoorlC2).P(Sport= NolC2).P(Smoke=Yes|C2)
P(xIC2)=(1/3).(3/3).(1/3).(2/3).(0)=0
P(xIC3)=P(Age=17IC3).P(MalelC3).P(PoorlC3).P(Sport= NolC3).P(Smoke=Yes|C3)
P(xIC3)=(2/2).(2/2).(0).(1/2).(0)=0
P(xIC4)=P(Age=17C4).P(MalelC4).P(PoorlC4).P(Sport= NolC4).P(Smoke=Yes|C4)
P(xIC4)=(1/3).(2/3).(1/3).(2/3).(3/3)=0.049
P(xIC5)=P(Age=17IC5).P(MalelC5).P(PoorlC5).P(Sport= NolC5).P(Smoke=YesIC5)
P(xIC5)=(1/2).(1/2).(1/2).(2/2).(2/2)=0.125

The result of the probability P(xICS) is the biggest one of all. Therefore the x record

will be put into the class 5.
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Calculations for the tuple y :

P(yIC1)=P(Age=13IC1).P(FemalelC1).P(RichIC1).P(Sport=NolC1).P(Smoke=NolC1)
P(OHIC1)=(2/4).(2/4).(0).(2/4).(4/4)=0
P(ylC2)=P(Age=13IC2).P(FemalelC2).P(RichlC2).P(Sport= NolC2).P(Smoke=NolC2)
P(IC2)=(2/3).(0).(0).(2/3).(3/3)=0
P(yIC3)=P(Age=13IC3).P(FemalelC3).P(RichlC3).P(Sport= NolC3).P(Smoke=NolC3)
P®»IC3)=(0).(0).(1/2).(1/2).(2/2)=0
P(ylC4)=P(Age=13C4).P(FemalelC4).P(RichlC4).P(Sport= NolC4).P(Smoke=NolC4)
PIC4)=(2/3).(1/3).(2/3).(2/3).(0)=0
P(IC5)=P(Age=13IC5).P(FemalelC5).P(RichlC5).P(Sport= NolC5).P(Smoke=NolC5)
POHICS)=(1/2).(1/2).(1/2).(2/2).(0)=0

There is an interesting situation above; the result of all the probabilities is equal to zero.

At that point classifying the tuple y becomes impossible.

As it seen above, this classification method gives only the class name as an output.
Sometimes the probabilities of some classes are computed as 0. Zero probabilities are always
painful for the Naive Bayes Classifier. Thus, this makes a barrier to predict the class of the

new records.

In our experiments, the Weka output of the Bayesian Classifier gives lower accuracies
than others. Correctly Classified Instances are 77.27% in this method. This algorithm’s detailed

outputs are at the attachment as a text file.

4.6. DECISION TREE ALGORITHM

In this section C4.5 and ID3 algorithms are implemented to construct a decision tree so
as to classify upcoming tuples. Before examining the algorithms and their details, decision

tree will be defined first.

4.6.1. What is Decision Tree?

Decision tree is used to classify new instances by sorting them down the tree from the
root to some leaf nodes. In other words, a decision tree is a tree in which each branch node
represents a choice between a number of alternatives, and each leaf node at the bottom

represents a predefined class as a final decision.
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Decision tree are commonly used for classifying the new tuples according to the
predefined training dataset. Beside this, it is used for gaining information for the purpose of
decision making. Decision tree starts with a root node on which it is for users to take first
actions. From this node, users split each node recursively according to the answer of the
question in the current node. The final result is a decision tree in which each branch
represents a possible scenario of decision and its outcome. When reaching to a leaf node at

the end this will be the class as a final decision for the new tuple (Peng et al, 2010).

4.6.2. ID3 Algorithm

ID3 is a useful and common decision tree constructer algorithm developed by Ross
Quinlan in 1983. The basic idea of ID3 algorithm is to construct a decision tree by applying a
top-down and greedy search technique through the given sets to test each attribute at every
tree node. The built tree models the classification problem according to the training dataset.
After building the tree, each tuple in database is applied to the tree and put into an output
class. At that point, the depth of the tree ought to be shorter in order to get efficient results in

a shorter period of time.

To construct a decision tree on vertically partitioned data requires some calculations.
The main problem is computing which site has the best attribute to split on — each can
compute the gain of their own attributes without reference to the other site. For this reason

entropy and information gain will be defied below.

4.6.2.1. Entropy

In information theory, entropy is used to measure the amount of uncertainty or surprise
or randomness in a set of data. In other words, it is a measure which characterizes the
impurity of an arbitrary collection of examples. Certainly, when all the data in a dataset
belong to a single class, there is no uncertainty. In this case entropy is 0. The value for
entropy is always between O and 1. And it reaches to a maximum value when the

probabilities are all the same. Obviously this maximum value is 1.

If the target attribute takes on c different values, then the entropy S is defined as

Entropy(S) =Y (-p;log, p,)

i=1
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where p; is the proportion/probability of S belonging to class i. Logarithm is base 2
because entropy is a measure of the expected encoding length measured in bits. For example
if training dataset has 14 instances with 6 drug users and 8 non drug users tuples, the entropy

is calculated as

Entropy ([6+, 8-]) = —(6/14)log,(6/14)—(8/14)log,(8/14) = 0.985

Entropy(S)

1.0 +

0.5+

Figure 4.7 Definition of entropy with a figure (Mitchell, 1997c):

S is a sample of training examples. p, is the proportion of positive examples in the set
S. pn is the proportion of positive examples in the set S. Entropy measures the impurity of S

as
Entropy(§) =-p,log, p, — p,log, p,

4.6.2.2. Information gain

Information Gain measures the expected reduction in entropy by partitioning the
examples according to this attribute. The formula of information gain, Gain(S, A) of an

attribute A, relative to the collection of examples S, is defined as

Gain(S, A) = Entropy(S)— Z %Enm;vpy( S,)

velalues( 4) | |
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where Values(A) is the set of all possible values for attribute A, and S, is the subset of §
for which the attribute A has value v. This measure is used to rank attributes and build the
decision tree where at each node is located the attribute with the highest information gain

among the attributes (Bahety, 2010).

4.6.2.3. Building the tree

ID3 in this study is used as a builder of the decision tree so as to classify the new
records. ID3 is a recursive partitioning algorithm. At first, all the training examples are at the
root. Examples are then partitioned recursively based on selected attributes. ID3 has a greedy
technique — in each case the attribute with the highest information gain is selected as the
partitioning attribute. Partitioning ends either when all samples for a given node belong to the
same class, or there are no remaining attributes, or there are no samples left (Aggarwal et al,

2008b).

The gain is used to rank attributes and build the tree where at each node is located the
attributes with greatest gain among the attributes not yet considered in the path from the root.

The aim of the ordering is to create small trees.

ID3 (Learning Sets S, Attributes Sets A, Attributes values V)
Return Decision Tree.

Begin
Load learning sets first, create decision tree root node 'rootNode', add learning set S into
root node as its subset.
For rootNode, we compute Entropy (rootNode.subset) first
If Entropy(rootNode.subset)==0, then
rootNode.subset consists of records all with the same value for the categorical
attribute, return a leaf node with decision attribute:attribute value;

If Entropy(rootNode.subset)!=0, then
Compute information gain for each attribute left (have not been used in
splitting), find attribute A with

Maximum(Gain(S,A)). Create child nodes of this rootNode and add to
rootNode in the decision tree.

For each child of the rootNode, apply ID3(S,A,V) recursively until reach node
that has entropy=0 or reach leaf node.
End ID3.
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4.6.3. Weka Application of ID3 Decision Tree

The decision trees are built by Weka, the popular and effective machine learning toolkit
program. All the attributes in the training set has a part in the decision tree calculations. Some
of the attributes according to their less importance are extracted from the calculations by this
program (Ian, 2005). ID3 and C4.5 as decision tree algorithms are applied. The Weka output

of ID3 according to the training set is as follows:

=== Run information ===

Scheme: weka.classifiers.trees.Id3

Relation: Madde_Bagimliligi

Instances: 110

Attributes: 23
Sl.Yas, S2.Cinsiyet
S3.Evebeyn, S4.KiminleKaliyorsunuz
S5.Gelir, S6.AkrabaZiyareti
S7.Enstruman, S8.Spor
S9.Kitap, S10.Muzik
S11.Sinema, S12.Internet
S13.ArkadasIkram, S14.Evebeyn_1ilgisi
S15.Gelecekte_hayat, S16.Sorun_paylasimi
S17.Bos_zaman, 518.Asmak_zorunda
S19.Kendine_guven, S22 .Disiplin
S23.Alkolik, S24.Sigara
class

Test mode: evaluate on training data

=== Classifier model (full training set) ===

S22.Disiplin =1
S14.Evebeyn_ilgisi =1
| S12.Internet =1

| | Sl.Yas = 15: Class3
| | Sl.Yas = 16: Class4
| | Sl.Yas 20: Class3
| S12.Internet = 2
|

|

|

I

| S6.AkrabaZiyareti 1: Class5
| S6.AkrabaZiyareti 2: Class5
| S6.AkrabaZiyareti = 3: Class4
S12.Internet = 3: Classb

S1l4.Evebeyn_ilgisi = 2: Classb

S1l4.Evebeyn_ilgisi 3

| S8.Spor =1

Sl.Yas = 14: Classb

Sl.Yas = 15: Class3

Sl.Yas = 16: Class4

Sl.Yas = 17: Class4

Sl.Yas = 18

| S6.AkrabaZiyareti = 1: Class4
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| S6.AkrabaZiyareti = 2: Class3
| S6.AkrabaZiyareti = 3: Class3
8.Spor = 0

S15.Gelecekte_hayat = 3
| S5.Gelir = 1: Class5

S55.Gelir = 2

| S9.Kitap = 2: Classb5
Class3
| S9.Kitap = 4: Classb

|
|
| | S9.Kitap = 3:
|
|

| |

| |

| S

| | S15.Gelecekte_hayat = 2: Classb
[

| |

| |

| |

| |

| |

| | S5.Gelir = 4: Class3

| | S15.Gelecekte_hayat = 4

| | | Sl.Yas = 17: Class3

| | | Sl.Yas = 18: Class3
S14.Evebeyn_ilgisi = 4

| S13.ArkadasIkram = 1: Classb

| S13.ArkadasIkram = 2

| | Sl.Yas = 15: Class4

| | Sl.Yas = 18

| | | S6.AkrabaZziyareti = 1: Class4
| 2: Classb
|

|

| | S6.AkrabaZiyareti
| Sl.Yas = 20: Class4
S13.ArkadasIkram = 3: Classb

22.Disiplin = 0

Sl.Yas = 11: Classl
Sl.Yas = 12

| 55.Gelir = 1: Class2
| S5.Gelir = 2: Classl
Sl.Yas = 13

| Sl6.Sorun_paylasimi = 1: Classl
|  Sl6.Sorun_paylasimi = 2: Class?2
| Sl6.Sorun_paylasimi = 5: Classl
| Sl6.Sorun_paylasimi = 6: Classb5
Sl.Yas = 14

| S10.Muzik = 1: Class3

| S10.Muzik = 2: Class?2

| S10.Muzik = 3: Class3

Sl.Yas = 15

| S17.Bos_zaman = 1: Classl

| S17.Bos_zaman = 2: Class?2

| S17.Bos_zaman = 3

| | S13.ArkadasIkram = 1: Class4
| | S13.ArkadasIkram = 2: Classl
| | Sl13.ArkadasIkram = 3: Class3
| S17.Bos_zaman = 4: Class?2
Sl.Yas = 16

| S16.Sorun_paylasimi = 1: Classl
| S16.Sorun_paylasimi = 2: Class3
| S16.Sorun_paylasimi = 3: Classl
| S16.Sorun_paylasimi = 5

| | S5.Gelir = 1: Class4

| | S5.Gelir = 2: Classl

Sl.Yas = 17

|

S16.Sorun_paylasimi = 1
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| | S6.AkrabaZiyareti = 1: Class4
| | S6.AkrabaZiyareti = 4: Class3
| S16.Sorun_paylasimi = 2: Classl
| S16.Sorun_paylasimi = 3: Classl
| S16.Sorun_paylasimi = 4: Class3
| S16.Sorun_paylasimi = 5

| | Sll.Sinema = 1: Class4

| | Sll.Sinema = 2: Classl

| | Sl1l.Sinema = 4: Class3

| S16.Sorun_paylasimi = 6: Class3
|

|

|

|

|

|

|

|

|
|
|
|
|
|
|
|
|
|
S
|
|
S
|
|
|
S

l.Yas = 18
55.Gelir = 1: Class3
55.Gelir = 3: Classb
l.Yas = 19
S9.Kitap = 1: Class3
S9.Kitap = 2: Classb
S9.Kitap = 3: Class4
l1.Yas = 20: null

=== Evaluation on training set ===

Correctly Classified Instances 107 97.3 %
Incorrectly Classified Instances 3 2.7 %

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall F-Measure ROC Area Class

1 0 1 1 1 1 Classl
1 0 1 1 1 1 Class2
1 0.034 0.875 1 0.933 0.998 Class3
0.885 0 1 0.885 0.939 0.998 Class4
1 0 1 1 1 1 Classb5
Weighted Avg.
0.973 0.006 0.976 0.973 0.973 0.999
=== Confusion Matrix ===

a b c¢c d e <—— classified as

17 0 0 0 0 | a = Classl

O 5 0 0 0 | b = Class?2

0O 021 O 0 | c = Class3

0 0 323 0| d= Class4

0O 0O O 041 | e = Classb

4.6.4. Weka Application of C4.5 Decision Tree

There is a pruned tree constructed by C4.5 Algorithm as an extension of ID3. In this
algorithm all the attributes in the questionnaire are included in the calculation. The Weka

output of pruned C4.5 decision tree is as follows:



=== Run information ===

Scheme: weka.classifiers.trees.J48 (Application of C4.5)
Instances: 110
Attributes: 23

C4.5 (J48) pruned tree

S22 .Disiplin = 1

S23.Alkolik = 1: Classb

S23.Alkolik = 0

| S24.Sigara = 1
| S8.Spor =1
| S2.Cinsiyet =1
| S15.Gelecekte_hayat <= 3
| | S7.Enstruman = 1: Class3
| | S7.Enstruman 0: Class4
| S15.Gelecekte_hayat > 3
| | S1.Yas <= 17: Class4

|

|

|

|

|

| | | Sl.Yas > 17: Classb

| S2.Cinsiyet = 2: Classb

S8.Spor = 0

| S2.Cinsiyet = 1

| | S15.Gelecekte_hayat <= 3: Classb
| | S15.Gelecekte_hayat > 3: Class3
| | S2.Cinsiyet = 2: Class3

S24.Sigara = 0: Classb

|
|
|
|
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
|
|
S22.Disiplin = O
|
|
|
|
|
|
|
|
|
|
|
|

S24.Sigara = 1
| S13.ArkadasIkram = 1: Class3
| S13.ArkadasIkram 2: Class3
| S13.ArkadasIkram = 3: Class4
S24.Sigara = 0

| S16.Sorun_paylasimi <

| S13.ArkadasIkram

Classl

S13.ArkadasIkram = Classl

w N = O,

S13.ArkadasIkram

|
| |

| |

| | | S2.Cinsiyet = 1: Class3
| | | S2.Cinsiyet = 2: Class?2
| S16.Sorun_paylasimi > 5: Classb
Number of Leaves : 18

Size of the tree : 33

=== Evaluation on training set ===
Correctly Classified Instances 95
Incorrectly Classified Instances 15

= o
o\°

w o
o
o\°

Detailed outputs of the C4.5 technique is in a text file at the attachment. In the
experiments, the accuracy of ID3 is found surprisingly greater than C4.5’s. In fact, it is

expected that the fact that the accuracy of C4.5 should be greater.
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As it is seen above, a decision tree classifies new instances quite fast and is evaluated
even faster than the other algorithms. For example an instance x, has given to the answers to

the questions as:

X = <Sl.Yas=15, S2.Cinsiyet=1, S3.Evebeyn=1,

S4.KiminleKaliyorsunuz=1, S5.Gelir=2, S6.AkrabaZiyareti=1,

S7.Enstruman=0, S8.Spor=0, S9.Kitap=1, S10.Muzik=1,

S11.Sinema=1, S12.Internet=1, S13.ArkadasIkram=2,

S14.Evebeyn_ilgisi=1, S15.Gelecekte_hayat=2,

S16.Sorun_paylasimi=3, S17.Bos_zaman=1, S18.Asmak_zorunda=1,

S19.Kendine_guven=1, S22.Disiplin=0, S23.Alkolik=0,

S24.Sigara=0>

First of all, the first question at the root of the decision tree will be answered. As the
reply of the tuple x to that question is S22.Disiplin=0, we will go to the right side. Since
the answer to the next question at that node is S24.Sigara=0 we will go to the right side
again. The answer to S16.Sorun_paylasimi 1is 3, then we will go to the left side to
answer the question, S13.ArkadasIkram. Since the answer is 2, the output class for the

tuple x is Classl.

4.7. RULE BASED ALGORITHMS

4.7.1. One-Attribute-Rule Algorithm

One simple approach in classification algorithms is OneR (one-attribute-rule, or shortly
IR) as an attribute based algorithm proposed by Holte (Holte, 1993). The basic idea in this
technique is to choose the best attribute to perform the classification based on the training
data. Only one attribute (because of that it is called 1R) is assumed sufficient to classify new
coming records. The idea of the OneR algorithm is to find the one attribute to use that makes
fewest prediction errors. In this method, some calculations should be done to find the “best”
attribute. “Best” is defined by counting the number of errors for each attribute. The one
which has less total error of all values will be the “best” attribute for the OneR algorithm. In
other words, OneR selects the rule with the lowest error rate. In the event that two or more

rules have the same error rate, the rule is chosen randomly.
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The OneR algorithm creates one rule for each attribute in the training dataset and then
selects the rule with the smallest error rate as its “one rule”. To create a rule for an attribute,
the most frequent class for each attribute value must be determined. The most frequent class
is simply the class that appears most often for that attribute value. A rule is simply a set of
attribute values bound to their majority class; one such binding for each attribute value of the
attribute the rule is based on (Buddhinath et al, 2010). The pseudo-code for the OneR

algorithm is as follows:

Begin

For each attribute A,
For each value V, of the attribute, make a rule as follows:
count how often each class appears
find the most frequent class Ct
create a rule when A= V,; class attribute value = Ct
End For-Each.
Calculate the error rate of all rules
End For-Each.

Chose the rule with the smallest error rate

End.

The Weka output for OneR algorithm is in a text file at the attachment. Its summary is

as follows:

=== Run information ===
Relation: Madde_Bagimliligi
Instances: 110
Attributes: 23
=== Classifier model : OneR ===
S22 .Disiplin:

1 —-> Classb5

0 -> Classl

(55/110 instances correct)

Correctly Classified Instances 55 50%
Incorrectly Classified Instances 55 50%

As it is seen above, the 22™ question in the questionnaire is the best attribute

(minimum-error attribute) that is used for prediction.
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4.7.2. PART Algorithm

PART is a separate-and-conquer rule classifier proposed by Eibe and Witten. This
algorithm producing sets of rules called ‘decision lists’ which are ordered set of rules. A new
data is compared to each rule in the list in turn, and the item is assigned the category of the
first matching rule. PART builds a partial C4.5 decision tree in each iteration and makes the
“best” leaf into a rule. The algorithm is a combination of C4.5 and RIPPER rule learning

(Eibe, 1998).

The Weka output of PART algorithm is in a text file at the attachment. Its summary is

as follows:

=== Run information ===

Relation: Madde_Bagimliligi

Instances: 110

Attributes: 23

=== (Classifier model : PART decision list ===

S22 .Disiplin = 1 AND S23.Alkolik =1 : Classb
S24.Sigara = 1 AND S19.Kendine_guven = 1 : Classb
S24.Sigara = 1 AND S8.Spor = 1 AND

S22.Disiplin = 0 AND Sl13.ArkadasIkram = 2 : Class3
S24.Sigara = 1 AND S8.Spor = 1 AND

S1l4.Evebeyn_ilgisi = 3 AND Sl.Yas <= 17 : Class4
S22.Disiplin = 1 AND S24.Sigara = 0 : Classb5
S24.Sigara = 1 AND S5.Gelir = 2 AND Sll.Sinema = 2 : Class3
S24.Sigara = 1 AND S5.Gelir = 2 AND Sll.Sinema = 3 : Classb
S24.Sigara = 1 AND S5.Gelir = 1 AND S22.Disiplin = 0 : Class3
S24.Sigara = 1 AND S5.Gelir = 1 AND S18 = 2 : Class4
S24.Sigara = 1 AND S5.Gelir = 1 AND

S1ll.Sinema = 4 AND Sl2.Internet = 2 AND Sl.Yas <= 19 : Classb
S24.Sigara = 1 AND Sll.Sinema = 4 AND

S14.Evebeyn_ilgisi = 3 : Class3
S24.Sigara = 1 AND S5.Gelir = 1 AND S8.Spor = 1 : Class4
S24.Sigara = 1 AND S5.Gelir =1 : Classb5

S24.Sigara = 0 AND Sl6.Sorun_paylasimi <= 5 AND

S13.ArkadasIkram = 2 : Classl
S17.Bos_zaman = 3 AND Sl.Yas > 13 : Class3
S12.Internet = 3 : Classb
S15.Gelecekte_hayat > 3 : Class2
Number of Rules : 18

Correctly Classified Instances: 98 89 %

Incorrectly Classified Instances: 12 11 %

As it is seen above, as its accuracy is 89%, it is higher than OneR.
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4.8. USING GRAPH THEORIES

Peer pressure plays a great role in leading a person to addiction (Kircan, 2006),
(Kimmel, 1995), (Windle, 2003). In the questionnaires, their best friends are asked to the

school students for the purpose of indentifying the friendships among them.

To illustrate that, the relations among students are shown in a graph as an example in
the figure below. It is an undirected and unweighted graph. In the graph each node which has
a number in it represents the ID number of a record in the database. The edge between two
nodes represents the adjacency, in other words it indicates the friendship between these two

friends.

Risk=%100

Risk=%100

O,

Risk=%100

Risk=%10

Risk=5%10 Risk=%35

Risk=%30
Risk=%25

Figure 4.9 Graph representation of friendships.

As it is seen in this figure, the 4™, 7", and 13" nodes are drug abusers. Although the
13™ person is absolutely a drug user, he/she has no bad effect on the others because he has no

relationship with other students.

1%, 2", and 3" students have a friend group. Their risks are 30, 25, and 30 respectively.

None of them is a drug user. Thus, there is not a big risk for these students.
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5™ 6™, and 9™ friends are highly at risk because they have friendship with the addicted

students.

8™ 9™ 10™ and 11™ have an adjacency among them. Only 9™ student is at risk because

of the 7™ student. The 9" student has higher risk of addiction than the others.

The relationships among students represented in the figure above are put into a two
dimensional array. In order to keep the graph with its nodes and edges, two dimensional array
is used to store the nodes and adjacencies so as to implement the BFS algorithm. To illustrate,

there is an array below which keeps the graph in the memory.

Table 4.4 Matrix graph representation using two dimensional array
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Breadth First Search (BFS) as a graph search algorithm is used to find the relationship
among friends. It begins at a node and explores all the neighboring nodes. Then for each of
those nearest nodes, it explores their unexplored neighbor nodes. BFS is an uninformed
search technique that aims to expand and examine all nodes of a graph by systematically
searching through every solution. In other words, it exhaustively searches the entire graph or
sequence without considering the goal. All child nodes obtained by expanding a node are

added to a FIFO (First In First Out) queue data structure.
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The algorithm of BFS is as follows (Wikipedia, 2010b):

1. Enqueue a node in the graph (put it into the queue).
2. Dequeue a node and examine it (take a node from the queue).
1. If the element is found in this node, quit the search and return a
result. (Or continue to search)
ii. Otherwise enqueue any successors (the direct child nodes) that
have not yet been discovered.
3. If the queue is empty AND every node on the graph has been examined — quit
the search and return "not found".

4. Repeat from Step 2.



CHAPTER 5

EXPERIMENTAL RESULTS, EVALUATION, COMPARISONS

5.1. Implementation of the Algorithms

The C programming language is used on the Windows environment in order to
implement the classifier algorithms. The compiler is Devcpp v4.9 as an ANSI C Compiler (It

can be downloaded from www.bloodshed.net). After recording all the questionnaires to the

database db0 . txt, the output files as text formats are created by the codes in the files a the
attachment. The Weka v3.6.0. program is also used so as to check the results and measure the

accuracies of the algorithms.

Even though implementing the algorithms in C programming language is very difficult,
it provides us many benefits. First, the different versions of kNN algorithms can only be
possible by this way. Especially applying the last two version, Distance Weighted kNN and
Attribute and Distance Weighted kNN, can be possible in C. Programming gives us a flexible

opportunity and scalability. This could be very difficult in Weka or in another program.

5.2. Input and Output Files

Our implemented codes need some input files to run. Each algorithm gives some

outputs. Input and generated output files are listed below.

DBO.txt : The initial (raw) database file. The new coming records take place at the end

of file. All the attributes are numeric ranging from 0 to 20. -1 represents missing value.
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TrainingSet.txt : In this file there are 110 tuples. 37 of them are definitely drug users.
The others are in Class2, Class3, Class3 and Class4. The classifier algorithms uses this file to

classify upcoming queries.

DB1.txt : Some attributes is omitted in the DBO.txt and this file is converted to the
DB1.txt file. In this section, some attributes(columns) are deleted. If 33% of the attribute is

missing, these attribute are deleted by changing the values with -2

DB2.txt : Some missing data in the DB1.txt file is filled with appropriate values. Then
it is converted to the DB2.txt

DB3.txt : Some noisy data in the DB2.txt file is removed and converted to DB3.txt.

DB4.txt : Some outliers and liars in the DB3.txt are cleaned and this file is converted

the DB.txt file for the use of algorithms. -2 represents omitted attributes.

Frequency Table.txt : Values in this file is the purpose of checking if there is an error

or not. In addition, this integer values are used in the Naive Bayes Technique.

Missing Data Info.txt : This file shows the number of missing data of each attribute in
the database. The attribute number in the 1* line, number of missing values of the attribute in
the 2™ line, the missing percentage of each attribute in the 3" line are showed in this file. In
our experiments the 26™ attribute, it is seen that there are too many missing values. This C

program deletes this 26™ attribute in the database.

kNN1.txt : In this file there are outputs of the records in the database by the help of
Simple kNN algorithm.

KNN2.txt : In this file there are outputs from the algorithm, Absolute Distance kNN.
kNN3.txt : In this file there are outputs from the algorithm, Euclidian Distance kNN.
KNN4.txt : In this file there are outputs from the algorithm, Distance Weighted kNN.

KNNS.txt : In this file there are output classes for the records in the database by using

the attribute and distance weighted kNN algorithms.
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Bayesian.txt : In this file there are outputs of the records in the database by the help of

Naive Bayes Classifier.

Missing Data Info.txt : In this file there is a list that represents the extracted attributes

from the dataset and training set. In our experiments the 26™ has been deleted.

Liars ID List.txt : This file shows the liars who have filled out the questionnaires

randomly or intentionally.

Weak TestSet Outputs : All the output files of the implemented algorithms (Id3, C4.5,
kNN, OneR, PART, Naive Bayes and so on ) in text formats is at the attachment. All the files

contains the results.

Weka Outputs of Algorithms Accuracies : These files contain the text files of the

accuracies of the algorithms.

5.3. Most Relevant Attributes in the Training Set

The most relevant attributes in the training set can be found by Weka. Attribute
selection is done for the purpose of finding which subset of attributes works best for
prediction. This is done by searching through all possible combinations of attributes in the

training data. Information Gain Attribute Evaluation method is used as an attribute evaluator.

Information Gain Attribute Evaluation
Instances: 110

Attributes: 23

Ranked attributes:

0.4635 S22 .Disiplin
0.4337 S24.Sigara

0.3379 S14.Evebeyn_ilgisi
0.3346 S12.Internet
0.2957 S4.KiminleKaliyorsunuz
0.2904 S9.Kitap

0.2768 S8.Spor

0.2524 S19.Kendine_guven
0.2498 S17.Bos_zaman
0.2396 S23.Alkolik

0.2022 S10.Muzik

0.1826 Sl.Yas
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0.1749 S18.Asmak_zorunda
0.1317 S6.AkrabaZiyareti
0.118 S13.ArkadasIkram
0.1135 S3.Evebeyn

0.095 S7.Enstruman

0.0897 S5.Gelir

0.0724 S11.Sinema

0.0721 S16.Sorun_paylasimi
0 S15.Gelecekte_hayat

As it is seen above, attributes are listed above from the most to the least efficient. The
most effective attributes which are the main factors leading adolescents to addiction are at the

top of the list. The less effective ones are at the bottom.

5.4. Comparisons among Algorithms

Six different classification algorithms have been applied. They have all given similar
results. Criticizing these techniques is appeared below by looking at the output files.

Comparing the accuracy of algorithms according to the training set is as follows:

Table 5.1 Comparing the accuracies of implemented algorithms

Distance
. Distance &
OneR | PART | ID3 | C4.5 g:‘:; (1;1513\1) (L‘_Ng) Weighted | Attribute
y = = KNN | Weighted
kNN
Correctly
classified 50% | 89% |97.30% | 86.40% |77.20% | 73.60% | 73.60% | 97.30% | 98.20%
instances
Incorrectly
classified 50% | 11% | 2.70% | 13.60% |23.80% | 26.40% | 26.40% | 2.70% 1.80%
instances

The most efficient algorithms as it is seen in the table above are Distance Weighted
kNN and ID3. 97.30% percentage of the data can be classified correctly. This ration is the
biggest one of all.
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Figure 5.1 Comparing the accuracies of implemented algorithms

5.4.1. Naive Bayes Classifier

Naive Bayes can be used for both binary and multiclass classification problems. It is
easy to implement, fast in running, and highly scalable model building and scoring. But if the
training set is not rich enough, some probabilities of the attributes in the training set can be

zero. This is big barrier to calculations.

But the Naive Bayes Classifier has given 23.80% incorrectly classified outputs in the
experiments. In other words, 23.80% of the students are put into the wrong class. It could not
give the satisfactory results in our implementations, because it holds all the attributes equally.
But some attributes has higher effect than others. For example, smoking attribute has a higher

effect than going to the cinema occasionally attribute.

In addition, this method requires a well prepared maybe the best prepared training data.

All the probabilities and estimations in this technique depend on the training set. There
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should be more than 2000 tuples in the training set so as to get satisfactory and feasible

results.

5.4.2. KNN Classifiers

Since kNN is the most flexible and customizable algorithm according to our needs, it
can be accepted as the best one. Especially the “distance and attribute weighted version of
kNN’ has given the best results of all. In this method, weighting some particular attributes
can be done by only writing the C codes. There has been a chance for us to customize the
calculations in C programming. Besides, kNN gives the precise results ranging from 0% to
100%. For example kNN can give some outputs such as 14.56%, 47.59%, and 70.44%. But
the other methods give us only the class names such as Class;, Class,, Classs, Classs, and

Classs. KNN performances in different k values are as follows:

Table 5.2 Comparing the accuracies of kNN algorithms

Distance
Distance

KNN | KNN | KNN | kNN | kNN | kNN and

Weigh Attri
k=1 | *k=3) | =5 | (k=10) | (k=15) | (k=20) i',%Nted Wg[gi‘ite%

KNN

Correctly
classified 97.30% | 73.60% | 71.80% | 70.00% | 61.80% | 63.60% | 97.30% 98.20%
instances

Incorrectly
classified 2.70% 26.40% 28.20% | 30.00% | 38.20% | 36.40% 2.70% 1.80%
instances
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The Accuracy of KNN Algorithms
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Figure 5.2 Comparing the accuracies of kNN algorithms

As it is seen above in the table and in the figure, when the k value gets higher the
accuracy slows down. The best solution can be taken by the Distance and Attribute Weighted

kNN algorithm.

5.4.3. ID3 and C4.5 Classifiers

Similar to Naive Bayes Classifier, ID3 depends on the training data. First of all, the
decision tree is constructed according to the training set. Then, the decision tree is applied to
each tuple in the database. But building the decision tree has required a lot of calculations.

The accuracy of DTs is not good as others even though classifying new tuples very easily.

5.4.4. OneR and PART C(lassifiers

Generating a rule according to only one attribute among a lot of attributes should not be
accepted sufficient for this study. As it is known, there are many reasons leading a person to
addiction. Depending on only one attribute, these algorithms can not be accepted as

applicable to this study.
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In the experiments, OneR gives us just two possible classes, Classl and Class5 by
checking out the S.22.Disiplin attribute. On the other hand OneR ignores the other

classes, e.g. Class2, Class3 and Class4.

5.5. Outputs of the Implemented Algorithms

In the table, all the tuples in the database are put in five classes by the implemented

algorithms. The percentages of the classes for each algorithm are shown below.

Table 5.3 The percentage of the classes for each algorithm

Classl | Class2 | Class3 | Class4 | Class5

C4.5 66.0% | 11.4% 9.8% 3.2% 9.5%
ID3 66.2% 8.9% 8.8% 3.4% 12.8%
Naive Bayes Classifier 56.8% | 14.8% | 16.2% 4.2% 8.2%
OneR 94.8% - - - 5.2%
PART 69.5% 6.8% 10.2% 6.0% 7.5%
kNN (k=5) 82.6% 2.8% 2.5% 7.7% 5.2%

Distance Weighted kNN (k=5) 76.3% 4.6% 5.7% 5.8% 7.5%
Distance & Attribute Weighted 73.4% 16.3% 359 0.8% 1.1%

kNN (k=5)
100%
90% | L - N | | |
80% - ] = =
70% - . . I
60% | l | | @mClass5
50% +— —{ |OClass4
40% O Class3
30% || || | mClass2
20% O Class1
10% -
00/0 T T T T
C4.5 ID3 Naive OneR PART kNN Distance Distance
Bayes (k=5) Weighted &
Classifier kNN Attribute
(k=5) Weighted
kNN
(k=5)

Figure 5.3 The percentages of the classes generated by the algorithms
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Figure 5.4 The percentages of the classes in groups

5.6. Outputs of the Implemented kNN Versions
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In the table below, all the records in the dataset are put into the classes by the versions

of kNN algorithms. This table shows only the percentages of the classes. In this table, the

reliable version of kNN is obviously the Attribute and Distance Weighted one.



Table 5.4 Outputs of the kNN algorithms in percentages

Classl |Class2 |Class3 |Class4 |ClassS
ﬁ;tgb“te and Distance Weighted | -5 1o/ | 1630 | 359, | 08% | 1.1%
Distance Weighted kNN 76.3% | 4.6% 5.7% 5.8% 7.5%
kNN (k=1) 65.7% | 11.5% | 92% | 45% | 9.1%
kNN (k=3) 69.5% | 3.1% | 42% | 57% | 3.7%
kNN (k=5) 82.6% | 2.8% | 25% | 7.7% | 52%
kNN (k=10) 86.2% | 1.1% 1.8% | 7.7% | 3.2%
kNN (k=15) 86.3% | 0.2% 1.8% | 80% | 3.7%
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CHAPTER 6

CONCLUSION

As it is known, it is a reality that to digitalize the whole psychological status of a
human being is really hard. Normally converting someone’s emotional status, habits, attitudes
and some other specifications to numeric values seems impossible. But in this thesis, we have
tried to overcome this hardship this on an interesting and hard title, detecting students at risk
of substance abuse by using data mining classification algorithms. At the end of this study,

we have seen that some advanced scientific studies can be done on this subject.

In order to get more feasible and more efficient results from this kind of study there are
some suggestions below about a scientific committee, the applied questionnaire, the used

training set, the implemented algorithms and the results of the study.

Firstly, there ought to be a scientific committee strictly studying on this project. In the
committee there might be some psychologists, sociologists, psychiatrists, academicians,
educators, PDR teachers, computer engineers, I'T programmers, and some relevant specialists.
In the application of the Distance and Attribute Weighted kNN method, this committee can
give different weights to each attribute in the training set. Only this kind of a committee can

have the opportunity to find the feasible and reliable solutions.

In the questionnaire there should be at least 50 questions for a strict and serious
application for the youth in schools. Moreover the questions should be selected by the
committee. 20 or 25 questions in the questionnaire can be seen sufficient in the initial steps
but in further levels, the number of questions aimed to decipher the whole specialties of a

human being should be at least 50.
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If the training set would be larger than the one used in this project, we could have better
outputs. In our study the number of tuples in the training set is 110. There should be at least
2000 different entries in the predefined training set defined by the committee. Each of the

entries should be different from the others in the set and has a different risk value.

The training set should contain a lot of different entries. All the probabilities of the
attributes in that phase should have a value which is different from zero. If the conditional
probability used in the Naive Bayes Classifier is zero, classifying the new records gets
difficult, sometimes impossible. For this reason, there should be a variety of tuples in the

training set.

For the training dataset we have prepared 110 tuples in different risk ratios raging from
0% to 100%. In our applications, if a person as a tuple in the training set smokes cigarette
his/her risk ratio is established as higher than 50%. Additionally if a person both smokes and
has misbehaviors, his/her risk ratio established as higher than 70%. This is the way that we

have chosen so as to create the predefined training dataset.

On the other hand, there is another approach in the style of defining the training dataset.
It is to put only drug users and non drug users into the training set. Therefore the risk values
for the tuples can be either 0% or 100%. In this style there is no need to give different risk
ratios raging from O and 100 to the tuples in the training set. By applying the classifiers to
some particular new records some different risk ratios can be calculated. These particular
records as intervals, whose risk values are ranging from 0% to 100%, then can be added to

the training set for the purpose of enriching the training set.

As it is seen in the experiments, The Attribute Weighted kNN and The Distance and
Attribute Weighted kNN methods have given the best results of all. Beside these applied
methods in this thesis, more advanced and effective classifier algorithms can be implemented
to this study. Especially, in The Distance and Attribute Weighted kNN method, different
weights to each question (attribute) in the training set can be given by the scientific
committee. By applying the other classifiers techniques similar types of results can be taken.
Therefore, an opportunity occurs in order to compare these algorithms for the purpose of
figuring out the most efficient one. At the end weaknesses and strengths of the implemented

algorithms can be compared at the same time.
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This thesis deals with an interesting and beneficial study, drug dependency of the
youth. It focuses on a common problem of the new generation in the world by using a new
and original method. Besides, it tries to find a plausible and feasible solution as an urgent
precaution system for those students who are highly at risk of drug dependence. As a

conclusion, it can be said that this thesis is a blueprint of further and advanced steps.
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APPENDIX A - DATA PREPARATION PROCEDURE CODES

/* TITLE
* Detecting Students at Risk of Substance Abuse
by Using Data Mining Classification Algorithms
Author : Faruk BULUT

* Language : C

*/
#include <stdio.h>
#include <math.h> // Library for mathematical calculations
#include <stdlib.h>
#define MAX 10000 // The maximum array size for the tuples
#define AGE 21 // Limit of the human age in the survey

#define TRAINING_SET 110 // Training Set (Predefined Class) Member
Limit

// Global Variable used in all functions

int DBO[MAX][30];

// The Initial (raw) DataBase (DB) taken from DBO.txt

int DB1[MAX] [30];

// The DB1l, filled the missing data with appropriate values. This
array recorded in DBl.txt

int DB2[MAX] [30];

// The DB2, removed outliers. This array recorded in DB2.txt

int DB3[MAX] [30];

// The DB3, Preparing The Training Set for 100 tuples.

int DB4[MAX] [30];

// The newest DB with some omitted attributes. This array recorded
in DB4.txt

int DBx[2][30];

// Number of missing values in each attribute

int F[AGE] [30]={0};

// The table that shows the frequencies of each attribute and each
tupple (entry)

int Pmax[20];

// The most signed answers in the questionnaire

int N=0;

// The number of records in the Data Base, DBO[][]

FILE *oku, *yaz, *yaz2;
// The reading and the writing pointers for the text files

// Reading the Data from DBO.txt to the array DBO[MAX]
void readData ()
{

int i=0, j;

oku=fopen ("DBO.txt","r");

// Reading all the records in DBO.txt

while (!feof (oku))

{
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i++; // i1:record number
for (j=0; j<30; J++)
fscanf (oku, "%d",&DBO[i][7]);
N++; // N:The total record number
}
N—=;
fclose (oku) ;

}

/* Omitting some Attributes in the DBO[][] and converting it to
DB1[]1[] and DBl.txt. In this function, some attributes (columns) will
be deleted. If 33% of the attribute is missing, this attribute will
deleted by changing the values with -2 */

voilid omitSomeAttributes ()
{
int i, 3;
// Checking all the datas to compute how many missing value
there are
for (i=1; 1i<=N; i++)
for (j=1; 3<30; J++)
if (DBO[i][j]==-1)
DBx[J][0]++;
yvaz=fopen ("Missing Data Info.txt","w");
fprintf (yaz,"1lst line is the attribute number \n2nd line is
number of missing values of the attribute \n3rd line is the missing
persantage\n\n") ;

for (3j=1; j<=30; Jj++)
fprintf (yaz, "%$-44", J);
fprintf (yaz, "\n");

for (J=0; 7j<30; Jj++)
fprintf (yaz,"%-4d",DBx[j][0]);
fprintf (yaz, "\n");

// Finding the percentage of the missing value
for (j=0; j<30; Jj++)
{

DBx[Jj] [1]=(DBx

[ 01*100) /N;
fprintf (yvaz, "%c

Jll
%$—-3d",37,DBx[J][11);

}
fprintf (yaz, "\n\n");

for (j=0; 3<30; Jj++)
if (DBx[]J]1[1]1>33)
{
fprintf(yaz,"In the %d. attribute, there are too many
missing values. It will be deleted.\n", j+1);
for (i=1; i<N; i++)
DBO[i] [j]=-2;
}

vaz2=fopen ("DBl.txt","w");



}

void

{

file

// The new data base will be written to DBl.txt

for (i=1; i<=N; i++)
{
for (3=0; 7j<30; Jj++)
{
DB1[1][J]1=DBO[i][]];
fprintf (yvaz2,"%d ",DB1[i][]]);
}
fprintf (yaz2,"\n");
}
fclose (yaz);
fclose(yaz2);

findFrequencies ()

yaz=fopen ("Frequency Table.txt","w");
int i, j,max;

int A[]Z{ZI11311!1!01111131211121313111313};

and DB1[]11]]

// Test, omit

// This loop finds the frequencies of each attribute in the
array DB1[]1[]

for (i=1; i<=N-1; i++)
{
for (j=1; j<=19; j++)
{
if (DB4[i][3]1<0)
continue;
F[DBA[1][J11[J]1++;
}
for (j=26; 7J<=28; J++)
{
if (DB4[i]1[31<0)
continue;
FIDB4A[1][JI1[J1++;
}
}

// The frequencies are written to the "Frequency Table.txt"

for (i=0; 1<AGE; i++)
{
fprintf (yaz, "Value %3d: ",1);
for (j=1; j<=19; Jj++)
fprintf (yaz, "%$-5d",F[1]1[]J]);

for (3j=26; 7J<=28; J++)
fprintf (yaz, "%$-54d",F[1i][7]);

fprintf (yaz, "\n");
}

fclose(yaz);

for (i=1; i<18; i++)

80



max=0;
for (3j=0; 7J<6; J++)
{
if (F[Li][J]1>F[11[3+11)
max=7j;
}
Pmax[1]=A[i-1];

}

void findPercentages ()
{
int i, 3;
float Bayes;
yaz=fopen ("Frequency Percentage Table.txt","w");

// The Probabilities are written to the "Bayseian Probability
Table.txt" file
for (i=0; 1i<AGE; i++)
{
fprintf (yaz, "Value %3d: ",1i);
for (j=1; 7j<20; Jj++)
fprintf (yvaz, "%$c%-5.1f",37, (float)100*F[i] [j]/N);
/*37 is for the % sign in ASCII table*/
fprintf (yaz, "\n");
}
fclose(yaz);

}

// Repairing some missing data in DB1[][] and converting it to
DB2[][] and DB2.txt
void repairMissingData ()
{

int i, 3, k,max=0;

for (i=0; 1i<N; i++)

for (j=1; j<20; Jj++)
if (DB1[i][j]l==-1)
DB1[i][Jj]=Pmax[j-1];

vaz=fopen ("DB2.txt","w");
// The new data base will be written to DB2.txt
for (i=1; i<=N; i++)
{
for (3=0; 7J<30; Jj++)
{
DB2[1i] [J]=DB1[i][J];
fprintf (yaz,"%d ",DB2[1i]1[73]);
}
fprintf (yaz, "\n");
}
fclose (yaz);
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void makelier (int x)
{
int i, 3;
for (3=0; 7j<30; J++)
DB2 [x] [J]1=-2;
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// OutLier'lari sevenlerin listesinden Outlier'lar siliniyor

// DB2[1][ 20-24 arasi ]

// Gpaph yapisinda problem olusmamasi ig¢in

for (i=1; 1i<=N; i++)
for (3=20; J<=24; J++)

{
1f (x==DB2[1]

[J]
DB2[1i] [J]=

)
0;

}

// Cleaning the outliers in the DB2[][]

and DB4.txt

void cleanOutLiers ()

{
int i, j,flag=0,LierCounter=0;
for (i=1; i<=N; 1i++)
{

and converting it to DB4[][]

// Some answers to the questions in the query could be

logically wrong

// In this case, Liers can be detected easily

if (DB2[i][1]>20 || DB2[1i

makeLier (i) ;

if (DB2[1][3]==4 && DB2[1
makelier (i) ;

if (DB2[1i][3]==2 && DB2[1i
makelier (i) ;

if (DB2[1i][3]==3 && DB2[1i
makelLier (i) ;

if (DB2[1i][3]==4 && (DB2[1i

DB2[i]1[41==3) ) // Parents Liers

makeLier (1) ;

if (DB2[i][14]==1 && DB2[1i

makeLier (1)

if (DB2[i][14]1=
makelLier (1) ;

1=

)

r

I~

if (DB2[1][14
makelier (i

if (DB2[1i][7]==0 && DB2[1i

makelier (i) ;

if (DB2[1i][1l6]==1 && DB2[i

makelLier (i) ;

if (DB2[i][25]>=1 && DB2[1i

Avarage (GPA) Liars
makeLier (1) ;

}

yaz=fopen ("DB4.txt","w");

2 && DB2[1

3 && DB2[1

11<10) // Age Liars

) // Parents Liars
) // Parents Liars
) // Parents Liars

|| DB2[1] [4]==2 ||

==3) // Parents Liars
][3]1==2) // Parents Liars
=1) // Parents Liars

]==5) // Music Liars

) // Parents Liars

1<=5) // Grade Point



vaz2=fopen ("OutLiers ID List.txt","w");
fprintf (yaz2, "These are Outliars' ID:\n\n");

// The new data base will be written to DB2.txt
for (i=1; 1i<=N; 1i++)
{
flag=0;
for (j=0; 7j<30; Jj++)
{
if (DB2[i][0]==-2)
{
fprintf(yaz2,"sd,",1i);
flag=1;
LierCounter++;
break;
}
DB4[1] [J]1=DB2[i][]];
fprintf (yaz,"%d ",DB2[i]1[3]);
}
//S1ilinen satirin yerine \n koymamasi ig¢in
if (flag==1)
continue;
fprintf (yaz, "\n");
}

fprintf (yaz2, "\n\nThere are %d Liers in the questionaries.

will be removed from the data base.",LierCounter);
fclose(yaz);
fclose (yaz2);

int main(void)
// Preparation of the data

// Reading the Data from DBO.txt to the array DBO[][]
readData () ;
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They

// Omiting some Attributes in the DBO[][] and converting it to

DBl.txt and DB1[]][]
omitSomeAttributes () ;

// Repairing some missing data in DB1[][] and converting it to

DB2.txt and DB2[] []

repairMissingData () ;

// Cleaning some outliers in DB2[][] and converting it to
DBR4.txt and DB4[][]

cleanOutLiers () ;

getchar () ;
return O;
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APPENDIX B - OFFICIAL PERMISSIONS

1S1m dSoyisim:

Anket No:

ANKET SORULARI

Asagida size sorulan 20 adet soruyu liitfen dogru bir sekilde cevaplaymiz. Size ait olan bu bilgiler bilimsel bir ¢aliymada
kullanilacak ve gizli kalacaktir. Siklardan sadece bir tanesini isaretleyiniz. Tesekkiir ederiz.

Lo Yasinizi st

2. Cinsiyetiniz?
a. Erkek
b. Kiz

Anne baba sag m1?
a. Evet ikisi de sag
b. Sadece annem sag
¢. Sadece babam sag
d. Ikisi de sag degil
4. Kiminle kaliyorsunuz?

(V8]

a. Sadece annemle (annem babam ayri)
b. Sadece babamla (annem babam ayri)
c. Annem ve babamla

d. Baska bir akrabamda

e. Yetimhanede

f. Yurtta

5. Ailenizin aylik ortalama geliri?
a. 1000 TL’den az
b. 1000-3000 TL
c. 3000-6000 TL
d. 6000 TL’den fazla
6. Akrabalarimizla (halamzla, amcanizla,
teyzenizle, dayinizla, biiyiik annenizle, biiyiik
babanizla, kuzenlerinizle) ne siklikta

goriigiirsiiniiz?
a. Haftada bir
b. Ayda bir
c. Yilda bir
d. Hig
7. Enstriiman galar misiniz?
a. Evet b.Hayrr
8. Diizenli olarak spor yapar misiniz?
a. Evet b.Hayir

9. Ne sikhikla kitap okursunuz?
a. Haftada bir c.Yilda bir
b. Ayda bir d. Okumam
10. Hangi tiir miizik seversiniz?
a. Rock — Heavy Metal
b. Tiirkce ve yabanct Pop
c. Tirki
d. Tiirk sanat miizigi
e. Miizik sevmem
11. Sinemaya ne siklikla gidersiniz?

a. Haftada bir
b. Ayda bir
¢. Yilda bir

d. Neredeyse hig
12. Giinde kag saatinizi Internet baginda
geciriyorsunuz?
a. Bazen hig, bazen bir saatten az
b. 2-3 saat
c. Enaz3 saat

13.

Kendiniz igin zararl oldugunu bildiginiz bir seyin
¢ok sevdiginiz bir arkadaginiz tarafindan size teklif
edilmesi durumunda...

a. Bir defaya mahsus kabul ederim

b. Kesinlikle reddederim

c. Bilemiyorum

. Anne veya babaniz bir probleminiz oldugunda

sizinle ilgilenir mi?
a. Sadece annem ilgilenir
b. Sadece babam ilgilenir
¢. Annem ve babam ilgilenir
d. Bana pek karismazlar

. Gelecekte hayatinizin bugtine gore nasil olacagim

tahmin ediyorsunuz?
a. Daha kétu

b. Ayni
c. Dahaiyi
d. Fikrim yok

. Bir sorununuz oldugunda paylagacagniz ve

kendinize en yakin hissettiginiz kisi kimdir ?
a. Annem veya babam

b. Kardesim

c. Akrabam

d. Ogretmenim
e. Arkadasim

f. Kendimi hi¢ kimseye yakin hissetmiyorum

. Bos zamanlarinizi en ¢ok kiminle paylasiyorsunuz?

a. Ailemden biriyle

b. Akrabalarimdan biriyle
c. Arkadaslanmla

d. Bilgisayarimla

e. Hic kimseyle

. Asmak zorunda oldugunuz fakat agilmas: oldukga

giic bir durumla karsilastiginizda ...
a. Zor oldugunu biliyorsam hig ugrasma geregi
duymam
b. Biraz ugragirim olmazsa olaylari kendi
akisina birakirm
c. Ne kadar zor olursa olsun agmam
gerekiyorsa elimden geleni yaparim

. Kendime giivenim yok diye diigiiniiyorum.

a. Evetyok
b. Hayir var
c. Bilemiyorum

20. Okulunuzda en cok sevdiginiz arkadaglariniz

kimlerdir? Litfen soy isimleriyle birlikte yazin
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Yukaridaki anket sorularina ilaveten okul idaresinden, PDR servisinden veya simf
ogretmeninden 8grenci hakkinda alinmasi gerekli olan bilgiler sunlardir:

1. Ogrencinin bir 6nceki déneme ait not ortalamas :
2. Ogrencinin o ana kadar disiplin sugu isleyip islemedigi

Alkol bagimhliginin olup olmadigl

(0%

Sigara i¢ip i¢medigi

LA

Madde bagimlis: olup olmadig:
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[STANBUL VALILIGI
1 Saglik Miidiirligii

1 o
Say1 : SG.B1041SM.4344743/0205_3 J1 /0572010
Konu : Tez Calismas! Hk

BAKIRKOY PROEDR.MAZHAR OSMAN RUH SAGLIGI VE SiNTR HASTALIKLARI
EGITIM VE ARASTIRMA HASTANESI

Fatih Universitesi Fen Bilimleri Enstitiisii Yiiksek Lisans dgrencisi Faruk BULUT un
“Veri Madenciligi Algoritmaiaryia Ogrencilerde Madde Bagimlisi Olma ihtimaiierinin
Arastirddmasy” konulu tez g¢aligmasini Prof. Dr. Mazhar Osman Bakirkdy Ruh ve Sinir
Hastaliklar1 Egitim ve Aragtirma Hastanesi'nde uygulamas: Miidiirliigiimiizee uygun goriilmiis
olup, protokol ornegi ektedir. Caligmanin kurumunuzda uygulanmasi sirasinda protokol disina
¢ikilmamasi i¢in gerekli 6zenin gésterilmesi hususunda;

Geregini bilgilerinize rica ederim.
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Muamelesi:SICIL

Dosya No:

Ozel:TEZ C.ALIEMASI HK.

BRKIRKOY FROF.DR. MAZHAR OSMAN RUH VE SINIR HASTALI
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PROTOKOL
Taraflar:
Madde 1- : A
Bu protokol TC Saglik Bakanlig Istanbul Saghk Midiirliigii ile Fatih Universitesi Fen Bilimleri Enstitiisii
arasinda diizenlenmistir.
Calismanin gerceklestirilecegi kurum/kuruluslar: Prof.Dr.Mazhar Osman Bakirkiy Ruh Sinir EAH
Calismamn adi: “Veri Madenciligi Algoritmalaryla Ogrencilerde Madde Bagimlist Olma Intimallerinin
Aragtirtimast”
Bu ¢alismay yiiriitecek kisi/kisiler ..... Faruk BULUT tur.
Konusu:
Madde 2-
a) Bu protokol ilimiz sinrlar iginde istanbul I Saglik Miidiirligiine bagl kurum ve kuruluslarda verilen
hizmetleri, yapilan koruyucu saglik hizmeti ¢alismalarint ya da yapilan kayitlar sonucu elde edilen istatistik
verileri iceren ve kurum personeli ve/veya kuruma basvuran kisilerle yapilacak anket caligmalarint kurala
baglamak amaci ile diizenlenmistir. »
b)Yapilacak bilimsel ¢aligma proje asamasinda iken 11 Saglik Midiirliigi tarafindan degerlendirilecektir.
¢)Calisma uygulanirken kapsam disi higbir veri toplanmayacaktir.
d)Veri toplama sirasinda Saglik Bakanlif Personelinden de yararlanilacaksa ayrica Saghk Midiirligiinden
onay alinacaktir.
Sozlesme sartlarinda aykirihik:
Protokol siiresince yapilacak galismalar sirasinda, yapilan galismay1 devam ettiren kisi ya da kigiler aym
olacaktir. Saha galismasina katilan ve protokolle tesbit edilen kiside degisiklik yapilmasi ya da yeni kiginin
calismaya dahil edilmesi ancak Saghk Miidiirliigiiniin onay: olursa olacaktir. Ya da protokol iptal edilecektir.
Protokoliin siiresi:

a) Bu caligmanyn yiriitliclisi kurumlarimizda........ ayLin siire ile galismasimni yiiriitecektir.

b) Baﬂangn&.’lél[.ﬂ.ﬂ?. ..... /Bitis...... 3&051 ey

¢) Protokol, galismanin taraflarca planlanan ve kabu! edilen siiresi ile siurlidir. Uzatilmast ancak yeni bir
protokole baghdir.

d)Sartlarda olugabilecek degisikliklere bagl olarak Saghik Midiirliigii protokolii daha dnce de
sonlandirabilir.
intilaflarin ¢oziimii:
Protokoliin uygulanmas ile ilgili ¢ikabilecek sorunlar taraflarin yetkili temsilcileri tarafindan gorisiilerek
goziilecektir.
Yiiriirliik:
a) Calisma yayin/tez haline getirilmeden dnce Saghk Midirliginin ilgili subesi tarafindan verilerin analizi
degerlendirilecektir. Toplum saglig1 agisindan sakincalt verilerin yayinlanmast kisitlanabilecektir.
b) Calisma Universite ya da kurum tarafindan kabul edildikten sonra bir niishas kitapgik halinde Istanbul
Saghk Midiirligii Egitim Subesine teslim edilecektir.
o)Yiiriirlik bdlimindeki a ve b maddelerinin yerine getirilmedigi takdirde kurumumuza ait veriler
yaym/proje/tez ....vs gibi bilimsel bir calismada kullanilamayacaktir.
d)Calismay! gergeklestiren kisi ya da kisiler kurumda gorevlendirileceklerse ayrica vilayet oluru da
alinacakir.
¢) Her ¢aligmanin biri Saglik Midiirligi personeli olmak {izere en az iki yiiriitiiciisii olacakiur.
f)Yapilacak galismalarda Protokole ek olarak vilayet oluru da almacaktir.
g)Calisma esnasinda her tiir ilag uygulamasi veya girisim igin gerek hastanin kendisi ya da yasal vasisinden
gerekse etik kuruldan onay alinacaktir.
Ek Bilgi:
Taraflar:
...... feerensf2010

Adi-So
Faruk BUL
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BUYUYKCEKMECE KAYMAKAMLIGI
flce Milli Egitim Miidiirliigi

Say1 : B.08.4.MEM.4.34.00.28.00.18.379/ / }& / /21032010

Konu : Anket Istegi.

KAYMAKAMLIK MAKAMINA
flgi  :Ozel Fatih Fen Lisesi Miidiirliigtintin 18/02/2010 tarihli ve 23 5/20 sayili yazisi.

O9zel Fatih Fen Lisesi ogretmenlerinden Faruk BULUT, Fatih Universitesi Fen
Bilimleri Enstitiist’'nde yiiksek lisans egitimi almaktadir. Alinan ilgi yazida da belirtildigi
iizere “Veri Madenciligi Algoritmalariyla Ogrenmlerm Madde Bagimlis1 Olma Thtimallerinin
Aragtirilmasi” isimli yiiksek lisans tezi ve projesi ile alakali bir anket galigmasi yapma
istegine iligkin olarak Tepecik Hiisnii M. Ozyegin Lisesi ve Biiylikgekmece Ilkdgretim
Okuluna uygulanmas1 Miidiirliigiimiizce uygun goriilmektedir.

Makamlarinizca da uygun goriildiigii takdirde geregini olurlariniza arz ederim.
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