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ABSTRACT

Objective: This paper presented a) how the Global Adult Tobacco Surveys (GATSs)
data can be used for extracting valuable information about tobacco use behaviors
of people and b) the prediction performance of the implemented classification
algorithms on the GATS data. Methods: Three well-known classification methods:
K-nearest neighbor, C4.5 algorithm, and multilayer perceptron were applied to assess
the classifying performance for the smoking status of GATS participants (pre-defined
classes: smoker and no smoker) based on the socio-demographic characteristics (age
group, gender, residence, education level, and working status). The first analysis was
performed on the GATS data from Turkey. Subsequently, the model producing the
best performance for Turkey was also implemented for other six European countries:
Greece, Kazakhstan, Poland, Romania, Russia, and Ukraine. Results: All of the tree
algorithms were more confident to classify no smokers. The correct classification rate
of C4.5 algorithm was the highest among the algorithms for the GATS Turkey data.
In addition, the C4.5 algorithm classified the males more detailed than the females.
The comparative analysis indicated that the C4.5 algorithm correctly classified the
smoking status of participants of Ukraine over 80% while it was lower than 70% for
Greece. Thus, the effects of demographic factors on smoking status can change from
one country to another. Conclusion: This paper indicated that the data supplied by
GATS such as demographic data may help to compute the likelihood of an individual
to be a smoker in the future.
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Factors Affecing Smoking

0Z

Amag¢: Bu makale a) Kiiresel Yetiskin Tiitiin Arastirmasi (KYTA) verilerinin
titlin kullaniom davraniglar1 hakkindaki degerli bilgileri ortaya ¢ikarmada
nasil kullanilabilecegini ve b)KYTA verileri lizerinde uygulanan siniflandirma
algoritmalarinin performanslarini sunmaktadir. Yéntem: Ug iyi bilinen siniflandirma
yontemi olan K -en yakin komsu algoritmasi, C4.5 algoritmasi ve ¢ok katmanlh
algilayicis1 KYTA katilimcilarinin sosyo-demografik 6zellikleri (yas grubu, cinsiyet,
yerlesim yeri, egitim dilizeyi ve c¢alisma durumu) temel alinarak, sigara i¢gme
durumunu (6nceden tanimlanmis siniflar: sigaraicen ve icmeyen) dogru siniflandirma
performans: degerlendirilmistir. Ilk analiz KYTA Tirkiye verileri {izerinde
gerceklestirilmistir. Daha sonra Tiirkiye i¢in en iyi performansi tireten model alt1 farkli
Avrupa tilkesi: Yunanistan, Kazakistan, Polonya, Romanya, Rusya ve Ukrayna verileri
icin de uygulanmistir. Bulgular: Biitiin aga¢ algoritmalar: sigara icmeyenleri tespit
etmekte daha dogru sonuglar vermektedir. C4.5 algoritmasinin dogru siniflandirma
orani, Tiirkiye icin en yiiksek olandir. Ulkeler icin yapilan karsilastirmal analiz, C4.5
algoritmasinin Ukrayna’daki katilimcilarin sigara igme durumunu %80’in lizerinde
dogru bir sekilde siniflandirabildigini ancak Yunanistan i¢in bu oranin1 %70’in altinda
kaldigin1 gostermektedir. Sonug¢: Bu makale, demografik veriler gibi KYTA tarafindan
saglanan bilgilerin, bir bireyin gelecekte sigara i¢mesi olasiliginin hesaplanmasina
yardimci olabilecegini ortaya koymaktadir.

Anahtar kelimeler: Sigara icmek, tiitiin kullanimi, kamu sagligi

Introduction

The collection of data has become an easier most popular disciplines of applied science

process along with the rapid development
of technology. A significant amount of data
is available in science, industry, business,
and many other areas in today’s world.
Tobacco use and control are also one of
the most important research fields where
enormous data has been collected recently.
After the entrance of the World Health
Organization Framework Convention on
Tobacco Control (WHO FCTC) into force,
many countries started to conduct Global
Adult Tobacco Surveys (GATSs) and Global
Youth Tobacco Surveys (GYTSs) regularly to
monitor the prevalence of tobacco use and
the effects of key tobacco control measures.
The data supplied by these surveys builds
considerable datasets for smoking issues.
These datasets can be used for transforming
the collected data to valuable information
using data mining methods in order to help
decision makers.

Data mining can be defined as the process
of extracting knowledgeable information in
an understandable structure from very large
amounts of data.! It has become one of the
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2 due to its capability of discovering hidden
patterns ® in data. Classification is one of
the important functions of data mining that
classifies a data item into one of the different
pre-defined classes.

This paper mainly conducted classification
analyses on the GATSs data using three
different classification algorithms to
analyze a) how the GATSs data can be
used for extracting valuable information
to understand the relations between some
important factors and smoking status of
people and b) the prediction performance
of the implemented classification algorithms
on the GATS data.

In the literature, various data mining
methods have been applied to various
datasets for several different research
fields. However, there are also few studies
that focus on tobacco research area. For
example; Montafio-Moreno et al.* used
multilayer perceptron, radial basis function,
probabilistic neural network and etc. to
analyze the predictive power of different
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psychosocial and personality variables on
the nicotine consumption of teenagers while
Moon et al.> applied decision tree models to
characterize smoking behavior among older
adults considering the psychological distress,
health status, alcohol use, and demographic
variables. In the studies of Ding et al.® and
Yun et al’, different algorithms such as neural
network, decision tree, and etc. were used to
examine quitting behaviors of people.

Some of the studies that used different
datasets were also provided in this study.
Sofean and Smith8 and Myslin et al.? smoking
behaviors of people using data provided by
Twitter while Benjakul et al.10 performed
a clustering analysis to examine the
characteristics of manufactured and roll your
own cigarette users using data provided by
the GATS 2009 Thailand. Nollen et al.' also
explored the relations between demographic,
psychosocial factors, and tobacco to
determine cigarette smokers at higher risk
for alternative tobacco product use from a
diverse sample of adult smokers. In 2019,
Singh and Katyan '? analyzed the GATS 2010
data to characterize nicotine dependency
using decision tree approach.

Apart from these studies, there are several
different types of research which used
data mining methods on smoking issues
at the point of medical care. In 2015, Ding
et al.”® performed a classification analysis
based on Support Vector Machine using
structural Magnetic Resonance Imaging
(MRI) images whereas McCormick et al.!*
classified the patient smoking status using
semantic features of patients. In addition,
Figueroa et al.'® used clinical narrative texts
to extract smoking status of patients while
Wicentowski and Sydes!® used implicit
information from medical discharge
summaries of patients. In the study of Sordo
and Zeng', the dependency among sample
size and classification performance of Naive
Bayes, Support Vector Machines, and Decision
Trees were examined using data supplied
by patients. On the other hand, Huang et
al.’”® examined the prescribing of smoking
cessation medications in the primary care
using rule mining methods.
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In the light of the brief literature review
provided above, it can be seen that there
is a limited number of papers that studied
the GATSs data using different kinds of data
mining algorithms.

In this study, three well-known classification
methods: “K nearest neighbor (KNN)”, “C4.5
algorithm”, and “multilayer perceptron”
have been applied to the GATS Turkey 2012
data to classify the smoking status of the
participants (two pre-defined classes: no
smoker and daily smoker) based on some
of their fundamental socio-demographic
characteristics (age, gender, residence,
education level, and working status).
Additionally, the performance of the
algorithm that provided the best outputs
for Turkey case was tested using the data
of six different European countries (Greece,
Kazakhstan, Poland, Romania, Russia, and
Ukraine) which locate in the same WHO
region (Europe) with Turkey and provided
open access to their GATSs data via the
web page of Center for Disease Control and
Prevention (CDC) during the study period.

The GATS is one of the most important
surveys that provides vast body of data
demographic characteristics, tobacco use
behaviors and opinions for tobacco control
policies of participants. Itis also supported by
WHO and implemented by several different
countries over years. Many countries has
been used this survey to monitor tobacco
use and observe the performance of tobacco
control policies. Therefore, this survey has
become one of the most helpful surveys that
researchers of tobacco field need. To our
best knowledge, the data of these surveys
mostly analyzed with survey methodologies.
However, advanced methods can also help to
reveal hidden knowledge that can increase
our understanding on the relevant field. In
this study, the relations between different
demographic characteristics of people and
their tobacco use behaviors were investigated
with different data mining algorithms. This
study is an important example how different
data mining algorithms can be used on this
survey.
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The remainder of this paper was organized
as follows. First, the methodology was
discussed. Then, the results were presented.
Finally, conclusions and discussions were
provided.

Methods

This study has several steps as described in
Figure 1. Theinitial classification analysis was
conducted using the GATS data from Turkey
(2012). The GATS is a national household
survey' that helps nations to collect data
on the prevalence of tobacco use and key
tobacco measures.?’ It also covers data on
some of the fundamental socio-demographic
characteristics of the participants. In the
content of this study, five easy to reach and
well known demographic factors: age, gender,
residence, education level, and working status
were selected to perform analyses.

The GATS Turkey 2012 was performed
with a total of 9851 participants. However,
some participants did not respond to the
selected demographic questions. A total
of 24 participants did not declare the work
status while 2 participants did not provide
education level information. For that
reason, these participants were excluded
from the performed study and the data of
9825 participants were used for the further
analyses. Before considering all of these
candidate factors to be considered in our
analyses; the dependency between the
factors and the current smoking status of
people were analyzed using Chi Square Test.
Subsequently, the significantly depended
factors were included for classification
purposes.

The corresponding questions and responses

used in GATS in 2012 are listed below. The

frequency and percentages of the used data

were also provided in Table 1.

e Age: Respondents age in years? The age
data of the participants were collected
as numeric variables. In this study, we
categorized the ages of the people in 4
classes: 15-24, 25-44, 45-64, 65+. This
classification was also used by WHO
while analyzing the results of the GATSs.

e Gender: Gender? (Male and female)
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e Residence: Residence status? (urban and
rural)

e Fducation levels: What is the highest
education you have completed? (not
graduated, elementary school, primary
school, secondary or vocational school,
high school, college or faculty, and master
or Ph.D.) Education levels of the countries
were collected in 3 classes:no formal
schooling (not graduated), primary
education (primary to high school),
higher education (university, MSc, and
PhD in this study.

e Working status: Which of the following
best describes your main work status
over the past 12 months? (paid employee,
self-employed, non-paid family worker,
student, homemaker, retired, no job
(not able to work), and no job (able to
work)).Working status is collected in 5
classes: employee or employer, student,
homemaker, retired and unemployed in
this study.

o Smoking status: Do you currently smoke
tobacco on a daily basis, less than daily, or
not at all? (daily, less than daily, and not
at all). In this study, the smoking statuses
are defined in two classes: smoker (daily
and less than daily smokers) and no
smokers.

In this study, three different machine
learning algorithms were used to perform
a detailed classification analyses. During
the selection of the types of algorithms,
the main approaches that the algorithms
have been used were investigated and
algorithms which basically use different
approaches from each other were selected
for the further analyses. Therefore, KNN,
multilayer perceptron and C4.5 algorithms
were implemented using the software WEKA
(Waikato Environment for Knowledge
Analysis) which provides a collection of
machine learning algorithms with single user
interface.” These classification methods
are known to be compatible with the GATS
data. KNN algorithm performs a case base
learning while €4.5 constructs a decision tree
and multilayer perceptron maps sets of input
data onto a set of appropriate outputs. Brief
information about these methods

254



Factors Affecing Smoking

Table 1. The statistics of the data supplied from GATS 2012 Turkey

Demographic Characteristics Sub-categories n %
15-24 1275 12.97
25-44 3945 40.15
Age Group
45-64 2987 30.40
65+ 1618 16.46
Male 4453 45.32
Gender
Female 5372 54.67
) Urban 4912 49.99
Residence
Rural 4913 50.00
Not Graduated 1832 18.64
Education Level Primary Education 6915 70.38
Higher Education 1078 10.97
Employee or Employer 3584 36.47
Student 566 5.76
Work Status Homemaker 3832 39.00
Retired 1338 13.61
Unemployed 505 5.13

was also provided in the next sub-sections.
There are also some other reasons to chose
these algorithms. These algorithms have
been used on different datasets in several
different areas and provided promising
results. They are easy to understand, reach
and implement.

In order to evaluate the classification
performance of the algorithm giving the
best classification result for Turkey case,
the data sets of six different countries were
also analyzed. The selected countries namely
Greece, Kazakhstan, Poland, Romania, Russia,
and Ukraine locate in the same WHO region
(Europe) with Turkey and provide open
access to their GATSs data from the web page
of CDC. The data for these countries belongs
to different years since GATS was performed
in different years. Thus, GATS data from
Greece belongs to the year 2013 with 4352
participants, from Kazakhstan belongs to
the year 2014 with 4404 participants, from
Poland belongs to the year 2009-2010 with
7786 participants, from Romania belongs to
the year 2011 with 4488 participants, from
Russia belongs to the year 2016 with 11440
participants, and from Ukraine belongs to
the year 2017 with 8227 participants. This
study was performed with the given years
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for the data. For that reason, the references
were taken according to the year at which
the analyses of the study was performed.

K-Nearest Neighbor (KNN)

K nearest neighbor (KNN) is one of the
effective machine learning methods which is
also known as instance-based learning, case-
based learning, lazy learning.! The nearest
algorithms are simply select the training
instances with the closest distance to the
query instance.?? It has only one parameter
which is called as k, number of neighbors.?®
Thus, as the nearest neighbor algorithm, KNN
firstly; trains a set of cases and when a new
case is needed to classify, it finds k number of
training cases closest to the new point using
a similarity function (such as Euclidean
distance).”* KNN can be advantageous when
the study will be performed with the small
database because the speed of computing
distance will increase according to the
number of instances.??

C4.5 Algorithm

The C4.5 algorithm was developed by Ross
Quinlann, is a classification algorithm
producing decision tree. It simply constructs
a decision tree that is a predictive machine
learning model®® until it reaches the
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Data Adjustment

s Tranformation of the GATS data of countries to a unique form

Chi Square Tests

«Examination of the dependency between selected factors and

smoking status

Classification Analyses

* Application of KNN, multilayer perceptron, and C4 5 algorithms

on GATS Turkey 2012 data

A Comparative Analysis

«Comparison of the performance of the selected algorithm among
six counties: Greece, Kazakhstan, Poland, Romania, Russia and

Ukraine

Figure 1.The flow of the analyses performed in the presented paper.

equilibrium of flexibility and accuracy.?¢
The internal nodes of the tree represent
the different attributes while the branches
between the nodes present the possible
values.? Trees help researchers to determine
useful predictors of an outcome efficiently
and extract interactions between predictors
without specifying these in advance.”” The
tree format of the algorithm allows generated
rules to be easily interpreted and reduce the
probability of errors.?® They have provided
useful results in medical field for disease
diagnosis.?

C4.5 is known as a J48 algorithm in the Weka
data mining tool. ]48 is an open source Java
implementation of the C4.5 algorithm in the
Weka.30

Multilayer Perceptron

Multilayer Perceptron is one of the well-
known neural network models®' due to its
clear architecture and comparably simple

Table 2. p values of the chi square tests.

the input layer, the network node conducts
computations in the successive layers until
an output value is reached at each of the
output nodes.*?

Results

The dependency among selected
demographic factors and the smoking status
of individuals were primarily tested using
Chi Square Tests. For this aim 5 different
hypotheses were prepared. An example for
the hypothesis is given below.

Ho: residence and smoking status are
independent

H1: residence and smoking status are
dependent

As it can be seen at Table 2, all analyzed
characteristics were found related to each
other (<0.01) with the current smoking status
of the individuals. Thus, all characteristics
were included in the classification analyses.

Residence | Age Group

Gender

Education Level | Working Status

Smoking Status <0.001 <0.001

<0.001 <0.001 <0.001

algorithm.*? It is also a back-propagation
algorithm®® that conducts learning on a
multilayer feed forward network.3* Multilayer
Perceptron consists of a number of neurons
that are connected by weighted links.* In
this algorithm, when data are denoted in
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For the classification analyses, two classes
were pre-defined: smoker (class 1) and no
smoker (class 2). Allanalyses were performed
using a 10-fold cross validation (k-fold cross
validation) procedure that allow the effective
use of the data.* In k-fold cross validation;
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firstly, the data set is divided into k folds or
subsets, secondly, one of the k folds is used
as the test sets while k-1 subsets are used for
training in turn, and finally, the average error
for all k trials is calculated.®®

The performances of the employed
algorithms for Turkey case are compared by
using percentages of the correctly classified
instances, the values of the precision, the
recall, F-measure for each class, and time
is taken to build the model. The probability
of correct classification is a performance
measure that corresponds to the area under
ROC curve.®” Precision (that is also known as
confidence) is the proportion of predicted
positive instances that are correctly real
positives while recall (that is also known as
sensitivity) is the proportion of real positive
instances that are correctly predicted
positive.3® The formulations of the recall and
the precision are given in 1 and 2. On the
other hand, F-measure can be defined as the
harmonic mean of recall and precision.®

Precision (confidence)**= __True Positive

True positive+False Positive

Recall (sensitivity)*= __True Positive
True positive+False Positive

The results are as given at Table 3.

The findings of the classification analyses
showed that C4.5 algorithm classified
the instances correctly with the highest
percentage  (76.977%) for  Turkish
participants. Multilayer Perceptron had been
the second best while KNN took the last
place.

All of the tree algorithms were more
confident and sensitive to classify no smoker
class (class 2). The results showed that the
performance measures for “no smoker” class
for all algorithms were higher than 80%.

When the time taken to build model was
searched, KNN algorithm took the first place
with 0.00 seconds. C4.5 followed it with 0.08
seconds. Multilayer perceptron required
more time to build model compared the other
two algorithms. Thus, if the rate of correctly
classified instances was important for
decision makers, C4.5 algorithm dominated
the other algorithms with the high correctly
classification rate. On the other hand, if
the speed of the analysis was primary for
them, KNN algorithm was the best among
three methods. In this study, the correct
classification rate was the vital factor for
us. Correspondingly, the C4.5 algorithm had
the first place for our analyses. A detailed
decision tree was obtained as an output of the
C4.5 algorithm. Although the entire decision
tree was too big to represent in one figure,
only one section of the tree was represented
in this paper (as seen in figure 2).

Table 3. Performance measures of three different classification methods on Turkey case.

Turk ] Public Health 2021;19(3)

KNN C4.5 Multilayer

Perceptron
Correctly classified instances (%) 76.743 76.977 76.875
Precision Class 1 (smoker) 0.536 0.548 0.534
Class 2 (no smoker) 0.816 0.811 0.828
Weighted Average 0.748 0.746 0.756
Recall Class 1 (smoker) 0.381 0.348 0.439
Class 2 (no smoker) 0.893 0.907 0.876
Weighted Average 0.767 0.770 0.769
F value Class 1 (smoker) 0.446 0.426 0.482
Class 2 (no smoker) 0.853 0.856 0.851
Weighted Average 0.753 0.751 0.761
Time is taken to build model (sec) 0.00 0.08 12.53
Total Num. of Instances 9825 9825 9825 9825
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Figure 2. The C4.5 decision tree.

The algorithm started to classify the smoking
status of people according to their genders.
Males (represented with “1” in the figure)
divided by new branches while all females
(represented with “2” in the figure) were
categorized directly as no smokers. Thus,
we may say that this decision tree is more
capable of classifying smoking status of
males compared to females.

The algorithm continued to classify the
smoking status of males according to
their education levels. Males who are not
graduated from any school (represented by
1) or graduated from higher education (BSc,
MSc, PhD) (represented by 3) were classified
as no smoker by the algorithm. Males who
took primary education (represented by
2) were categorized according to their age
group. The algorithm classified the males
(who are primarily educated) aged

-

—/g\—

among 15-24 (represented by 1), 45-64
(represented by 3), and 65+ (represented by
4) as no smoker while males aged 25-44 as
smoker.

Finally, the findings belonging to Turkey
were compared with six other European
countries by implementing the best
performing algorithm (C4.5). The (4.5
algorithm implemented for the GATS data
from Greece 2013, Kazakhstan 2014, Poland
2009-2010, Romania 2011, Russia 2016, and
Ukraine 2017. Table 4 exhibits the results
of classification analysis of C4.5 algorithm
for these countries. The findings indicated
that C4.5 produce the highest correctly
classification rate for Ukraine (80.369%).
Kazakhstan followed Ukraine with 78.133%.
Among countries, Greece had the lowest
(68.910 %). Turkey took the fourth place
after Romania with 76.977%.

Table 4. Performance measures of C4.5 algorithm for different countries.

Greece | Kazakhstan | Poland | Romania | Russia | Ukraine
Correctly classified instances
(%) 68.910 78.133 69.676 77.473 75.542 | 80.369
Class 1 (smoker) 0.616 0.531 0.584 0.583 0.598 0.569
Precision | Class 2 (nosmoker) [ 0.722 0.840 0.701 0.785 0.805 0.840
Weighted Average 0.681 0.768 0.665 0.738 0.744 0.782
Class 1 (smoker) 0.498 0.435 0.064 0.127 0.489 0.357
Recall Class 2 (nosmoker) | 0.808 0.885 0.980 0.972 0.865 0.926
Weighted Average 0.689 0.781 0.697 0.775 0.755 0.804
Class 1 (smoker) 0.551 0.478 0.115 0.208 0.538 0.439
F value Class 2 (nosmoker) | 0.762 0.862 0.817 0.869 0.834 0.881
Weighted Average 0.681 0.773 0.600 0.714 0.748 0.786
Total Num. of Instances 4352 4404 7786 4488 11440 8227
Turk ] Public Health 2021;19(3) 258
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Even though %76.977 correctly classification
rate was not so high enough to make certain
judgments about the smoking status of
people, we should remind that the main
purpose of this study was to classify the
smoking status only with the limited number
of socio-demographic characteristics of
the individuals. Hence the obtained results
can be acceptable considering the limits
determined in the presented study.

Discussion

Tobacco use is still a prevalent issue*
that treats the world population. In order
to understand the behavior of smokers,
countries collects considerable amount of
data with the help of the WHO. This study
focused on how the GATSs data can be used
for extracting valuable knowledge about
smoking related facts. Our main concern
has been seeking for a relation between
the smoking status and socio-economic
factors. Initially, three different classification
algorithms: KNN, multilayer perceptron,
and C48 algorithms were used on the GATS
data from Turkey (2012). Subsequently, the
algorithmthatprovided thebestclassification
results for Turkey was also used for other six
European countries: Greece, Kazakhstan,
Poland, Romania, Russia, and Ukraine to
evaluate the performance of the algorithm
on different data sets.

The outputs of the analyses indicated that
C4.5 algorithm classified the instances
of Turkey more correctly than other two
algorithms. That is why; the C4.5 algorithm
was used for the classification of the
smoking status of individuals for Greece,
Kazakhstan, Poland, Romania, Russia, and
Ukraine. Ukraine had the highest correctly
classification rate among them while Greece
had the lowest. The results mainly showed
that Ukraine, Kazakhstan, Romania, and
Turkey had considerable classification
performance for the C4.5 algorithm when
compared to others.

The findings of the analyses indicated that
the smoking status of approximately 80% of
GATS participants was correctly classified by
using socio-demographic factors. The best
performing algorithm (C4.5) for Turkey was
found to be much more capable of classifying
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the smoking status of males. One of the main
reasons of this fact can be the lower number
of female smokers in the studied sample. The
algorithm could classify the male participants
according to education level and age group.
Thus, some characteristics such as education
level and age group may be accepted as
more influential factors compared to others.
This may show us that the data about socio-
demographic characteristics provided by
GATSs can be used as a clue for prediction
of smoking status of individuals by decision
makers. Thus, this paper showed a convenient
application how the GATS data can be used
for different purposes besides monitoring
the prevalence of tobacco use and the effects
ofkey tobacco control measures. The findings
of the study can be helpful to understand the
relationships between the smoking status
of the individuals and their fundamental
characteristics. The findings can also be used
to compute the likelihood of an individual
to be a smoker in the future. Thereby, some
of the smoking cessation policies can be
adjusted according to the different age and
education groups. Executing the different
policies for different groups is expected to
be more effective (less cost and time) when
compared to implementation of a general set
policy.

Hence, conducting detailed analyses with
advanced data mining methods using the
GATSs data can increase knowledge on
smoking issues. Conversion the GATSs data
to a more valuable and understandable
structure may be beneficial for decision
makers and policy makers to use the new
form of the data in order to provide scientific
evidence for future decision support.
However, the performances of the algorithms
can change according to the studied database.
For example; C4.5 algorithm classified the
instances in Turkey case better than Greece
case. That is why; it is important to keep in
mind that testing the performance of the
different algorithms is crucial to extract
valuable knowledge from the GATSs data.

This study has also some limitations. In
the content of this study, the classification
performances of the three data mining
methods were tested. Different classification
algorithms can also provide better or worse
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results than the performed analyses for the
studied cases. The algorithm which had the
highest correctly classification rate for this
study was only capable of classifying the
smoking status of males in detail. Studying
with different algorithms may also provide a
comprehensive classification for females, too
and overcome this problem of the performed
study. Moreover, the GATS Turkey data was
used for the analyses. The comparison
analysis was conducted only with countries
located in WHO Europe region. The
performance of the algorithms can also be
tested with the data of other world countries
to obtain a vast frame for this topic.
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