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The purpose of this study is to compare decision trees obtained by data mining
algorithms used in various areas in recent years according to different criteria. In the
study, similar and different aspects of the decision trees obtained by different
methods for classifying the students as successful and unsuccessful in terms of science
literacy were revealed with the help of 12 independent variables included in the PISA
2015 student survey. Data collected across Turkey, from a total of 5895 students in the
age group of 15, were analyzed in Java-based Weka software, which has an open
source code. As a result of the analysis, it was found that the most successful
algorithms in terms of correct classification rate were respectively Logistic Model,
Hoeffding Tree, J.48, REPTree and Random Tree. In addition, regarding the decision
trees obtained by different learning algorithms, variables that have been effective in
the classification were found to be different. According to the results, it was concluded
that independent variables found to be effective in the classification of the students
for the decision trees obtained by different algorithms differed from each other and it
was suggested to report the finding of more than one algorithm instead of those of
only one algorithm.
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Bu galismanin amaci son yillarda farkl alanlarda kullanilan veri madenciligi yontemleri
tarafindan elde edilen karar agaglarinin farkh olgiitlere gore karsilastiriimasidir.
Calismada PISA 2015 6grenci anketinde yer alan 12 bagimsiz degisken yardimiyla
ogrencileri fen okuryazarligi bakimindan basarili ve basarisiz olarak siniflama amaciyla
farkl yontemler tarafindan elde edilen karar agaglarinin benzer ve farkl yonleri ortaya
¢ikarilmigtir. Turkiye ornekleminde 15 yas grubundaki toplam 5895 6grenciden elde
edilen veriler Java tabanli ve agik kaynak kodlu WEKA programinda analiz edilmistir.
Analiz sonucunda dogru siniflama oranlari bakimindan en basarili yéntemlerin sirasiyla
lojistik model, Hoefding tree, J.48, REPTree ve Random tree oldugu belirlenmistir.
Bunun yaninda fakli 6grenme yontemleri tarafindan elde edilen karar agaglarinda
siniflamada etkili olan degiskenlerin farklihk gosterdigi belirlenmistir. Elde edilen
sonuglara gore farkli yontemler tarafindan elde edilen karar agaglarinda 6grencileri
siniflamada etkili olan bagimsiz degiskenlerin farkhlk gosterdigi ve tek bir yontem
yerine birden fazla yonteme iligkin bulgularin rapor edilmesi 6nerilmistir.
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Introduction

In this era of technology that we are experiencing nowadays, the amount of information is
constantly increasing every day (Larose, 2005). Therefore, storing the data on hand and obtaining
meaningful information from these unprocessed, raw data are quite difficult (Fayyad, Piatetsky-Shapiro,
& Smyth, 1996).

The process of sorting large amount of data within large databases through computer programs and
making predictions for the future using obtained results is called as data mining (DM) (Thuraisingham,
2003). In order to make predictions for the future, one should go back to the past and should see the
relevant information and applications related to this topic. Nowadays, there are many algorithms and
software developed for this purpose. Thanks to these algorithms and software, the job of the
researchers gets quite easy (Imielinski & Mannila, 1996).

DM, which is also called as information discovery, is used to define the process of analyzing the data
from a new perspective and outlining useful new information among this data (Sieber, 2008). Data
mining aims to discover the information hidden in a large amount of data after a series of operations,
which is quite useful for the researchers, thus it is liken to mining which is performed to obtain ore
(Aydin, 2007). The algorithms of these systems are usually based on prediction or classification
techniques and the objective of the process is developing empirical data’s classification charts from the
data on hand, which can be used to predict the behavior of unknown objects (Weiss & Kulikowski,
1991). The problem that forms a decision tree is expressed in a recursive way. Decision tree has a
structure with the root at the top and then splitting down with the branches and nodes. In other words,
decision trees have an inverted tree structure with the root at the top. The nodes, except the root, are
called as internal node or tested node. In a decision tree, each node divides the data into two or more
subfields according to a certain allocation function of the input property value of the cases in the data
set. The tests performed at the nodes make the classification (differentiation) according to possessing a
certain property or not whereas for a numeric property the classification is made based on the values of
different ranges regarding a certain cut-off score of the property (Maimon & Rokach, 2005). For each
sample, a property, which will be assigned to the root node, is set and a branch is built for each possible
value of this property, then this operation is consecutively repeated for each branch for the cases that
reach the branch. If all cases in a node belong to the same class, the processing of this tree branch
(node) would be stopped, since there won’t be any differentiation anymore (Tan, Steinbach, & Kumar,
2005).

In order to classify new data using a decision tree, all consecutive internal nodes are visited starting
from root node until reaching a leaf node. The tests related to the node are performed in each internal
node and they are recorded. The outcome of an internal node’s test determines subsequent branch and
the next node to visit. The recorded class is the class of the last leaf node. In this way, the combination
of all conditions from the root to a leaf constitutes one of the conditions of the class related to the leaf
(Rastogi & Shim, 2000).

In a decision tree, each leaf connected to the node indicates a class value. The only remaining thing
to do before making a decision is to determine how to divide each property when a series of data from
different classes is given. In order to decide which branch will be the best choice, it will be sufficient to
check the number of yes and no classes in the leaves. When a single class in the form of Yes or No is
formed in the leaf, no further split will be required and the splitting process moving downward will end.
In Figure 1, a decision tree is displayed, which the structural presentation of how to make a classification
is starting from the root node. Thanks to this tree, the presentation of the information can be made in a
briefer and more attractive way (Barros, Carvalho, & Freitas, 2015).

The tree starts with the root node at the origin, given as level 0. The circles on the tree indicate the root
and internal nodes whereas the rectangles indicate leaf nodes. In this example, the decision tree was
designed for classification, thus leaf nodes include class labels. In Level 1, the cases are divided into two
according to the threshold value of X property. If all of the cases go to a class, as can be seen in the left
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side of the tree, then no further sub-branches will be built in the tree. If there are two different class
values for a property, as can be seen at the second level of Figure 1, the splitting will continue. The
branches of a tree are built as the tests continue.

__________________ ROOT LEVEL O
ST
1" CLASS | . XROPERTY  \ _________| LEVEL 1
ND ST
27" CLASS 1 CLASS | LEVEL 2

Figure 1. A generic decision tree for classification.

The nodes of a decision tree are for testing a certain property. The tests performed at the nodes are
usually in the form of comparing the observed value of a property with a constant value. However, some
trees compare two properties with each other or use some functions for one or more properties. Leaf
nodes provide a classification or classification cluster for all cases occurring until this leaf is reached and
the probability distribution for all classifications. In order to classify an unknown case, it is directed
towards the lower branches of the tree according to the values of the properties tested in consecutive
nodes; when a leaf is reached, the cases will be classified according to the class assigned to the leaf
(Witten & Frank, 2005).

All algorithms and learning methods used in data mining are based on multiple logical test models
that have solid statistical basis (Mease & Wyner, 2008). There are three types of data mining techniques,
namely unsupervised, semi-supervised and supervised learning approaches. In supervised learning, the
algorithm works with a series of cases, whose label is known. These labels may be nominal values for
classification tasks as well as numeric values for regression. On the contrary, in unsupervised learning
the labels of the cases in the database are unknown and the algorithm typically aims to group the cases
according to the similarity of the attribute’s values that characterize clustering task. Finally, in semi-
supervised learning, a small subset of labelled cases is available, the technique is based on using them
along with numerous unlabelled cases (Neelamegam & Ramaraj, 2013). Decision tree is positioned
among the basic classifying techniques including the nearest neighbor, support vector machine, Naive
Bayes classifier and artificial neural networks, which are all supervised learning approaches (Han &
Kamber, 2006). However, clustering analysis algorithms are accepted as unsupervised learning approach
because they don’t require to set the number of objects in a class or the number of classes (Kusiak,
2001). In addition, Wu et al. (2008) reported that the most popular 10 algorithms in DM are C4.5, k-
means algorithm, support vector machine, a priori distribution, Expectation Maximization, PageRank, k-
nearest neighbors, Naive Bayes Classifier and Classification and Regression Trees. Among them, C4.5
(Classification Tree) algorithm can be considered as an improved version developed to overcome the
limitations of ID3 (Iterative Dichotomiser 3) algorithm (Hssina, Abdelkarim, Ezzikouri, & Erritali, 2014).
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The decision tree was first built by Quinlan, under ID3 algorithm in 1986 and then this algorithm was
updated and called as C4.5 and it still forms a basis for the decision trees obtained through statistical
algorithms. Both ID3 and C4.5 algorithms are based on the statistical computation of the information
gain coming from a single attribute. Accordingly, the property that gives maximum information about
the decision to be taken based on the cases in the data set is selected and the process is continued by
choosing another property that provides maximum information among the remaining ones (Podgorelec,
Kokol, Stiglic, & Rozman, 2002). With the recent update, J.48 algorithm replaced them. In short, J.48
algorithm is the decision tree learning algorithm based on the algorithm previously known as C4.5.

In recent years, data mining programs, such as WEKA (Waikato Environment for Knowledge
Analysis), Enterprise Mining and Clementine, are successfully applied to the large data sets obtained
from geology, medicine, marketing, banking and other commercial areas (Lv, Kim, Zheng, & Jin, 2018).
The review of the relevant literature revealed that there is not much application of DM algorithms in
education area. Moreover, data mining application were only used for classification purposes in the very
few papers and thesis performed in education area. In this study it was aimed to draw meaningful
outcomes from the large data of PISA (Program for International Student Assessment), which is one of
the large-scale international tests, including a substantial amount of data about the students and
schools and to illustrate the use of DM algorithms in education area. In addition, we also aimed to
compare the decision trees obtained using different algorithms of classification and prediction
techniques, under different conditions. In the literature, there are different algorithms for building a
decision tree and it is believed that revealing how they really works with the data obtained from large-
scale tests, such as PISA, TIMSS, will be useful. By this means, it will be easier to decide the variables to
be preferred in the decision studies to be made in the future. For this purpose, the similarities and
differences of the decision trees obtained from PISA 2015 data using different algorithms were
determined expecting to form a basis for future studies.

Method
Research Design

In this study, it was intended to predict Science literacy achievement of the students in 15-age group
using the answers given to the sub-scales of PISA questionnaire and determine the functioning level of
data mining classification techniques that were used in this process. Accordingly, first of all raw data
were obtained from PISA questionnaire and then the variables were determined. Afterwards the data to
be analyzed were pre-treated and it was analyzed using data mining techniques. Suggestions were
submitted according to the findings and results obtained at the end of the analysis.

Research model

In this study, it was intended to predict students’ achievement in terms of Science literacy through
the answers given to questions included in PISA 2015 questionnaire and examine the decision trees
obtained in this process. At the first stage of the study, the accuracy rating of the classification
algorithms used to predict students’ PISA achievement were determined, then at the second stage the
similarities and differences of the decision trees obtained by different algorithms were revealed. Since
the study predicts achievement status of the students classified as successful and unsuccessful
according to PISA science scores through the sub-tests that measured students’ affective properties and
sociodemographic indexes, it is a basic research model (Blyukoztlrk, Kiligc Cakmak, Akgiin, Karadeniz, &
Demirel, 2016). Basic researches are defined as studies that produce knowledge and theory and studies
based on methodological analyzes are evaluated within this scope (Vaus, 2001). The study is thought to
be a basic research since it is aimed to determine the similar and different aspects of the classes
obtained by data mining methods and the decision trees used to predict PISA science achievement
(Fraenkel, Wallen, & Hyun, 2012).

1186



Gokhan AKSU, Nuri DOGAN — Pegem Egitim ve Ogretim Dergisi, 9(4), 2019, 1183-1208

The Population and Sample of the Research

Regarding the objectives of the research, the study group was formed by the students in the age
group of 15 who were registered in formal education and who participated in PISA 2015 test organized
by OECD. A total of 540000 students from 72 countries have participated in the test, and 5895 of them
were from Turkey. Regarding the execution of PISA 2015 in Turkey, the population of the students in the
age group of 15 consisted of 1324089 students; whereas accessible population was 925366 students. In
PISA research, school sample was determined according to stratified random sampling method (MoNE,
2016).

Data Collection Process

The data used in the research were acquired from the official web site of OECD, which was opened
to the public in 2017, found in the address http://www.oecd.org/pisa/data/2015database/. The data of
5898 students, having country code TR in the student survey stored in SPSS data file format, were used
as data source for the analysis.

Data Analysis

The objective of the first stage of the research was to develop a model to predict students’ science
literacy performance using their PISA data. Since the performance of the students on the PISA test was
coded as “Successful” or “Unsuccessful”, this was a classification problem and it was analyzed using data
mining classification techniques (Romero & Ventura, 2013). Thus, the analyses were performed by using
a total of 5 different learning algorithms, namely Hoeffding Tree, J.48, Logistic Model, REPTree and
Random Tree that were frequently used in the literature for classification and prediction purposes,
allowing the formation of decision tree in Weka software. At the second stage of the study, the variables
found to have significant effects on the decision trees obtained through different algorithms were
determined and their hit ratio were compared according to their correct classification rate. In addition,
the other criteria to be used in the comparison of the models were set as Kappa statistic, mean absolute
error, root-mean-square error, relative absolute error and route relative squared error. Since there is no
standard criterion for comparing these values, the errors should be as low as possible whereas Kappa
statistic and correct classification rate should be as high as possible (Almuniri & Said, 2017; Doreswamy,
2012; Hossin & Sulaiman, 2015; Kiranmai & Damodaram, 2014; Sokolova & Lapalme, 2009; Tiwari, Jha, &
Yadav, 2012; Vihinen, 2012).

Kappa statistic or Kappa value is a numerical value comparing expected and observed values and is
considered less misleading since it also takes into account the chance factor (Witten & Frank, 2005). The
accuracy rate observed in this process is obtained by dividing the number of samples correctly classified
over the entire matrix by the total number of samples. Expected accuracy means that any random
classifier is successful based on the given matrix. Finally, after determining the expected and observed
accuracy rates, Kappa statistics are calculated with the help of the equation given below (Carletta,
1993).

Observed accuracy value — Expected accuracy value

K =
appa (1) 1 — Expected accuracy value

Thus, Kappa statistic checks the expected accuracy of a random classifier by the machine learning
method and gives a measure of how close to realistic the samples in the data set are. Even though there
is not an absolute standard in the interpretation of Kappa statistic, usually the values between .00-.20
are defined as none to slight, .21-.40 as fair, .41-.60 as moderate; .61-.80 as substantial and .81-1.00 as
almost perfect (Landis & Koch, 1977).

The Software and Algorithms Used in the Data Analysis

In the analysis of data, java based WEKA 3.8 (Waikato Environment for Knowledge Analysis) software
was used. WEKA software was developed by Waikato University of New Zeeland to process agricultural
data (Kuyucu, 2012). The main reasons for preferring WEKA software in the data analysis are the
widespread use of the software and its open source system.
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ID3, which was one of the most popular decision trees, was a stable algorithm founded by J.Ross
Quinlen from Austria Sidney University, based on information gain criterion. Afterward, C4.5 tree
algorithm, which possesses many novelties and improvements such as allowing dependent variable to
be numeric, missing data, noisy data and setting rule from the trees, was developed on the basis of ID3.

Logistic Model Trees (LMT) may work with dual-category or multiple-category properties, numeric
properties or classification level properties of the property defined for the target (result) variable, and
with missing data. When the logistic regression function is executed in a node, cross validation algorithm
is used to determine the number of iterations needed for the analysis, thus the same number is used
across the whole tree instead of performing a different iteration in each node. This operation
considerably increases the running time while having very few impacts on the accuracy of the obtained
results. As an alternative, you can set the number of iterations to be used across the tree by yourself.
Normally, decreasing cross validation number is an incorrect classification error. Instead of this, root-
mean-square error of the probabilities may be chosen as well. The division criterion of the tree is
determined according to the amount of information that C4.5 has or logit residual values. Here, the
efforts are made to increase the purity of residual values.

Regression Tree (REPTree) builds a decision/regression tree using information gain and variance
reduction. Variance reduction is performed using reduced-error pruning. This algorithm deals with
missing values by splitting the corresponding cases into pieces. The minimum number of cases per leaf
can be set by the users. For maximum tree depth, the minimum numeric class variance, proportion of
train variance for split and the number of levels for splitting can be chosen by making changes in the
window opened by ticking the command line next to the selection button.

In Random Tree algorithm, a pre-defined number of attributes are randomly selected and the test is
conducted without any pruning at the branches of the tree. In decision trees, the best functioning
property, in other words the property that provides maximum information is selected; however, in
Random Tree algorithm this selection is made randomly (Witten, Frank, & Hall, 2016).

Results

As a result of the relevant literature review, the number of variables to be used for predicting PISA
science literacy was found to be 29; thus, first of all the best properties were determined using different
algorithms. The information about the variables found to be effective on the science literacy of the
students and used within the scope of the study are displayed in Table 1, with their name, code,
minimum and maximum values, as well as their percentile values about the number of layers that each
variable was successful in 10-level cross validation algorithm. Even though Artificial Neural Networks
algorithms were reported to make better predictions compared to regression analysis in case of a large
number of variables added to the model (Lykourentzou, Giannoukos, Mpardis, Nikolopoulos, & Loumos,
2009); it was also reported that in predictive algorithms such as DM, adding more variables to the model
will not lead to an increase on the accuracy of the performance estimates (Huang & Fang, 2013) . In
addition, in the experimental study performed by (Kohavi, 1995) it was reported that the estimates
found under different algorithms were quite good and almost unbiased when the number of layers was
10 and 20; thus 10-level cross validation algorithm was used in the study. At the end of this process, the
stage of comparing data mining algorithms used for predicting PISA science literacy through 12
independent variables, according to correct classification numbers, correct classification rate, reliability
values and decision trees was started. At this stage, PISA science literacy variable was converted into a
categorical variable by WEKA software. Students who got a score lower than 425.00, which is Turkey’s
average, were coded as unsuccessful (0) whereas those who got a higher score were coded as successful

(1).
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Table 1.
Summary Information for the Variables that were Used in Data Mining.
No Name of the variable Code min max Hit Ratio
1 Inquiry-based science education IBTEACH -3.34 3.18 %100.00
2 Environmental awareness ENVAWARE -3.38 3.29 %100.00
3 Scientific beliefs EPIST -2.79 2.16 %100.00
4 Vocational status expected from the student BSMJ 10.00 89.00 %100.00
5 Duration of studying outside of school (week) OUTHOURS .00 70.00 %100.00
6 Time of studying science (week) SMINS .00 800.00 %100.00
7 Overall studying time (week) TMINS 100.00 3000.00 %100.00
8 Test anxiety ANXTEST -2.51 2.55 %60.00
9 Fairness of the teacher Unfairteacher 1.00 24.00 %40.00
10 Educational resources at home HEDRES -4.37 1.18 %80.00
11 ICT resources ICTRES -3.27 3.50 %100.00
12 Socio-economic status index ESCS -5.13 3.12 %100.00

Findings about Different Learning Algorithms

The results obtained using 10-level cross validation of the measurement outcomes obtained by
Hoeffding Tree, J.48, Logistic Model, REPTree and Random Tree algorithms for predicting the
achievement using the variables measured by PISA questionnaire are respectively reported below.

Findings of Hoeffding Tree Algorithm

4085 of 5865 students were correctly classified using Hoeffding Tree algorithm, resulting with
69.65% correct classification rate. Kappa statistic of the classification was found to be .39 and mean
absolute error was .36. The tree structure built by the software for Hoeffding tree algorithm is shown in

Figure 2.

==-1,664 =-1,664

== 0,253 = 0,253

T

_}___p—"'
ourta) 1617009

Figure 2. Tree structure obtained by Hoeffding tree.

It was found that Information and Communication Technology resources was the most effective
variable for classifying students in terms of PISA science literacy, followed by environmental awareness.
The tree structure was built by the program, no further split occurred at lower levels. In other words,
decision tree was set as two levels. Regarding the decision tree, it can be seen that the cut-off score of
Information and Communication Technology resources (ICTRES) was -1.64, those who were under this
value were classified as unsuccessful whereas for those who were above this value environmental
awareness score, whose cut-off score was .25, was checked. The measure of the purity used in the
classification is called as information and measured by the units defined as ICT. Taking the amount of
information, which is called as entropy, as the basis, it was concluded that only 2 of the 12 variables
covered within the scope of the research were sufficient for classifying students as successful and
unsuccessful.
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Findings of J.48 Algorithm

3976 of 5865 students were correctly classified using J.48 algorithm, resulting with 67.79% correct
classification rate. Kappa statistic of the classification was found to be .35 and mean absolute error was
.38. A portion of the tree structure built by the software for J.48 algorithm is shown in Figure 3.

=185 =105 =133 »-1.33

om0 eacs ' T Tk
==0.21 =021 - (’ <= 205 »205

e s & “® s

=208 -2.08 w71 +72 b 6 <= 1660~ 1680

ovsenn) e E [EEETE (rms soinen
Figure 3. Tree structure obtained by J.48.

The decision tree obtained via J.48 algorithm has a total of 15 levels but for the sake of ease of
interpretation only the first four levels are displayed. It was found that environmental awareness was
the most effective variable for classifying students in terms of PISA science literacy, followed by weekly
time of studying science and ICT resources. Regarding the next level of classification, it can be seen that
the effective variables were socio-economic status index, ICT resources and weekly time of studying
science. The cut-off score of environmental awareness was calculated from the raw scores by the
software and it was found as -.35. Those who were under this value were checked in terms of weekly
time of studying science whereas for those who were above this value, ICT resources were checked. The
cut-off score of weekly time of studying science was 195.00. Then, socio-economic status index was
checked for those whose time of studying science was above 195.00 whereas those whose time of
studying science was below 195.00 classified as unsuccessful. The cut-off score of socio-economic status
index, which was located at the left branch of the decision tree, was found to be .21 and those who
were above this value were classified as successful whereas ICT resources was checked for those who
were under this value.

Findings of Logistic Model Algorithm

4125 of 5865 students were correctly classified using Logistic Model (LM), resulting with 70.33%
correct classification rate. Kappa statistic of the classification was found to be .40 and mean absolute
error was .38. The tree structure built by the software for J.48 algorithm is shown in Figure 4.

o
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_ _

Figure 4. Tree structure obtained by Logistic Model.
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The obtained tree structure was built by the software and no further split occurred at lower levels. In
other words, the decision tree was found to be with three levels. It was found that environmental
awareness was the most effective variable for classifying students in terms of PISA science literacy,
followed by weekly time of studying science. It can be seen that and socio-economic status index
variable was effective in the next level of classification whereas fairness of the teacher variable was
effective in the last level. The cut-off score of environmental awareness was -.35 and those who were
under this value were classified according to Logistic Model number 1 whereas weekly time of studying
science, whose cut-off score was 238.00, was checked for those who were above this value. It was found
that socio-economic status index was effective on classifying students whose time of studying science
was below 238.00 hours whereas those whose time of studying science was above 238.00 hours were
directly classified according to the model called LM_5. From Figure 4, it can be seen that the equations
formed on the leaves of the decision tree were based on five different logistic model, namely LM_1,
LM_2, LM_3, LM_4 and LM_5. In traditional statistical analysis, a single regression model was built for
predicting dependent variable using independent variables; however, five different regression models
were obtained in Logistic Model. Thus, the Logistic Model’s hit ratio is higher than the other algorithms.
In addition, it was found that the constants and coefficients of the variables differ in each equation.

Findings of REPTree Algorithm

3946 of 5865 students were correctly classified using REPTree, resulting with 67.28% correct
classification rate. Kappa statistic of the classification was found to be .34 and mean absolute error was
.39. A portion of the tree structure built by the software for REPTree algorithm is shown in Figure 5.

=2325 ==2325

=-0.34 ==-0.34 =-1.17 =-1.17

=144 =144 =02 =02 =-0.61 =061

Figure 5. Tree structure obtained by REPTree.

The decision tree obtained via REPTree algorithm has a total of 13 levels but for the sake of ease of
interpretation only the first three levels are displayed. It was found that weekly time of studying science
was the most effective variable for classifying students in terms of PISA science literacy, followed by
environmental awareness and ICT resources. Regarding the next level of classification, it can be seen
that environmental awareness variable was effective. In the first classification of the tree, the cut-off
score of weekly time of studying science was found to be 232.50 and environmental awareness score of
those who were under this value was checked whereas ICT resources score was checked for those who
were above this value. Similarly, cut-off scores of ICT resources on both branches were found to be -1.67
and -1.44 respectively.
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Findings of Random Tree Algorithm

3690 of 5865 students were correctly classified using Random Tree, resulting with 62.92% correct
classification rate. Kappa statistic of the classification was found to be .26 and mean absolute error was
.37. A portion of the tree structure built by the software for Random Tree algorithm is shown in Figure 6.

<-0.34 =034 «-1.33 »=-133

- - - -

=-0.13 <077 »=-0 »=-0.66

Figure 6. Tree structure obtained by Random Tree.

The decision tree obtained via Random Tree algorithm has a total of 24 levels but for the sake of
ease of interpretation only the first three levels are displayed. It was found that weekly time of studying
science was the most effective variable for classifying students in terms of PISA science literacy,
followed by environmental awareness and ICT resources. Regarding the next level of classification, it can
be seen that ICT resources, scientific beliefs, environmental awareness and socio-economic status index
variables were effective. In the first classification of the tree, the cut-off score of weekly time of studying
science was found to be 232.50 and environmental awareness score of those who were under this value
was checked whereas ICT resources score was checked for those who were above this value. The cut-off
score of environmental awareness was set as -.34; ICT resources were effective on those who are below
this value whereas socio-economic status index was effective on those who are above this value.

Comparison of Different Techniques

In order to compare the reliability values obtained from different algorithms, weighted overall
average values were compared. Number of correct classifications, correct classification rate, Kappa
statistic, Kappa level and mean absolute error of each algorithm are displayed in Table 2.

Table 2.
Reliability Criteria Obtained by Using Different Algorithms.
Number of levels Number of Correct Mean
used in the correct classification Kappa Kappa  absolute
Algorithms classification classifications rate statistic level error
1.Hoeffding Tree 2 4085 69.65 .39 Fair .36
2.).48 15 3976 67.79 .35 Fair .38
3. Logistic Model 3 4125 70.33 .40 Moderate .38
4. REPTree 13 3946 67.28 34 Fair .39
5. Random Tree 24 3690 62.92 .26 Fair .37

Regarding Table 2, the best results were achieved by Logistic Model technique in terms of number of
correct classifications, correct classification rate, Kappa statistic and Kappa level whereas the best
results in terms of mean absolute error were achieved by Hoeffding Tree algorithm. If the ranking was
done according to Kappa statistic, the ranking would be as Logistic Model, Hoeffding tree, J.48, REPTree
and Random Tree algorithms. Accordingly, it can be seen that ranking the algorithms according to
correct classification or Kappa statistic would not create any difference.
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Discussion, Conclusion & Implementation

Since the number of variables to be used for predicting PISA science literacy was found to be too
much, first of all the properties to be used within the scope of the study were determined. In order to
decrease the number of variables, some DM techniques, namely Best First Forward, Best First Backward
and Greedy Stepwise were used for 10-level cross validation and PISA science literacy was predicted
using 12 variables that had 40.00% or above hit ratio. It was found that the number of levels belonging
to the decision trees obtained from different algorithms had no direct impact on the correct
classification rate.

Bakker (2016) stated that the decision trees built from the same data set but using different
algorithms may differ. Hence, within the scope of the study, the variable that best predicted science
literacy was found to be time of studying science for REPTree and Random Tree whereas it was
environmental awareness for Logistic Model, and Information and Communication Technology
resources for Hoeffding tree. Although the property that gave maximum information was found to be
time of studying science for both REPTree and Random Tree algorithms, the next level of the decision
trees built by these two algorithms differed from each other; environmental awareness and ICT
resources were found to be effective for REPTree algorithm whereas environmental awareness and
educational resources at home were effective for Random Tree algorithm. Similarly, it is noted that
there were differences in the decision tree obtained by the other algorithms. This result bears a
resemblance to the finding of (Mohan, 2013), indicating that when you change the parameters of a
technique in itself, no differences would occur in the criteria such as precision, sensitivity, and recovery,
however there will be differences among the results obtained by using different techniques.

Regarding the comparison of correct classification rate obtained from different decision tree
techniques, it was found that they were ranked as Logistic Model, Hoeffding tree, J.48, REPTree and
Random Tree. Accordingly, correct classification rates differ according to the algorithm used for the
decision tree. This result shows similarity with the study of Cinaroglu (2016), reporting that there were
significant differences among the hit ratios of C4.5, CART and Random forest algorithms. In a similar
study, Dietterich (2000) stated that bagging, boosting and randomization methods would create
differences on the obtained results. From this aspect, the findings of the study show similarity.

In the study, the best prediction algorithm was found to be Logistic Model according to some
reliability criteria, namely number of correct classifications, Kappa statistic and mean absolute error.
This result is in line with the studies of Liaw and Wiener (2002) and Svetnik, Liaw, Tong and Wang
(2004). 1t is believed that the reason of getting more reliable results with less error in the decision tree
built by Logistic Model is using multiple regression equations instead of one and building learning
algorithms that classify new data using the results obtained from the predictions of the regression
equations (Strobl, Malley, & Tutz, 2009). It was found that according to the number of error and
reliability, the algorithms were ranked as Hoeffding Tree, J4.8, REPTree and finally Random Tree. J 4.8
algorithm, which was considered to be the most widely used algorithm in the literature showed a
moderate level of success. On the other hand, Logistic Model and Hoeffding tree algorithms were found
to be more successful in terms of both error-based reliability values and validity criteria.

Suggestions

In the study, it was found that input variables that affect output variable differed for the decision
trees built by different techniques. Based on these findings, regarding the studies concerning the
prediction of academic achievement, it was suggested to provide evidence about the validity of
obtained results by using at least 3 learning techniques in data mining instead of using only one.

It was found that Logistic Model (LM) and Hoeffding tree techniques used in data mining, especially
in Weka software, provided more reliable and valid outcomes under different conditions, thus it was
suggested to use these methods in the studies performed for classification or prediction of the
achievement purposes. Especially, the logistic equations obtained from the leaves of the decision tree
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built for determining successful and unsuccessful students may help to improve correct classification
rate allowing the use of many regression equations for different attribute values instead of modelling
the relationships between variables with a single regression equation.

Since the analysis was performed using PISA data, it can be suggested to analyze the result obtained
from large-scale tests organized by OSYM using the techniques based on data mining instead of
standard statistical techniques based on correlation and regression for the purpose of providing richer
evidences.
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Tiirkce Siiriim

Girig

Teknoloji ¢aginin yasandigl glinimuizde her gegen giin bilgi miktari siirekli artis gdstermektedir
(Larose, 2005). Bu sebeple sahip olunan bilginin depolanmasi ve bu islenmemis ham verilerden anlaml
bilgiler elde etmek oldukga zorlasmaktadir (Fayyad et al., 1996). Buyik miktarlardaki verilerin biyik veri
tabanlarinda bilgisayar programlari vasitasiyla aranarak, elde edilen sonuglar yardimiyla gelecekle ilgili
tahmin yapilmasi islemlerine veri madenciligi (VM) denilmektedir (Thuraisingham, 2003). Gelecege dair
tahmin yapilabilmesi icin gegmise doniip, ge¢miste bu konularla ilgili ne gibi bilgiler oldugunu ve ne gibi
uygulamalar vyapildigini gérmek gerekir. Glnimizde bu amagla bircok algoritma ve yazilim
gelistirilmistir. Bu algoritma ve yaziimlar sayesinde, arastirmacilarin isleri oldukca kolaylasmistir
(Imielinski & Mannila, 1996).

Bazen bilgi kesfi olarak adlandirilan VM veriyi yeni bir perspektiften analiz etmek ve bu veriler
arasindaki yararl yeni bilgileri 6zetleme sirecini tanimlamak icin kullanilmaktadir (Sieber, 2008). VM’de
buyuk miktardaki verinin icinde sakli olan ve arastirmacilar igin oldukga faydali olan bilgilerin bir dizi
islemlerin ardindan ortaya cikarilmasi hedeflendiginden cevher elde etmek igin yapilan madencilige
benzetilmektedir (Aydin, 2007). Bu sistemlerin algoritmalari genel olarak tahminleme veya siniflama
teknikleri lzerine kuruludur ve eldeki verilerden heniiz bilinmeyen nesnelerin davraniglarini tahmin
etmek icin kullanilabilen ampirik verilerin siniflandirma semalarinin olusturulmasini hedeflemektedir
(Weiss & Kulikowski, 1991). Bir karar agaci olusturma problemi kendi kendini tekrarlar sekilde ifade
edilmektedir. Karar agaci en Ustte koki ve daha sonra asagl dogru dal ve dugumleri olan bir yapiya
sahiptir. Baska bir ifadeyle karar agaclari kdki yukarda olan ters bir aga¢ yapisina sahiptir. Kok
haricindeki diger diglimlere i¢sel digiim veya test edilen diiglim adi verilmektedir. Bir karar agacinda
her bir diiglim, veri setindeki 6érneklerin girdi 6zellik degerlerinin belli bir ayirma fonksiyonuna goére iki
veya daha fazla alt alana bolmektedir. Digliimlerde gergeklestirilen testlerde tek bir 6zellige sahip olup
olmama durumuna gére siniflama (ayrisma) yapilirken sayisal bir 6zellik icin 6zelligin belli bir kesme
puanina gore farkl araliklardaki degerleri esas alinarak siniflama yapilir (Maimon & Rokach, 2005). Her
bir 6rnek icin kok digiime yerlesecek sekilde bir 6zellik belirlendikten ve olasi her bir deger icin bir sube
(dal) olusturulduktan sonra bu islem her bir dala ulasan 6rnekleri kullanarak her bir dal igin ardisik olarak
tekrar edilir. Eger herhangi bir durumda bir digiimdeki tim 6rnekler ayni sinifa dahil olurlarsa agacin o
pargasinin (dugumu) gelistirmesi durdurulur. Clinka artik farkh siniflara ayrisma olmayacaktir (Tan et al.,
2005).

Bir karar agaci kullanarak yeni verileri siniflandirmak igin, kok digiimden baslayarak, bir yapraga
ulasilana kadar ardisik i¢ digumler ziyaret edilir. Her i¢ digimde, diigiime iliskin testler yapilarak bunlar
kayit altina alinir. Bir i¢ digimdeki testin sonucu, gegilen dah ve ziyaret edilecek sonraki digimi
belirler. Kayit altina alinan sinif sadece son yaprak digimiinin sinifidir. Boylece, kokten bir yapraga
kadar olan dallar igin tiim kosullarin birlesimi, yaprak ile iligkili sinifin kosullarindan birini olusturur
(Rastogi & Shim, 2000).

Karar agacinda digiime bagh olan her bir yaprak bir sinif degerini gostermektedir. Karar vermek igin
geriye kalan tek sey, farkh siniflarda bir dizi 6rnek verildiginde, hangi 6zelligin nasil bolinecegini
belirlemektedir. Elde edilen dallanmalardan hangisinin en iyi se¢im olacagina karar vermek icin
yapraklardaki evet ve hayir siniflarinin sayilarina bakmak yeterli olacaktir. Sadece Evet veya Hayir
seklinde yaprakta tek bir sinif olustugunda tekrardan ayrilmaya gerek kalmayacak ve asagiya dogru
yinelenen dallanma siireci sona erecektir. Sekil 1'de belirlenen bir 6zellige gére kok digiimden (node)
baslayarak nasil bir siniflama yapilacagi ile ilgili yapisal bir gosterim olan karar agaci verilmektedir. Bu
agac sayesinde daha 6zet ve daha gekici bilgi sunumu yapilabilmektedir (Barros et al., 2015).
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____________________ KOK DUZEY 0
] LSINIF |/ XOZELLGI  \ | DUZEY 1
2. SINIF 1. SINIF DUZEY 2

Sekil 1. Siniflama icin genel bir karar agaci 6rnegi.

Agacta ilk olarak diizey O olarak verilen baslangi¢c noktasinda kék diigiim ile baslanmaktadir. Agacta
yer alan ¢emberler kok ve i¢ diigiimleri, kareler ise yaprak diigiimlerini belirtir. Bu 6zel érnekte, karar
agaci siniflandirma igin tasarlanmistir ve bu nedenle yaprak diigiimleri sinif etiketleri barindirmaktadir.
Duzey 1'de herhangi bir X ozelligi i¢in bu o6zelligin belli bir esik degerine gore ornekler iki sinifa
ayrilmaktadir. Agacin sol tarafinda gorildiGgi gibi tim ornekler tek bir sinifa gidiyorsa bu durumda
agacin alt dallar olusmayacaktir. Eger Sekil 1’de ikinci dizeyde goruldigu gibi belirli bir 6zellik igin iki
farkh sinif degeri varsa dallanma devam edecektir. Bu sekilde testler devam ettikce agacin dallar
olusmaktadir.

Karar agacinda yer alan diigiimler belirli bir 6zelligi test etmeyi amaglamaktadir. Genellikle digimler
Uzerinde gercgeklestirilen testler, bir 6zellige iliskin gdzlenen degerin sabit bir deger ile karsilastirmasi
seklinde yapilmaktadir. Buna ragmen bazi agaclar iki 6zelligi birbiriyle karsilastirir veya bir ya da daha
fazla 6zellik icin bazi fonksiyonlar kullanirlar. Yaprak diglimler o yapraga ulasincaya kadarki tiim 6rnek
durumlar icin bir siniflama veya siniflama kiimesi ve olasi tiim siniflamalara iliskin olasilik dagihimlarini
vermektedir. Bilinmeyen bir 6rnegi siniflamak igin, ardisik diglimlerde test edilen 6zelliklerin degerlerine
gore agacin alt dallarina yonlendirme yapilir ve bir yapraga ulasildiginda, 6rnekler yapraga atanan sinifa
gore siniflandirilmis olacaktir (Witten & Frank, 2005).

Veri madenciliginde kullanilan algoritma ve 6grenme yodntemlerinin tamami saglam istatistiksel
temelleri olan ¢oklu mantiksal sinama modellerine dayanmaktadir (Mease & Wyner, 2008). Veri
madenciligi yontemlerinin denetimsiz (unsupervised), yari denetimli (semi-supervised) ve denetimli
(supervised) 6grenme yaklasimi olmak lizere g tird bulunmaktadir.

Denetimli 6grenmede algoritma, etiketleri bilinen bir dizi 6rnekle calsir. Etiketler, siniflandirma
gorevi icin nominal degerler veya regresyon durumunda ise sayisal degerler olabilir. Denetimsiz
6grenmede, aksine, veri kiimesindeki orneklerin etiketleri bilinmemektedir ve algoritma, tipik olarak
ornekleri, kimeleme goérevini karakterize eden 06znitelik degerlerinin benzerligine gére gruplandirmayi
amaglamaktadir. Son olarak, yari denetimli 6grenmede ise etiketli orneklerin kiiglik bir alt kiimesi
mevcutken bunlari ¢ok sayida etiketlenmemis érnekle birlikte kullanmayi esas almaktadir (Neelamegam
& Ramaraj, 2013). Karar agaci, en yakin komsuluk, destek vektér makinesi, Naive Bayes siniflandiricisi ve
yapay sinir aglari temel siniflandirma yéntemleri arasinda yer almaktadir ve bunlar denetimli 6grenme
yaklasimlaridir (Han & Kamber, 2006). Ancak kiimeleme analizi algoritmalari, bir siniftaki nesne sayisinin
veya sinif sayisinin belirtiimesini gerektirmedigi icin denetimsiz 6grenme yaklasimi olarak kabul
edilmektedir (Kusiak, 2001). Bunun yaninda Wu et al. (2008) VM’de en popiiler 10 algortimanin C4.5, k-
ortalama yontemi, destek vektor makineleri, ©nsel dagihmlar (apriori), maksimum beklenti
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(EM=Expectation Maximization), sayfa derecesi (PR=PageRank), k-en yakin komsuluk (kNN=k-nearest
neighbors), Naive Bayes ile Siniflama ve Resgresyon Agaci (CART= Classification and Regression Trees)
oldugunu belirtmektedir. Bu yontemlerden C4.5 (Classification Tree) algortimasi ID3 (lterative
Dichotomiser 3) yodnteminin sinirliliklarini ortadan kaldirmak igin gelistirilmis bir versiyonu olarak
duslndlebilir (Hssina et al., 2014).

ilk olarak 1986 yilinda Quinlan tarafindan ID3 algoritmasi altinda karar agaci olusturulmus ve
sonrasinda bu algoritma guincellenerek C4.5 adini almistir ve halen geleneksel istatistiksel yontemlerle
elde edilen karar agaglarina temel tegkil etmektedir. ID3 ve C4.5 algoritmalarinin her biri karar agaci
olusturmak igin tek bir 6znitelikten gelen bilgi kazancinin istatistiksel olarak hesaplanmasina dayalidir. Bu
sekilde egitim veri setindeki 6rneklere dayal olarak alinacak kararla ilgili en fazla bilgiyi veren bir 6zellik
secilir ve kalan ozelliklerden en fazla bilgi veren bir baska 6zellik daha segilerek isleme devam edilir
(Podgorelec et al., 2002). Son yillarda yapilan giincelleme ile bunlarin yerine J.48 algoritmasi getirilmistir.
Ozetle J.48 algoritmasi daha dnce C4.5 olarak bilinen algoritmaya dayal karar agaci 6grenme yéntemidir.

Son yillarda WEKA (Waikato Environment for Knowledge Analysis), Enterprise Mining ve Clementine
gibi veri madenciligi programlari, jeoloji, tip, pazarlama, bankacilik ve diger ticari alanlarda elde edilen
biiyiik veri gruplarina basaril bir sekilde uygulanmaktadir (Lv et al., 2018). ilgili alan yazin incelendiginde
VM yoéntemlerinin egitim alaninda ¢ok fazla uygulamasi olmadigi gérilmektedir. Bunun yaninda egitim
alaninda ¢ok az sayida yapilan makale ve tezlerde ise veri madenciligi uygulamalarinin sadece siniflama
amagli kullanildigi belirlenmistir. Bu calismada uluslararasi genis olgekli sinavlardan biri olan PISA
(Programme for International Student Assessment) sinavi ile 6grenci ve okula iliskin oldukga fazla verinin
icerisinden anlamli sonuglar ¢ikarmak ve egitim alaninda VM yéntemlerinin kullanilmasini érneklemek
amagclanmaktadir. Bunun yaninda siniflama ve tahmin yontemlerinin farkli algoritmalari kullanilarak elde
edilen karar agaglarinin farkh kosullar altinda karsilastirilmasi amaglanmaktadir. Alanyazinda farkh karar
agaci belirleme yontemleri bulunmakta ve bunlarin PISA, TIMSS gibi genis 6lgekli sinavlardan elde edilen
verilerde nasil ¢alistiginin belirlenmesinin yararli olacagi diisinilmektedir. Bu sayede ileride yapilacak
karar calismalarinda hangi degiskenlerin tercih edilmesi gerektigine iliskin karar vermek daha kolay
olacaktir. Bu sebeple arastirmada PISA 2015 verileri yardimiyla farkli algoritmalardan elde edilen karar
agaglarinin benzer ve farkli yonleri belirlenerek ilerde yapilacak galismalara temel olusturmasi
amagclanmistir

Yontem
Arastirmanin Deseni

Calismada Glkemizde 15 yas grubundaki 6grencilerin PISA 6grenci anketinde yer alan alt 6lgeklere
verdikleri yanitlar yardimiyla Fen okuryazarhgi basarilarini tahmin etmek ve bu siirecte kullanilan veri
madenciligi siniflama yontemlerinin ne dizeyde isledigini belirlemek amacglanmistir. Buna gore 6ncelikle
PISA 6grenci anketinden ham veriler elde edilmis ve ardindan degiskenler belirlenmistir. Sonrasinda
analiz edilecek veriler 6n isleme tabi tutulmus ve veri madenciligi yontemleri ile analiz edilmistir. Analiz
sonucunda elde edilen bulgular ve sonuglara dayal olarak énerilerde bulunulmustur.

Arastirmanin Modeli

Bu arastirmada ogrencilerin PISA 2015 o6grenci anketinde yer alan sorulara verdikleri yanitlar
yardimiyla Fen okuryazarligi bakimindan basarilarini tahmin etmek ve bu siirecte elde edilen karar
agaclarinin incelemesi amaglanmistir. Calismanin ilk asamasinda 6grencilerin PISA basarilarini tahmin
etmede kullanilan siniflama yontemlerinin dogruluk derecesi belirlenmis ardindan ikinci asamada farkl
algoritmalar yardimiyla elde edilen karar agaglarinin benzer ve farkli yonleri ortaya cikariimistir.
Arastirma, PISA fen puanlari agisindan basarili ve basarisiz olarak siniflanan 6grencilerin duyussal
ozellikleri o6lgen alt testler ve sosyodemografik indeksler yardimiyla basari durumlarina iliskin
tahminleme yapilmasi bakimindan temel arastirma modelindedir (Buyukoztirk et al.,, 2016). Temel
arastirmalar bilgi ve kuram Ulretmeye donik ¢alismalar olarak tanimlanmakta ve yontemsel analizlere
dayali calismalar da bu kapsamda degerlendirilmektedir (Vaus, 2001). Calismada veri madenciligi
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yontemleriyle elde edilen siniflarin ve PISA fen basarini tahmin etmede kullanilan karar agaglarinin
benzer ve farkl yonlerinin belirlenmesi amaglandigindan galismanin temel arastirma niteliginde oldugu
distnilmektedir (Fraenkel et al., 2012).

Arastirmanin Evreni ve Orneklemi

Arastirmanin amaglari dogrultusunda c¢alisma grubunu OECD tarafindan dizenlenen PISA 2015
sinavina katilan ve 6rgin egitime kayith olan 15 yas grubu 6grencileri olusturmaktadir. Sinava 72 (ilkeden
toplam 540000’e yakin 6grenci katilmis ve bunlarin 5895 tanesi Tirkiye’den katilan 6grencilerdir. PISA
2015 Tarkiye uygulamasinda 15 yas grubu 6grenci evreni 1324089 6grenci, uygulamaya katilabilecek
ulagilabilir Turkiye evreni ise 925366 6grenci olarak belirlenmistir. PISA arastirmasinda okul érneklemi,
tabakali secgkisiz 6rnekleme yontemiyle belirlenmektedir (MEB, 2016).

Veri Toplama Siireci

Arastirmada kullanilan veriler 2017 yilinda paylasima agilan ve OECD’nin resmi internet sayfasi olan
http://www.oecd.org/pisa/data/2015database/ adresinden elde edilmistir. SPSS veri dosyasi formatinda
yer alan 6grenci anketinden Ulke kodu TR olan 5895 6grenciye iliskin veriler analiz kapsaminda veri
kaynagi olarak kullaniimistir.

Verilerin Analizi

Arastirmanin ilk asamasinda amag 6grencilerin PISA verilerini kullanarak fen okuryazarlig
performanslarini tahmin edecek bir model olusturmaktir. Ogrencilerin PISA sinavinda gésterdikleri
performans “Basaril” ve “Basarisiz” seklinde kodlandigi igin bu bir siniflama problemidir ve veri
madenciligi siniflama yontemleri kullanilarak analiz edilmistir (Romero & Ventura, 2013). Bu sebeple
literatirde siniflama ve tahmin amaciyla sikhkla kullanilan ve WEKA programinda karar agaci
olusturmaya izin veren Hoeffding Tree, J.48, Lojistik Model, REPTree ve Random Tree olmak Uzere
toplam 5 farkli 6grenme yontemi kullanilarak analizler gergeklestirilmistir. Calismanin ikinci asamasinda
farkli yontemler yardimiyla elde edilen karar agaglarinda anlamh etkiye sahip olan degiskenler
belirlenerek her bir karar agaci i¢in dogru siniflama oranlari tGzerinden basari oranlari karsilastirilacaktir.
Bunun yaninda modelleri karsilastirmada kullanilan diger olglitler Kappa istatistigi, Mutlak hatanin
ortalamasi, Hatalarin ortalama karekokil, Goreceli mutlak hata ve Goreceli hatalarin karekdki olarak
belirlenmistir. Bu degerlerin karsilastiriimasinda standart bir o6lglit olmamasi sebebiyle hatalarin
olabildigince disik ve Kappa istatistigi ile dogru siniflama oraninin olabildigince ylksek olmasi
gerekmektedir (Almuniri & Said, 2017; Doreswamy, 2012; Hossin & Sulaiman, 2015; Kiranmai &
Damodaram, 2014; Sokolova & Lapalme, 2009; Tiwari, Jha, & Yadav, 2012; Vihinen, 2012). Kappa
istatistigi ya da Kappa degeri beklenen ve goézlenen degerlerin karsilastirildigi bir sayisal deger olup
tesadifi sans faktorini de hesaba kattigindan daha az yaniltici bir deger olarak kabul edilmektedir
(Witten ve Frank, 2005). Bu sirecte gozlenen dogruluk orani tim matris Gzerinden dogru olarak
siniflanmis 6rneklerin sayisinin toplam 6rnek sayisina boélimi sonucunda elde edilmektedir. Beklenen
dogruluk ise verilen matrise dayal olarak herhangi bir tesadifi siniflandiricinin basarili olmasi anlamina
gelmektedir. Son olarak beklenen ve gozlenen dogruluk oranlarinin belirlenmesinin ardindan Kappa
istatistigi asagida verilen esitlik yardimiyla hesaplanmaktadir (Carletta, 1993).

Gozlenen dogruluk degeri — Beklenen dogruluk degeri

Kappa (1)) = 1 — Beklenen dogruluk degeri
Boylece Kappa istatistigi makine 6grenme yontemi tarafindan tesadifi bir siniflandiricinin beklenen
dogruluk degerini kontrol ederek veri setinde yer alan 6rneklerin gercege ne kadar yakin bir sekilde
siniflandirildiginin 6l¢lsiint vermektedir. Kappa istatistiginin yorumlanmasi konusunda kesin standart bir
yorum olmasa da genel olarak .00-.20 arasi diistik, .21-.40 arasi kayda deger, .41-.60 arasli orta diizeyde;
.61-.80 arasi 6nemli ve .81-1.00 arasi miikemmel olarak tanimlanmaktadir (Landis & Koch, 1977).
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Verilerin Analizinde Kullanilan Yazilim ve Algoritmalar

Verilerin analizinde Java tabanli WEKA 3.8 (Waikato Environment for Knowledge Analysis) paket
programindan yararlanilmistir. WEKA programi tarimsal verinin islenmesi amaciyla Yeni Zelanda’daki
Waikato Universitesi tarafindan gelistirilmistir (Kuyucu, 2012). Verilerin analizinde WEKA programinin
secilmesinin temel sebepleri programin farkli alanlarda yaygin olarak kullanilmaya baslamasi ve sistemin
acik kaynak kodlu olmasidir.

En popller karar agaclarindan biri olan ID3 Austurya Sidney Universitesinden J.Ross Quinlen
tarafindan temeli atilan ve bilgi kazanim olgltiine (information gain criterion) dayanan kararli bir
yéntemdir. Daha sonrasinda bagiml degiskenin sayisal olmasi, kayip veriler, guriltiili veriler (noisy data)
ve agaglardan kural olusturma gibi bircok yenilik ve iyilestirmeye sahip C4.5 aga¢ yontemi ID3 esas
alinarak gelistirilmistir.

Lojistik Model Agaclari (LMT) hedef veya sonug degiskeni olarak tanimlanan 6zelligin iki kategorili
veya ¢ok kategorili, sayisal veya siniflama diizeyinde 6zellikler ve kayip veriler ile ¢alisabilmektedir. Bir
diguimde lojistik regresyon fonksiyonunu uyguladiginizda, analiz icin kag¢ iterasyon vyapilacagini
belirlemek icin ¢capraz gecerleme yontemi kullanilir ve boylece her diigiimde farkh bir iterasyon yerine
agacin tamami boyunca ayni sayi kullanilmaktadir. Bu islem galisma suresini dnemli dlglide artirirken
elde edilen sonuglarin dogrulugu Uzerinde ¢ok az bir etkiye sahiptir. Alternatif olarak aga¢ boyunca
kullanilacak iterasyon sayisini kendiniz ayarlayabilirsiniz. Normalde ¢apraz gegerlik sayisinin azaltilmasi
yanhs siniflandirma hatasidir. Fakat bunun yerine olasiliklarin ortalama hatalarinin karekdki de
secilebilir. Agactaki boliinme olgttii C4.5’in bilgi miktarina dayali olarak ya da lojit artik degerlerine gére
belirlenmektedir. Burada artik degerlerin safligini artirmak icin ugrasiimaktadir.

Regresyon agaci (REPTree) bilgi kazanim ve varyans azaltma yontemiyle bir karar veya regresyon
agaci olusturmaktadir. Varyans azaltmasi indirgenmis hata budamasi yontemiyle gerceklesmektedir. Bu
yontem C4.5 gibi eksik verileri pargalara ayirmak suretiyle istesinden gelebilmektedir. Her bir yaprakta
yer alacak en duguk 6rnek sayisi kullanicilar tarafindan belirlenebilir. Maksimum agag derinligi dallanma
icin egitim setinin minimum orani ve dallanma igin diizey sayisi da se¢ digmesinin yanindaki komut satiri
tiklanarak acilan pencerede degisiklik yaparak istenildigi sekilde diizenlenebilmektedir.

Rastgele aga¢ (RandomTree) yonteminde her bir diigiimde daha 6nce belirlenen sayida rastgele
ozellik secilerek bir test yapilirken agacin dallarinda budama yapilmamaktadir. Karar agaclarinda her bir
digimde en iyi galisan yani en ¢ok bilgi veren 6zellik secilirken rastgele aga¢ yonteminde bu se¢im
tesadiifi olarak gerceklesmektedir (Witten et al., 2016).

Bulgular

PISA Fen okuryazarhigini yordamak amaciyla kullanilacak degisken sayisinin ilgili literatir taramasi
sonucunda 29 olarak belirlenmesi sebebiyle ilk olarak farkl algoritmalar yardimiyla en iyi ozellikler
belirlenmeye c¢alisilmistir. Calisma kapsaminda 6grencilerin fen okuryazarhigl Gzerinde etkili oldugu
belirlenen ve galisma kapsaminda kullanilan degiskenlerin isimleri, kodlari, en disiik ve en yiiksek
degerleri ile her bir degiskenin 10 katli capraz gecerleme yonteminde basarili oldugu katman sayilarina
iliskin yuzdelik degerler Tablo 1’de gosterilmistir. Her ne kadar Yapay Sinir Aglari (YSA) yéntemleri
regresyon analizi yontemine kiyasla modele eklenen degisken sayisinin fazla olmasi durumunda daha iyi
tahmin yapacagi belirtilse de (Lykourentzou et al., 2009); VM gibi tahmine dayali ydontemlerde modele
daha ¢ok sayida degisken eklemenin performans kestiriminin dogrulugunda bir artisa sebep olmayacagi
belirtilmistir (Huang & Fang, 2013). Bunun yaninda Kohavi (1995) tarafindan yapilan deneysel ¢alismada
farkli algoritmalar altinda yapilan kestirimlerin katman sayisinin 10 ve 20 olmasi durumunda oldukga iyi
oldugu ve neredeyse tamamen yansiz oldugu belirtildigi icin calismada 10 kath c¢apraz gecerleme
yontemi kullanilmistir. Bu islemlerin sonucunda 12 bagimsiz degisken tarafindan PISA fen okuryazarhgini
yordamak amaciyla kullanilan veri madenciligi yontemlerinin dogru siniflama sayilari, dogru siniflama
oranlari, gtvenirlik degerleri ve elde edilen karar agaglarinin karsilastirilmasi asamasina gegilmistir. Bu
asamada WEKA programinda PISA fen okuryazarligi kategorik degiskene doénistiiriilmistir. Ogrencilerin
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PISA okuryazarlik puanlari bakimindan Tirkiye ortalamasi olan 425.00 puaninin altinda olanlar basarisiz
(0), bu puanin tzerinde olanlar basarili (1) olarak kodlanmistir.

Tablo 1.

Veri Madenciliginde Kullanilacak Degiskenlere iliskin Ozet Bilgiler.
Sira Degiskenin Adi Kodu min max Basari orani
1 Sorgulamaya dayali fen egitimi IBTEACH -3.34 3.18 %100.00
2 Cevreye duyarlik ENVAWARE -3.38 3.29 %100.00
3 Bilimsel inanglar EPIST -2.79 2.16 %100.00
4 Ogrenciden beklenen mesleki statii BSMJ 10.00 89.00 %100.00
5 Okul disi ders ¢alisma siiresi (hafta) OUTHOURS .00 70.00 %100.00
6 Fen 6grenme siiresi (hafta) SMINS .00 800.00 %100.00
7 Toplam 6grenme siiresi (hafta) TMINS 100.00 3000.00 %100.00
8 Test kaygisi ANXTEST -2.51 2.55 %60.00
9 Ogretmenin adil olmasi unfairteacher 1.00 24.00 %40.00
10 Evdeki egitim kaynaklari HEDRES -4.37 1.18 %80.00
11 BIT kaynaklari ICTRES -3.27 3.50 %100.00
12 Sosyo ekonomik durum indeksi ESCS -5.13 3.12 %100.00

Farkli Ogrenme Yontemlerine iliskin Bulgular

PISA o6grenci anketiyle olclilen degiskenlerden yararlanarak basariyi tahmin etmede kullanilan,
Hoeffding Tree, J.48, Lojistik Model, RepTree ve Random Tree yontemleri yardimiyla edilen 6lgme
sonuglarinin 10 kath ¢apraz gecerleme yontemi yardimiyla elde edilen sonuglar sirasiyla rapor edilmistir.

Hoeffding Tree Yéntemine iligkin Bulgular

Hoeffding Tree yontemiyle toplam 5865 6grencinin 4085 tanesi dogru siniflanarak bu ydontemle elde
edilen dogru siniflama orani %69.65 olarak belirlenmistir. Siniflamaya iliskin kappa istatistiginin .39 ve
ortalama mutlak hatanin .36 oldugu tespit edilmistir. Hoefding tree yontemi icin program tarafindan
olusturulan agac yapisi Sekil 2’de gosterilmistir.
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Sekil 2. Hoeffding tree yontemiyle elde edilen agag yapisi.

PISA fen okuryazarligi bakimindan &grencileri siniflamada ilk olarak Bilgi ve iletisim Teknolojileri
kaynaklari ve sonrasinda ¢evreye duyarlik degiskenlerinin etkili oldugu belirlenmistir. Elde edilen agag
yapisi program tarafindan Uretilmis olup daha alt diizeylerde dallanma gerceklesmemistir. Baska bir
ifadeyle elde edilen karar agaci iki diizeyli olarak belirlenmistir. Karar agacinda Bilgi ve iletisim Teknolojisi
kaynaklari (ICTRES) bakimindan kesme puaninin -1.66 oldugu ve bu degerin altinda kalanlarin basarisiz
olarak siniflanirken bu degerin lizerinde olanlarin ¢evreye duyarlik puanlarina bakildigi ve cevreye
duyarlk icin kesme puaninin .25 oldugu belirlenmistir. Siniflamada kullanilan safligin 6l¢tsi bilgi
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(information) olarak adlandirilir ve BIT olarak belirlenen birimlerle &lgiiliir. Entropi olarak adlandirilan
bilgi miktarlari esas alindiginda calisma kapsaminda ele alinan 12 degiskenden sadece 2 tanesinin
ogrencileri basarili ve basarisiz olarak siniflamada yeterli oldugu sonucuna ulagiimaktadir.

J.48 Yontemine iligkin Bulgular

J.48 yoéntemiyle toplam 5865 Ogrencinin 3976 tanesi dogru siniflanarak bu yontemle elde edilen
dogru siniflama orani %67.79 olarak belirlenmistir. Siniflamaya iliskin Kappa istatistiginin .35 ve ortalama
mutlak hatanin .38 oldugu tespit edilmistir. J.48 ydntemi icin program tarafindan olusturulan agag
yapisinin bir kismi Sekil 3'te gosterilmistir.
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Sekil 3. ).48 yontemiyle elde edilen agag yapisi.

1.48 yontemiyle elde edilen karar agaci toplam 15 diizeyli olup yorumlamada kolaylik olmasi amaciyla
ilk dort dlzeyi gosterilmistir. PISA fen okuryazarhig bakimindan 6grencileri siniflamada ilk olarak gevreye
duyarlik ve sonrasinda fen 6grenme siiresi ile BiT kaynaklari degiskenlerinin etkili oldugu belirlenmistir.
Bir alt diizeydeki siniflamada ise sosyo ekonomik durum indeksi ile yine fen égrenme siiresi ve BIiT
kaynaklari degiskenlerinin etkili oldugu gorilmektedir. Cevreye duyarlik bakimindan kesme puan
program tarafindan ham puanlar Gizerinden hesaplanmis ve -.35 oldugu belirlenmistir. Bu degerin altinda
kalanlarin fen 6grenme sirelerine bakildigi ve fen 6grenme siiresi icin kesme puaninin 195.00 oldugu
belirlenmistir. Haftalik fen 6grenme siresi 195.00 dakikanin altinda olanlar basarisiz olarak siniflanirken
fen 6grenme siresi 238.00 dakikadan fazla olanlari siniflamada sosyo ekonomik durum indeksi
degiskeninin etkili oldugu goriilmektedir. Karar agacinin ayni dah {zerinde bir alt diizeyde sosyo
ekonomik durum indeksi degiskeni icin kesme puani .21 olarak belirlenmis ve bu degerin lizerinde
olanlarin basarili olarak siniflanirken bu degerin altinda olanlarda BIT kaynaklari degiskenine bakildig
belirlenmistir.

Lojistik Model Yontemine iliskin Bulgular

Lojistik Model (LM) yontemiyle toplam 5865 6grencinin 4125 tanesi dogru siniflanarak bu yontemle
elde edilen dogru siniflama orani %70.33 olarak belirlenmistir. Siniflamaya iliskin Kappa istatistiginin .40
ve ortalama mutlak hatanin .38 oldugu tespit edilmistir. Lojistik Model ydntemi igin program tarafindan
olusturulan agag yapisinin bir kismi Sekil 4’te gésterilmistir.

Elde edilen aga¢ yapisi program tarafindan (Uretilmis olup daha alt diizeylerde dallanma
gerceklesmemistir. Baska bir ifadeyle elde edilen karar agaci ti¢ dizeyli olarak belirlenmistir. PISA fen
okuryazarligl bakimindan 6grencileri siniflamada ilk olarak ¢evreye duyarlik ve sonrasinda haftalik fen
o6grenme siresi 6zelliginin etkili oldugu belirlenmistir. Bir alt diizeydeki siniflamada ise sosyo ekonomik
durum indeksi ve son alt basamakta 6gretmenin adil olmasi degiskeninin etkili oldugu gorilmektedir.
Cevreye duyarlik bakimindan kesme puaninin -.35 oldugu ve bu degerin altinda kalanlarin 1 numarali
lojistik modele gore siniflanirken bu degerin lGzerinden olanlarin haftalik fen 6grenme sirelerine bakildig
ve fen 6grenme siresi icin kesme puaninin 238.00 oldugu belirlenmistir. Fen 6grenme siresi 238.00
saatin altinda olan 6grencileri siniflamada Sosyo ekonomik durum indeksi etkili olurken fen 6grenme
sliresi 238 saatin lizerinde olanlar dogrudan LM_5 isimli modele gore siniflanmaktadirlar. Elde edilen bu
sonug J.48 yontemi ile benzerlik gdstermektedir. Sekil 4 incelendiginde karar agacinin yapraklarinda
LM_1, LM_2, LM_3, LM_4 ve LM_5 seklinde bes farkh lojistik modele dayali denklem olusturuldugu
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gorilmektedir. Geleneksel istatistiksel analizlerde bagimh degiskenin bagimsiz degiskenler tarafindan
yordanmasina iliskin tek bir regresyon denklemi olusturulurken Lojistik modelde bes farkli regresyon
denklemi elde edilmektedir. Bu nedenle lojistik denklemin basari orani diger yontemlerden daha yiiksek
olmaktadir. Bunun yaninda her bir lojistik denklemde sabit sayilarin ve degiskenlerin dniinde yer alan
katsayilarin farklilik gésterdigi belirlenmistir.
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Sekil 4. Lojistik model yontemiyle elde edilen agag yapisi.
REPTree Yontemine iliskin Bulgular

REPTree toplam 5865 0Ogrencinin 3946 tanesi dogru siniflanarak bu yontemle elde edilen dogru
siniflama orani %67.28 olarak belirlenmistir. Siniflamaya iliskin Kappa istatistiginin .34 ve ortalama
mutlak hatanin .39 oldugu tespit edilmistir. REPTree yontemi icin program tarafindan olusturulan agag
yapisinin bir kismi Sekil 5'te gosterilmistir.

« 2324 == 2328

«-0.34 ==-0.34 =-1.17 =117

Sekil 5. REPTree yontemiyle elde edilen agag yapisi.

REPTree yontemiyle elde edilen karar agaci toplam 13 dizeyli olup yorumlamada kolaylik olmasi
amaciyla ilk U¢ dizeyi gosterilmistir. PISA fen okuryazarligi bakimindan égrencileri siniflamada ilk olarak
haftalik fen 6grenme siiresi ve sonrasinda ¢evreye duyarlik ile BIT kaynaklari 6zelliklerinin etkili oldugu
belirlenmistir. Bir alt dizeydeki siniflamada ise c¢evreye duyarlik degiskeninin etkili oldugu
gorulmektedir. Agacin ilk siniflamasinda haftalik fen 6grenme siiresi bakimindan kesme puaninin 232.50
oldugu ve bu degerin altinda kalanlarin gevreye duyarlik puanlarina bakilirken bu degerin lzerinde
olanlarin BIT kaynaklari puanina bakilmaktadir. Benzer sekilde belirtilen her iki dal tzerinde BIT
kaynaklari icin belirlenen kesme puanlari sirasiyla -1.67 ve -1.44 olarak belirlenmistir.
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Random Tree Yontemine iliskin Bulgular

Random Tree yontemiyle toplam 5865 6grencinin 3690 tanesi dogru siniflanarak bu yontemle elde
edilen dogru siniflama orani %62.92 olarak belirlenmistir. Siniflamaya iliskin Kappa istatistiginin .26 ve
ortalama mutlak hatanin .37 oldugu tespit edilmistir. Random Tree ydntemi igin program tarafindan
olusturulan agag yapisinin bir kismi Sekil 6’da gosterilmistir.

<-1.66 >=-1.66 <013 #=-0.13 <-0.77 ==-0.77 <-0.66 »=-0.66

Sekil 6. Random tree yontemiyle elde edilen agag yapisi.

Random tree yontemiyle elde edilen karar agaci toplam 24 diizeyli olup yorumlamada kolaylik olmasi
amaciyla ilk lic duzeyi gosterilmistir. PISA fen okuryazarli§i bakimindan 6grencileri siniflamada ilk olarak
haftalik fen 8grenme siiresi ve sonrasinda gevreye duyarlik ile BiT kaynaklari degiskenlerinin etkili oldugu
belirlenmistir. Bir alt diizeydeki siniflamada ise BiT kaynaklari, bilimsel inanclar, gevreye duyarlk ve
sosyo ekonomik durum indeksi degiskenlerinin etkili oldugu gorilmektedir. Agacin ilk siniflamasinda
haftalik fen 6grenme siiresi bakimindan kesme puaninin 232.50 oldugu ve bu degerin altinda kalanlarin
gevreye duyarlik puanlarina bakilirken bu degerin (izerinde olanlarin BIiT kaynaklari puanina
bakilmaktadir. Cevreye duyarlik icin kesme puani -.34 olarak belirlenmis ve bu degerin altinda olanlari
siniflamada BIT kaynaklari etkili olurken bu degerin tizerinde olanlari siniflamada sosyo ekonomik durum
indeksi degiskeni etkili olmaktadir.

Farkli Yontemlerin Karsilastirilmasi

Farkh yontemler yardimiyla elde edilen glvenirlik degerlerinin karsilastirlmasi amaciyla
agirliklandiriimis genel ortalama degerleri karsilastirilmistir. Her bir yontem igin dogru siniflanan érnek
saylilari, dogru siniflama oranlari, Kappa istatistigi, Kappa diizeyi ve mutlak hatanin ortalamasi degerleri
Tablo 2’de gosterilmistir.

Tablo 2.
Farkli Yéntemler Kullanilarak Elde Edilen Giivenirlik Olciitleri.
Siniflamada Dogru Dogru Ortalama
kullanilan  siniflama  siniflama Kappa mutlak
Algoritma diizey sayisi sayisl orani istatistigi Kappa diizeyi hata
1.Hoefding tree 2 4085 69.65 .39  Kayda deger .36
2.).48 15 3976 67.79 .35 Kayda deger .38
3. Lojistik model 3 4125 70.33 .40  Orta diizeyde .38
4. REPTree 13 3946 67.28 .34 Kayda deger .39
5. Random tree 24 3690 62.92 .26 Kayda deger .37

Tablo 2 incelendiginde dogru siniflama sayisi, dogru siniflama orani, Kappa istatistigi ve Kappa diizeyi
degerleri bakimindan en iyi sonuglarin Lojistik model yontemiyle elde edilirken ortalama mutlak hata
bakimindan en iyi sonuglarin Hoefding Tree yontemiyle elde edildigi belirlenmistir. Eger Kappa istatistigi
dikkate alinarak bir siralama yapmak istenirse en iyi sonuglarin sirasiyla Lojistik model, Hoefding tree,
J.48, RepTree ve Random Tree algoritmalari seklinde olacagi gorilmektedir. Buna gore dogru siniflama
veya kappa istatistigini esas almanin siralamada bir degisiklige neden olmayacagi goriilmektedir.
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Tartisma, Sonug ve Oneriler

Arastirmada fen okuryazarhgini yordamak amaciyla kullanilan degisken sayisinin PISA 6grenci anketi
esas alindiginda ¢ok fazla olmasi sebebiyle Oncelikle ¢alisma kapsaminda kullanilacak degiskenler
belirlenmistir. Degisken sayisini azaltmak amaciyla 6ncelikle VM ydntemlerinden Best First Forward, Best
First Backward ve Greedy Stepwise yardimiyla 10 katli ¢capraz gegerleme ydntemi sonucunda en az
%40.00 ve lizeri basarili olan toplam 12 degisken yardimiyla PISA fen okuryazarhg tahmin edilmeye
cahsilmistir. Calismada farkli yontemler tarafindan elde edilen karar agaglarina ait diizey sayisinin dogru
siniflama oranlarina dogrudan bir etkiye sahip olmadigi belirlenmistir.

Bakker (2016) ayni veri seti Uzerinden farkli yontemler yardimiyla elde edilen karar agaglarinin
farklilik gosterebilecegini belirtmektedir. Nitekim ¢alisma kapsaminda fen okuryazarhgi en iyi yordayan
degisken Reptree ve random tree yontemlerinde fen 6grenme siresi iken J.48 ve lojistik modelde
gevreye duyarlik, Hoefding tree yénteminde ise Bilgi ve iletisim Teknolojileri kaynaklari olarak
belirlenmistir. Her ne kadar Reptree ve Random Tree yontemlerinde en ¢ok bilgi veren 6zellik fen
6grenme siresi olarak belirlense de bu iki ydontem tarafindan elde edilen karar agacinin bir alt diizeydeki
dallanmasinda Reptree ydnteminde cevreye duyarlik ve BIiT kaynaklari etkili iken Random Tree
yonteminde cevreye duyarlik ve evdeki egitim kaynaklarinin etkili oldugu belirlenmistir. Benzer sekilde
diger yontemler icin elde edilen karar agaclarinda da farklilik oldugu géze ¢arpmaktadir. Elde edilen bu
sonug, Mohan (2013) tarafindan belirtilen, bir yontemin kendi icinde parametrelerini degistirdiginizde
duyarlik, hassashk ve geri getirme gibi Olgltlerinde bir farkhlik olusmazken farklh ydntemler
kullanildiginda elde edilen sonuglarda farkhlik olacagi bulgusuyla benzerlik géstermektedir.

Calismada farkh karar agaci yontemlerinin dogru siniflama oranlari karsilastirildiginda sirasiyla Lojistik
model, Hoefding tree, J.48, RepTree ve Random Tree yontemlerinin en basarili yéntemler oldugu
belirlenmistir. Elde edilen bu sonuca gore kullanilan karar agacina gore dogru siniflama oranlari da
farkhhk gostermektedir. Bu sonug C4.5, CART ve Random forest yontemlerinin basari oranlari arasinda
onemli farklar oldugunu gosteren Cinaroglu (2016) tarafindan vyapilan calisma ile benzerlik
gostermektedir. Benzer bir ¢alismada Dietterich (2000) karar agaci olusturmada kullanilan, yerine
koyarak o6rnekleme (bagging), ardisik topluluklarla 6grenme (boosting) ve rastsal Ogrenme
(randomization) yontemlerinin elde edilen sonuglarda farklilik yaratacagini belirlemistir. Bu yonuyle
calismanin bulgulari benzerlik géstermektedir.

Calismada guivenirlik olcutlerinden dogru siniflanan 6rnek sayisi, kappa istatistigi ve ortalama mutlak
hata degerlerine gore en iyi tahmin yénteminin Lojistik model oldugu belirlenmistir. Elde edilen bu
sonug Liaw ve Wiener (2002) ile Svetnik, Liaw, Tong ve Wang (2004) tarafindan yapilan g¢alismalarla
benzerlik gostermektedir. Lojistik model yardimiyla elde edilen karar agacinda tek bir regresyon
denklemi yerine birden ¢ok regresyon denkleminin kullanilmasi ve sonrasinda onlarin tahminlerinden
elde edilen sonuglar ile yeni veriyi siniflandiran 6grenme algoritmalari olusturuldugu igin daha az hatali
ve daha glvenilir sonuglar elde edildigi distintlmektedir (Strobl et al., 2009). Daha sonra sirasiyla
Hoeffding Tree, J4.8, RepTree ve son olarak Random Tree yontemlerinin en az hataya sahip ve en
guvenilir ydntemler oldugu belirlenmistir. Alanyazinda en ¢ok kullanilan yontem olarak goériilen J4.8
algoritmasi orta dizeyde bir basari gdéstermistir. Bunun yerine lojistik model ve Hoeffding tree
yontemlerinin hem hataya dayali glivenirlik degerleri hem de gegerlik olgltleri bakimindan daha basaril
yontemler oldugu belirlenmistir.

Oneriler

Calismada farkh yontemlerle elde edilen karar agaglarinda ¢ikti degiskeni Gzerinde etkisi olan girdi
degiskenlerin farklilik gésterdigi belirlenmistir. Elde edilen bu bulgulara dayali olarak akademik basarinin
yordanmasina iliskin ¢alismalarda veri madenciliginde tek bir yontemle calismak yerine en az 3 farkh
o6grenme yontemi kullanarak elde edilen sonuglarin gecerligine iliskin delil sunulmalidir.
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Veri madenciliginde 6zellikle WEKA programinda yer alan 6grenme yontemlerinden lojistik model
(LMT) ve Hoefding tree yontemlerinin farkh kosullar altinda genellikle daha giivenilir ve gegerli sonuglari
elde ettigi belirlendiginden basarinin yordanmasi veya siniflama amaciyla yapilacak galismalarda bu
dgrenme yéntemlerinin kullanilmasi énerilmektedir. Ozellikle lojistik modelde basarili ve basarisiz olarak
siniflanan 6grencilere iliskin elde edilecek karar agacinin yapraklarinda yer alan lojistik denklemler
yardimiyla degiskenler arasindaki iliski tek bir regresyon denklemi ile modellemek yerine farkh o6zellik
degerlerine gore ¢ok sayida regresyon denklemi kullanarak dogru siniflama orani artirilabilir.

Calismada PISA verileri kullanarak analiz yapildigindan ileride OSYM tarafindan yapilan genis olgekli
sinavlardan elde edilen sonuglarin korelasyon ve regresyona dayali standart istatistiksel teknikler yerine
daha zengin kanitlar sunmak amaciyla veri madenciligine dayal yéntemlerle analiz edilmesi 6nerilebilir
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