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Investigation of Variables Affecting PISA Reading Comprehension
Achievement Levels of Countries with Different Levels of
Achievement with CRT and RF Methods

Yusuf KASAP!', Nuri DOGAN2", Cem KOCAK?

Abstract: The aim of this research is to determine the important variables that predict the PISA 2018 reading
comprehension achievement score of countries with different achievement levels, using 34 independent
variables obtained from the student questionnaire given to the students who participated in PISA in 2018.
For this purpose, 79 countries that participated PISA were ranked according to their success percentages
then, these countries were sorted into lower, middle and upper group countries. A sample of lower, middle
and upper group countries was formed then, three countries were selected from each of the lower group,
middle group and upper group countries and a sample of lower, middle and upper group countries was
formed. Data mining analyzes were carried out on the samples obtained by using the Classification and
Regression Tree and Random Forest methods. It has been observed that the number of important variables
that predict reading comprehension success can be reduced from 34 to three to eight. Like this; Data mining
classification prediction models, which can predict the success level of PISA, were obtained by using a
small number of variables. It has been determined that the models obtained have an acceptable level of
predictive performance in predicting success in three categories (low, medium-high). The most important
predictor variables obtained from the models are information and communication technologies resources,
perception of reading difficulty, professional status expected from the student, perception of difficulty in
the PISA test, reading pleasure, weekly test language learning time, disciplinary climate, socio-economic
status index.

Keywords: Machine learning, data mining, prediction performance, PISA, reading comprehension skill,
decision trees

CRT ve RF Yontemleri ile Farklh Basar1 Diizeyine Sahip Ulkelerin
PISA Okudugunu Anlama Basari Diizeylerini Etkileyen
Degiskenlerin Incelenmesi
Oz: Bu arastirmanm amaci, 2018 yilinda PISA’ya katilan dgrencilere smavla birlikte verilen 6grenci

anketinden elde edilen 34 bagimsiz degiskeni kullanarak, farkli bagar1 diizeyine sahip iilkelerin PISA 2018
okudugunu anlama bagar1 puanini yordayan énemli degiskenleri belirlemektir. Bu amag i¢cin PISA’ya giren
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79 iilke basar1 ylizdeliklerine gore siralanmis ve bu siralamaya gore bu tilkeler alt, orta ve {ist grup iilkeler
olarak ayrilmistir. Daha sonra alt grup, orta grup ve iist grup iilkelerin her birinden iicer tilke segcilerek alt,
orta ve Ust grup iilkeler 6rneklemi olusturulmustur. Elde edilen 6rneklemler iizerinde Siniflama ve
Regresyon Agaci ve Rastgele Orman yontemleri kullanilarak veri madenciligi analizleri gergeklestirilmistir.
Yapilan uygulamalarda okudugunu anlama basarisin1 yordayan 6nemli degiskenlerin sayisinin 34’ten ii¢ ile
sekiz arasinda bir sayiya indirgenebildigi goriilmiistiir. Boylece; az sayida degisken kullanilarak PISA bagar1
diizeyini yordayabilen veri madenciligi siniflama tahmin modelleri elde edilmistir. Elde edilen modellerin
basar1y1 ii¢ kategorili (diisiik, orta yiliksek) yordama da kabul edilebilir diizeyde tahmin performansina sahip
olduklar1 saptanmistir. Modellerden elde edilen tahmin edici degiskenlerden en 6nemli olanlar1 bilgi iletisim
teknolojileri kaynaklar1, okuma zorluk algisi, 6grenciden beklenen mesleki statii, PISA testinin zorluk algis,
okuma keyfi, haftalik test dili 6grenme siiresi, disiplin iklimi, sosyo-ekonomik durum indeksi bi¢imindedir.

Anahtar kelimeler: Makine 6grenme, veri madenciligi, tahmin performansi, PISA, okudugunu anlama
becerisi, karar agaclari

Introduction

The amount of data obtained from individuals is increasing exponentially as information
technologies find a wide place in many areas of our lives. Raw data from research alone is
worthless. Thanks to the development of computer software, processing these raw data for a
specific purpose, revealing patterns and relationships between the data obtained, predicting the
current situation and making predictions for the future reveal meaningful results for both
researchers and decision-makers. The increase in the data obtained and the existence of a wide
range of variables related to different qualities of individuals necessitates the use of advanced
statistical methods such as data mining in the analysis process. Data mining is a method that allows
discovering important information hidden in the data and making predictions about the future by
identifying relationships, patterns, correlations and rules in large amounts of data (Kayri, 2008).

More detailed statistical results can be obtained by using the techniques within the scope of
data mining in the analysis of the data obtained from the researches. It is tried to predict the future
behavior of individuals by determining the behavior patterns of individuals from a large amount of
raw data obtained from individuals using data mining (Sieber, 2008). Data mining is used in many
disciplines such as trade, medicine, banking, engineering, stock market, education (Savas vd.,
2012).

In recent years, the tendency to collect multivariate data based on the results obtained from
both international and national exams has become widespread in education. One of these exams is
the International Student Program (PISA). By using PISA data, with multivariate data mining
models, it can be determined which independent variables predict success or are associated with
success.

PISA is an application that includes Mathematics literacy, Science literacy and reading
comprehension tests, which are held every 3 years. In each PISA application, weight is given to
one of these three tests. The main area of focus in PISA 2018 is reading comprehension. The main
purposes of this application: It was determined as measuring the skills of understanding, using,
evaluating texts, thinking about texts and interacting with texts (OECD, 2019).

Reading comprehension in PISA; It is the individual's making real or figurative meanings
from the text. It can be both understanding the words and expressing the main idea of a text written
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for narrative purposes. Using the information in the text in PISA; refers to the use of information
obtained from a text for a purpose, to support a thought. Most readings are of this type. While
reflecting individual's thoughts, the individual establishes a connection between the text individual
reads and individual's own thoughts and experiences. At this stage, the individual brings a different
approach to the individual's own life or comes to a decision regarding the accuracy and reality of
the information in the text. Thus, the individual needs to read the text and determine whether it is
suitable for the purpose of the text (MEB, 2010). The concept of literacy mentioned in PISA is
expressed as high-level literacy, which provides the acquisition of basic knowledge and skills for
participation in production relations in modern society by focusing on the knowledge and skills
needed in real-life situations (Coulombe, Trembly ve Marchand, 2004).

Considering variables such as science literacy, mathematical literacy and reading
comprehension measured by PISA, and data size, data mining may be an appropriate method for
better interpretation of PISA data. Therefore, it is seen that data mining studies on PISA data have
intensified in recent years (Abad and Gamazo, 2020; Aksu 2019; Bezek Giire, Kayri and Erdogan,
2020).

In the literature, there are many national and international studies using data mining
methods to predict academic success (Abad & Lopez, 2016; Gamazo & Abad, 2020; Abdous, He
& Yen, 2012; Aksoy, 2014; Ozarslan, 2014; Yu & et al., 2012; Yung & et al., 2012). Of these
studies, Yu et al. (2012) and Gamazo & Abad (2020) studies are aimed at predicting the success
level of PISA.

In these studies; using data mining methods, it is aimed to determine the variables that
predict success or are related to success, some of these studies are aimed at determining the
variables that predict the level of PISA success (Abad & Lopez, 2016; Aksu, 2016; Gamazo &
Abad, 2020; Kiray vd., 2015; Yu & et al., 2012). E.g; Abad and Lopez (2016) used the C4.5
decision tree classification algorithm to determine the factors that predict academic success in their
study. As another example, Yu et al. (2012) used the Logistic regression classification algorithm
to predict students' PISA science literacy success in their study and determined the important
factors predicting success according to the odds ratios in the model obtained.

In the studies on the determination of the important factors that predict success in the
literature; In general, it is seen that R, Jamovi, Jasp, Orange, Matlab, Modeler and Weka programs
are used.

With this; Bezek Giire et al. (2020) determined the important variables that can predict
success at the highest level by using SPSS Modeler and Matlab programs. The study of Bezek
Giire et al. (2020) is different from other studies in the literature. In almost all studies in the
literature, while determining the factors affecting success, decisions are made according to the
outputs obtained from data mining algorithms, Bezek Giire et al. In the approach of (2020), the
variables that make the model performance the highest are seen as the best predictors. With this;
Yue (2021) used a data mining performance-based approach in his study to identify important
variables that can predict the performance of college students.

Bezek Giire et al. it can be said that the approaches of (2020) and Yue (2021) are more
practical than the approach of determining important variables according to the outputs obtained
from the data mining models used in the majority of the studies in the literature. Because; In
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determining the important variables according to the outputs of the models used, the performance
of the data mining prediction model is not taken into account. Like this; Important variables can be
determined by using models whose performance is not high enough. However, Bezek Gire et al.
(2020) and Yue (2021)'s approach to detecting important variables requires making decisions
according to a data mining prediction model with high performance.

On the other hand, when the studies in the literature are examined, studies with
homogeneous groups limited to a single country are intense. There was no study on whether the
variables predicting success in different success groups changed by using data mining methods. In
fact, it is important to investigate whether the results obtained from data mining methods change
as the data (sample) changes. Many methods can be used within the scope of data mining to
determine the variables that predict success, but when the performance level of the used model
changes and the success level of the studied sample changes, it is necessary to compare the results
obtained with different data mining estimation methods to see what kind of result is encountered.
In this study, Classification and Regression Tree and Random Forest methods were used.

In the literature, it is seen that the samples used in the studies of determining the important
variables that predict the PISA success score are narrow. E.g; Aksu and Giizeller (2016) and Bezek
Gire et al. (2020) used only the PISA Turkey sample in their study. Studies have focused on the
variables that predict success or performance, but these studies are similar to each other, accepting
science, mathematics or reading scores as dependent variables, and aiming to reveal the factors
affecting success in these three areas. However, different levels of success were not taken into
account in these studies. However, due to the idea that different variables are effective in different
sub-success groups, it is possible to verify this claim by working in different achievement groups.
In PISA, in which many countries participate, the success levels of countries are quite different
from each other.

Therefore; In this study; By determining the variables affecting success for low, medium
and high-achievement groups, it can be ensured that the countries in the relevant groups give more
importance to the factors that positively affect success while directing their education policies. On
the other hand, for countries with different success levels; By determining the same and different
factors that affect success, it can be ensured that countries with low achievement levels can make
more accurate decisions in increasing their success. In this respect, it is thought that the research
will contribute to the literature.

The Aim of the Research

The main purpose of this research is to determine the important predictors that affect the
reading comprehension success of countries with different achievement levels (low, medium and
high achievement groups) by using the 34 independent variables found in the PISA 2018 student
questionnaire.

The other aim of the study is; The aim is to show whether high-performance classification
models can be obtained by using a small number of more important independent variables.
Therefore, It is aimed that the study will be one of the few studies to reduce the number of variables
by choosing the more important independent variables that make the performance of the data
mining method the highest. In this study, answers to the following questions are looked for:
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1. Using the student characteristics measured in the PISA 2018 student questionnaire, what
are the important variables that predict the success of the countries in the samples of high,
medium and low achievement countries by using the Classification and Regression Tree
and Random Forest methods to predict three-category reading comprehension
achievement?

2. What is the classification and estimation performance of the Classification and Regression
Tree and Random Forest methods used to predict three-category reading comprehension
achievement using the student characteristics measured in the PISA 2018 student
questionnaire?

Method
Research Model

In the study, using scales measuring students' affective characteristics and questionnaires
measuring socio-demographic characteristics; In line with the determination of the important
variables that can predict the PISA reading comprehension achievement level in three categories
(low achievement-medium achievement-high achievement) for the country samples selected from
the low, medium and high achievement groups, the types of research are quantitative research
designs descriptive design, comparative descriptive design, relational design. (Biiyiikoztelirk,
Kilig-Cakmak, Akgiin, Karadeniz, & Demirel, 2018).

Population and Sample

For the purpose of the study, countries; Purposive sampling method was used as the PISA
reading score was determined according to the lower (weak), medium, and upper (high)
achievement groups, taking into account their order. Because purposeful sampling is the selection
of a sample rich in information in line with the purpose of the study in order to conduct in-depth
research (Biiyilikoztiirk et al., 2018). In addition, while selecting countries from the lower, middle
and upper groups for the study sample, care was taken to ensure that the rate of missing data is low
and that it creates a pattern to be distributed in different percentiles. In addition, while selecting the
countries to create the lower, middle and upper group samples, attention was paid to ensure that
the missing data rate is low and that it creates a pattern to be distributed in different percentiles.
Thus, the information provided by the selected samples for each group was enriched. According to
the purpose of this research, it is aimed to represent countries with different success levels in 79
countries by choosing three countries for the lower, middle and upper groups from 79 countries
that participated in the PISA 2018 exam. In line with this target, nine countries; It has been
determined by taking into account the percentage rankings of 79 countries according to their
success scores. The percentages of countries selected from the last third with 68% and 100%
success rates are 91 for Indonesia, 82 for Saudi Arabia and 73 for Colombia. Like this; The sample
consisting of Indonesia, Saudi Arabia and Colombia countries was named as the sample of
countries in the sub-successful group, representing the most unsuccessful countries in the last 33%.
The percentile order of the countries selected from the 33% and 67% success rate is; It is 57 for
Serbia, 50 for Turkey and 41 for Hungary. Like this; The sample consisting of Serbia, Turkey and
Hungary was named as the countries in the medium success group, representing the moderately
successful countries in the 33% to 67% slice range. Finally; The percentages of the countries
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selected from the top third of the achievement tranches are 27 for Slovenia, 16 for the USA and
nine for Finland. Like this; The sample of Slovenia, USA and Finland was named as the top
achievement countries sample, representing the most successful countries in the top 33%. In this
case, the sample size for low-achieving countries was 25378, for medium-achieving countries
18523, and for high-achieving countries 16567.

Obtaining Data

The data used in the research process were obtained from the database opened for sharing
in 2020, using the address http://www.oecd.org/pisa/data/2018database/. A total of 34 independent
variables belonging to 2018 PISA data and a dependent variable, which is the average of 10
reasonable values corresponding to the reading comprehension success level, were included in the
research. When the data were examined, no missing data was found regarding the dependent
variable. However, after excluding individuals who did not respond to 34 independent variables
from the analysis, a small number of outliers were excluded from the data. In addition, missing
data was found in each of all independent variables. Since these missing data were randomly
distributed, the assignment was made using the multiple assignment method. In many applications
of multiple assignment, accurate assignments are made (He, 2006). In this study, the multiple
assignment process was performed by assigning five times based on the linear regression model
for continuous variables.

Data Collection Tools

The data in the research were obtained from the test in the PISA reading comprehension
exam and the student questionnaire applied in 2018. In order to obtain the dependent variable we
will use, first of all, the reading comprehension success score was obtained as a continuous
quantitative variable and named as PVREAD. Here, PVREAD refers to the reasonable reading
comprehension achievement score. The PVREAD variable is the average of 10 reasonable point
values (PV1,PV2,...,PV10) obtained from the PISA 2018 reading comprehension achievement test
and expressing the range of abilities that students can have (Wu & Adams, 2002). Then, in the
process of classifying the PVREAD score, the reading skills proficiency level table in the PISA
2018 Turkey preliminary report was used (MEB, 2019). Threshold values in this table in the
preliminary report of MEB (2019) were revised and the number of PISA 2018 reading proficiency
levels was reduced from 8 to 6, and the thresholds and category information of PISA 2018 reading
comprehension proficiency levels were obtained (Table 1). This reduction was achieved by
combining the 1a, 1b, 1c levels at the 1st level specified in the PISA 2018 report as a single level
and determining the number of levels as 6.
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Table 1

Categories of PISA 2018 Reading Comprehension Proficiency Levels
proficiency levels Score (x) Category
Level 1 0<X<407 Low
Level 2 407<X<480 Low
Level 3 480<X<553 Medium
Level 4 553<X<626 Medium
Level 5 626<X<698 High
Level 6 698<X<1000 High

According to Table 1, three-category achievement variable; The PVREAD value was
obtained by classifying it as low success between 0-479,999, medium success between 480-
625,999 and high success between 626-1000.

Analysis of Data

In the analysis of the data, SPSS Modeler and WEKA programs were used as a basis and

in a systematic way, respectively. Excel and SPSS programs; SPSS Modeler and WEKA were used
as utilities while transferring data and calculating some statistics. In the SPSS program, multiple
assignment method was also used to fill in the missing data. W_FSTUWT (Final Trimmed
Nonresponse Adjusted Student) weight variable, which shows the weight of each student in the
data set, was included in the analysis because the weight variable should be used due to the nature
of PISA data (Arikan et al., 2020) while determining the important variables in the SPSS Modeler
program. In this study, predictor importance values were taken into account in the determination
of independent variables with high predictive importance in the analysis process of the data.
In the analyzes performed with CRT and RF methods with 34 independent variables, the first 10
variables that best-predicted success were determined by taking into account the predictive
importance values calculated by each method. Then, in the Weka program using important
independent variables; Performance criteria were calculated with all data, 10-fold cross-validation
data and test data. It has been determined that these calculated performance criteria do not have a
significant difference from the calculated performance criteria when 34 independent variables are
used, and thus, it has been shown that high-performance models can be established with fewer
variables in predicting success. These analyzes were made for the sample of low, medium and
high-achievement countries, and the results were interpreted by making a detailed comparison.

Classification and Regression Tree Method

It is one of the most widely used algorithms when creating decision trees. This algorithm
was developed by Breiman, Friedman, Olshen, and Stone in 1984. In the classification and
regression tree (CRT) algorithm, a node is divided according to a certain criterion. In the division
phase, first the values with all the features are taken into account, and after all the matches are
completed, the selection process is carried out in the form of yes-no with binary branching (Ozkan,
2008). The classification and regression tree algorithm can be used when the dependent variable is
categorical or continuous data. In this respect, the CRT algorithm can be considered as an algorithm
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that includes multiple regression analysis when the dependent variable is continuous and logistic
regression analysis when it is categorical (Giiner, 2014). This algorithm should also calculate from
which point the determined node will be divided into two, together with determining which node
to be root or node (Silahtaroglu, 2016).

In the process of using the CRT algorithm in continuous dependent variables, it uses
convergence-based numerical methods to determine the partitioning point. When the dependent
variable is categorical data, the class in which the object is located is estimated, while if it is
continuous, the numerical value of the class in which the object is located is estimated (Kose,
2018). Contrary to other algorithms, in the CRT algorithm, a large tree is created initially, and then
the tree is pruned down to minimize the misclassification estimation error (Loh, 2011). In this
algorithm that produces a binary tree, the sub-options of each feature should be divided into two
groups. The section to which each option will be directed is determined by the gini measure. In
addition, when the dependent variable is categorical data, the method created using the gini
measure, which is the branching criterion, is expressed as a classification tree, while the method
created by using the sum of squares of error for the branching criterion for continuous data is
expressed as a regression tree (Altunkaynak, 2019).

Branching based on the gini measure is made according to the gini separation index
calculated for the variables (Loh, 2011). Since only two branches are made for each of the nodes
in the Classification and Regression Tree, each of the variables should have two categories
(Altunkaynak, 2019).

p(j/p) returns the relative probability of class j at node t. The formula for the Gini coefficient
is as follows (Akar, Glingor, & Akar, 2010).

Gini =1- " PG/
J

In the branching that occurs depending on the Twoing Criteria, all possible binary
decompositions of each of the independent variables are considered. This criterion divides
the relevant feature into left and right. Then, probability values are calculated for each
category (repeating discrete value) from the values found in each branch (Kose, 2018). In
the CRT algorithm, the records are divided into subclasses according to the formula below,
taking into account all possible values (Larose, 2005).

O(D;) = 2P,Pr X<, |P(Y;\L) — P(Y;\R) |

According to the formula, the variable that makes the @(D;) value the largest at the D; node
and has the most impact on the category is selected for branching (Altunkaynak, 2019).

Random Forest Method

Random Forest (RF) algorithm, which is a simple classification algorithm, is an algorithm
consisting of a combination of a certain number of trees with the highest accuracy and
independence. Each of the decision trees branches according to the variables in the data set
(Breiman, 2001). In this algorithm, it is aimed to make an effective prediction by combining the
predictions made with each of the decision trees (Atasever, 2011).
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The basic logic of decision forests is to create a model from a collection of algorithms that perform
higher than the performance of an algorithm. The ensemble learning algorithm is like a decision
made by a person who consults with the people around her and considers different opinions before
making a critical decision (Polikar, 2006).

Since this method is based on CRT, it can be used in classification and regression processes.
The main problem in models in which the decision tree is used is the overfitting due to insufficient
data (Liao, Ju, & Zou, 2016). The RF algorithm is designed to learn from subsets of the dataset to
avoid overfitting, taking into account a certain number of generated CRTs. Therefore, it is a
resistant method against overfitting (Bhalla, 2014). The working process of the RF algorithm.
During the operation of this algorithm, the training data is obtained from the studied data set using
the repetitive sampling method (Breiman, 2004).

Sampling is taken as much as the number of decision trees that are intended to be created
with the repetitive sampling method, and the training and test data set is divided for each sample
(Akman, 2010). While creating the model with the RF algorithm, 2/3 of the data set is divided as
training data (inBag) and 1/3 as test data (Out-Of-Bag), provided that the selected data is randomly
selected by putting it back in the next step (Bhalla, 2014). Unpruned classification and regression
trees are grown for each preloading examples. For this, instead of choosing the best division
provider among all variables present in the learning data set (inBag), initially m pieces examples
are chosen randomly and then the one that will provide the best division is determined (Breiman,
2001).

Each of the decision trees to be found in the forest is created with the CRT algorithm. For
this, after determining the best branching criterion with the gini measure, the node is divided into
two branches (Akman, 2010). When each tree is reduced based on regression, the test vector x is
assigned to the mean value of y at the node it is located. The predicted value in the classification
process is the class that receives the most votes (mod) in the forest (Breiman, 2004). In other words,
predictions are made according to the new data set created by combining the prediction values of
n trees. In this unification process, the mean for regression and the highest majority (mod) for
classification are used (Liaw & Wiener, 2002).

To make an estimate at a new point x;

fx) = %E]Ll Hj (x), used for regression.

fx) = argmax, Z]Ll I(ﬁj (X) =y), used for classification.

Here, h;(x) j. is the estimation of the response of the predictor variable x in the tree.
Performance Criteria

Finally, absolute performance criteria for comparing results; Percentage of Correct
Classification (PCC), Root Mean Square of Error (RMSE) and Mean Absolute Error (MAE) and
relative performance criteria are; Kappa (k) coefficient, Root Relative Square Error (RRSE) and
Relative Absolute Error (RAE) (Tabachnick and Fidel, 2007; Field, 2009) were calculated
separately for each data mining method and the results of the methods were compared with each
other.
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DP+DN

PCC = DP+DN+YP+YN

RMSE = _|2=aPio0?
N

N _0:
MAE — Zi:llpt Oll
N

TP indicates the number of true positive, TN true negative, FP false positive, FN false negative. P;
represents the predicted values, O; the observed values. RMSE and MAE should be close to zero.

With relative performance criteria; Kappa (k) coefficient, Root Relative Square Error (RRSE) and
Relative Absolute Error (RAE) calculation formulas are given.

Gozlenen dogruluk—Beklenen dogruluk

Kappa(x) =

1-Beklenen dogruluk

X, (Pij—0))?

RRSE = .
37,(0,-0)7
RAE = 2P0l
z:}‘1=1|01'_0|

in their formulas; P; and P;; represent the predicted values, O; the observed values, and O the mean
of the observed values.

Results
Findings Related to the First Sub-Problem
Classification and Regression Tree (CRT) Method

The graphs of the predictive significance percentages for the top 10 important variables
obtained from the three-category CRT application are given in Figure 1.
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Figure 1

Graphs of 10 important variables selected with the CRT model in the case of three-category
reading comprehension achievement
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Less than 10 independent variables, which are called "the best predictor of PISA reading
comprehension achievement", obtained from the regression tree that emerged as a result of the
analysis made in the modeler program, were determined and presented in Table 2. When Table 2
is examined, it is seen that for each sample group, the order of importance is given in the table and
the important covariates are indicated in bold.
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Table 2
Significant and Common Variables Selected by Classification and Regression Tree Model

Sample of lower-group Sample of middle-group Sample of upper-group

- 2. PISADIFF 1. PISADIFF

5. JOYREAD - 2. JOYREAD

1. ICTRES 1. BSMJ 3. ESCS
2. SCREADDIFF 3. HOMEPOS -
3. HEDRES - -
4. DIRINS - -
6. WORKMAST - -

7. EUDMO - -

1.2.3, order of importance of important variables

When Table 2 is examined, the variable PISADIFF (perception of the difficulty of the PISA
test) was found to be an important covariate in predicting the three-category PISA reading
comprehension achievement for each of the other sample groups, except for the lower-group. Here,
in terms of predicting success, the PISADIFF variable has the first place in the sample of upper-
group countries and the second place in the sample of middle-group countries; For these countries,
it can be said that the difficulty perception variable of the PISA test is an important predictor that
affects the success of PISA reading comprehension.

JOYREAD (reading pleasure) was determined as the important covariate predicting PISA
reading comprehension achievement for the sample of lower and upper group countries. In terms
of predicting success, this variable is in the fifth place in the sample of lower group countries and
in the second place in the sample of upper group countries; For these countries, it can be said that
the variable of reading pleasure is an effective predictor of PISA reading comprehension
achievement.

On the other hand, PISA predicts reading comprehension success; In the sample of lower
group countries, ICTRES (information and communication technologies resources) first,
SCREADDIFF (self-reading difficulty perception) second, HEDRES (home education resources)
third, DIRINS (teacher's training orientation) fourth, WORKMAST (motivation for advanced
tasks) sixth, EUDMO ( meaning of life) are the seventh-ranked variables. In the sample of middle
group countries, BSMJ (expected professional status of the student) is the first and HOMEPOS
(educational items at home) is the third most important variable. In the sample of upper-group
countries, ESCS (socio-economic status index) is the third most important variable.
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Random Forest (RF) Method

The graphs of the predictive significance percentages for the top 10 important variables
obtained from the three-category RF application are given in Figure 2.

Figure 2

Graphs of 10 important variables selected with the RF model when reading comprehension
achievement is in three categories

Sample of upper-group

Sample of lower-group Sample of middle-group

In Figure 2, with the reduced model, by removing the variables with the lowest predictive
value from the first 10 predictor independent variables that predict the PISA reading
comprehension achievement variable selected for each group sample with the RF method, the
classification performance in the WEKA program is reduced by decreasing the variable so that it
is close to the performance obtained with 10 variables. After adjustment, less than 10 independent
variables named as “the best predictor of PISA reading comprehension achievement” were
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determined and presented in Table 3. When Table 3 is examined, it is seen that the order of
importance for each sample group is given in the table and the important common variables are
indicated in bold.

Table 3
Significant and Common Variables Selected with the Random Forest Model

Sample of lower-group  Sample of middle-group Sample of upper-group

1. LMINS 2. LMINS 7. LMINS

2. JOYREAD 7. JOYREAD -

3. PISADIFF 1. DISCLIMA 1. ESCS
4.COMPETE 3. PERFEED 2. HOMEPOS

5. MASTGOAL 4. ADAPTIVITY 3. FISCED

6. WORKMAST 5. TEACHSUP 4.SCREADCOMP
- 6. STIMREAD 5. EUDMO

- 8.DIRINS 6. ICTRES

- - 8.COMPETE

1.2.3, order of importance of important variables

When Table 3 is examined, the LMINS (weekly test language learning time) variable was
found to be an important covariate in predicting the three-category PISA reading comprehension
achievement in the sample of the lower group, middle group and upper group countries. Here, in
terms of predicting success, the LMINS variable is in the first place in the lower group, in the
second place in the middle group, and in the seventh place in the upper group; For these countries,
it can be said that the weekly test language learning time variable is an important predictor affecting
the PISA reading comprehension achievement.

JOYREAD (reading pleasure) was determined as the important covariate predicting PISA
reading comprehension achievement for the lower group and middle group. In terms of predicting
success, this variable is in the second place in the sample of lower group countries and in the
seventh place in the sample of middle group countries; For these countries, it can be said that the
variable of reading pleasure is an important predictor of PISA reading comprehension achievement.

In addition, PISA predicts reading comprehension success; In the sample of lower group
countries, PISADIFF is third, COMPETE (attitudes to competition) fourth, MASTGOAL (learning
goals) fifth, and WORKMAST (motivation for further tasks) sixth important predictors. In the
sample of middle group countries, DISCLIMA (disciplinary climate) ranks first, PERFEED
(teacher feedback) third, ADAPTIVITY (teaching adaptation) fourth, TEACHSUP (Teacher
support) fifth, STIMREAD (Teacher's encouragement to read) sixth, and DIRINS (Teacher's
direction of instruction) is the eighth-ranked important predictor. in the sample of upper group
countries, ESCS (socio-economic status index) ranks first, HOMEPOS (educational items at home)
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ranks second, FISCED (paternal education level) ranks third, SCREADCOMP (self-reading
efficacy perception) ranks fourth, EUDMO (meaning of life) ranks fifth, ICTRES (information and
communication technologies resources) ranked sixth and COMPETE (attitudes to competition)
ranked eighth important predictor.

Findings Regarding the Second Sub-Problem

Performance calculations were made in the WEKA program using CRT and RF methods, using 34
independent variables included in the study and the first 10 independent variables that predicted
the three-category PISA reading comprehension success, and less than 10 important variables
selected from these 10 independent variables. The results obtained are shown in Table 4 and Table
5.

Table 4
CRT Model Performances for Tree Category Success Condition

Absolute Performances Relative Performances
Variable Data PCC MAE RMSE Kappa RAE RRSE

All All data 84.037  0.164 0.286 0315 81.815 90.458
2 Variables Validity data 83.328  0.165 0.290 0.291 82.585 91.839
E G4 _Testdata 83277 0165 0290 0.272 82.126 91.559
2 Selected All data 83.793  0.167 0.289 0.281 83.551 91.412
3 variables ~ Validity data 82.476  0.173 0.296 0.212 86.481 93.685
© _310) _Testdata 82570 0175 0298 0.208 87.414 93.855
% Important All data 82.693  0.176 0.296 0.199 87.886 93.754
— variables Validity data 82.465  0.174 0.296 0.200 86.821 93.759

(0] Test data 82.466  0.175 0.297 0.195 87.508 93.780

All All data 71.813  0.268 0.366 0.428 78.395 88.543
° Variables Validity data 68.288  0.279 0.378 0.354 81.669 91.560
g G4 _Testdata 68561 0277 0377 0.355 81.134 91.306
Z Selected All data 71.494  0.271 0.368 0.423 79.185 88.988
3 variables Validity data 67.564  0.282 0.381 0.343 82.638 92.107
g (10 ~ Testdata 67497 0282  0.382 0.340 82.390 92.366
3 Important All data 68.660  0.286 0.378 0.363 83.681 91.480
= variables Validity data 67.543  0.288 0.381 0.342 84.243 92.256

3) Test data 67.481 0.291 0.383 0.344 85.015 92.718

All All data 68.274  0.301 0.388 0.427 77.864 88.241
o Variables Validity data 62.709  0.323 0.407 0.322 83.693 92.602
§ BCN _Testdata 62595 0328 0408 0.322 84.844 92.850
2 Selected All data 62.896  0.328 0.405 0.328 84.974 92.182
3 variables ~ Validity data 60.922  0.331 0.410 0.293 85.710 93.236
© (10) ~ Testdata 61299 0335 0410 0.297 86.738 93.446
ﬂé Important All data 62.515  0.328 0.405 0.319 84.943 92.166
- variables Validity data 61.447 0330 0.408 0.300 85.281 92.891

(3) Test data 61.157  0.331 0.408 0.293 85.781 92.904

PCC: Percentage of correct classification, MAE: Mean absolute error, RMSE: Root of square mean squared error, RAE: Relative absolute error,

RRSE: Root Relative Square Error
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In Table 4, according to the analysis results for all data, cross-validation and test data for
the sample of the lower group, middle group, and upper group countries, when the first 10
predictive variables and less than 10 important variables are used, the percentage of correct
classification (PCC) for the lower group, it is seen that there is no significant change in the sample
of middle group countries. For example, while the percentage of success is 71,813 for 34 variables
in the sample of middle group countries, it is 71,494 for 10 variables and 68,660 for 3 variables.
Here, the decrease in the number of variables does not cause a major change for PCC. The
conclusion to be drawn from this is that, for example, for the sample of middle group countries,
the PCC obtained from 34 variables can be approached with 3 variables. It is seen that similar
results are the same for the sample of lower group countries. However, this situation is not the same
for the upper group countries sample. The decrease in the number of variables in the sample of
upper group countries caused a significant decrease in PCC. For example, in the sample of upper
group countries, the success rate for 34 variables is 68,274, while the success rate for 10 variables
1s 62,896, and 61,157 for 3 variables. Here, the decrease in the number of variables causes a
significant change for PCC.

On the other hand, the order of the reduced model established by CRT analysis with
important variables, from the most successful to the most unsuccessful in terms of PCC, is listed
as the lower group, the middle group, and the upper group. In addition, in the sample of lower
group countries, the Kappa coefficient is noteworthy because it is between 0.20 and 0.40 when the
number of variables is between 34 and 10, but low because it is below 0.20 when the number of
variables is 7, RAE (relative absolute error) and RRSE (Root Relative Square Error) values were
high. The reason for this can be thought that both the Lower group students are not evenly
distributed to the success categories and the decrease in the number of variables weakens the model.
On the other hand, it is seen that the Kappa coefficient is significant in the sample of middle group
and upper group countries and it is higher than the sample of lower group countries.
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Table 5
RF Model Performances for Tree Category Success Condition
Absolute Performances Relative Performances

Variable Data PCC MAE RMSE Kappa RAE RRSE

All All data 100 0.057 0.101 1.000 28.766 32.046

= Variables Validity data 84.336  0.157 0.271 0.316 78.494 85.856
g (34) Testdata 84216  0.158 0272 0313 78.774 85.666
2 Selected All data 99.976  0.061 0.108 1.000 30.883 34.146
2 variables Validity data 82.973  0.168 0.287 0.242 83.765 90.726
O (0)  Testdata 83068 0169 0287 024 84.371 90.649
% Important All data 99.791 0.063 0.114 0.993 31.857 36.045
~ variables Validity data 81.779  0.172 0.299 0.211 86.046 94.563
(6) Test data 81.724  0.172 0.297 0.202 86.005 93.683

All All data 100 0.097 0.132 1.000 28.423 32.082

° Variables Validity data 72.051  0.265 0.354 0.432 77.444 85.761
= (34) ~Testdata 71816 0266  0.355 0.425 77.749 86.011
2 Selected All data 99.967  0.107 0.142 0.999 31.287 34.475
2 variables Validity data 66.479  0.291 0.381 0.311 85.156 92.224
3 (10) Testdata 66449 0292  0.383 0.303 85.449 92.780
E Important All data 99.908 0.109 0.146 0.998 31.963 35.281
= variables Validity data 64.627  0.298 0.389 0.274 87.035 94.147
(3 Test data 65.115  0.298 0.389 0.282 87.104 94.129

All All data 100 0.114 0.144 1.000 29.611 32.883

o | Variables  Validity data 66.686  0.312 0.386 0.395 80.721 87.947
g (34) ~ Testdata 66536 0313 0.386 0.388 81.126 88.052
2 Selected All data 99.987  0.123 0.154 0.999 31.773 35.047
2| variables  Validity data 59.684  0.334 0412 0.267 86.406 93.734
Ol (0 Testdatn 60660 0334 0410 0284 86.503 93.294
é Important All data 99.987 0.122 0.155 0.999 31.687 35.297
- variables Validity data 59.002  0.334 0.415 0.259 86.314 94.548
(8) Test data 59.186  0.333 0.414 0.261 86.273 94.407

PCC: Percentage of correct classification, MAE: Mean absolute error, RMSE: Root of square mean squared error, RAE: Relative absolute error,
RRSE: Root Relative Square Error

In Table 5, when the first 10 predictive variables and less than 10 significant variables are
used in the analyses for all data, cross-validation and test data for the sample of the lower group,
middle group and upper group countries, PCC does not change for all data, but for cross-validation
and test data. has changed very little. For example, while the success rate for 34 variables is 100 in
the model created with all data in the sample of upper group countries, the success rate is very close
to 100 for 10 and 8 variables. In this case, when it decreases from 34 variables to 8 variables, the
PCC for all data almost does not change, it is seen that the PCC for cross-validation and test data
decreases somewhat. Accordingly, the decrease in the number of variables does not cause a
significant change in the PCC in the model created with all data. The conclusion to be drawn from
this is that, for example, for the upper group countries sample, the PCC value obtained from 34
variables can be reached with 8§ variables. It is seen that similar results are almost the same for the
sample of lower group and middle group countries. However, the PCC value obtained from the
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cross-validation and test data in all of the groups was lower than the PCC value obtained from the
whole data.

As aresult, it is seen that the performance of the RF method in determining the relationship
is better than the cross-validation and prediction performance. In addition, the reduced model
established by RF analysis with significant variables is ranked as lower group, middle group and
upper group in order of PCC from most successful to most unsuccessful in terms of all data cross-
validity and test data. In addition, the Kappa coefficient is excellent for 34 variables in the sample
of the lower group, middle group and upper group countries and for all data. On the other hand,
cross-validity for 34 variables and test data is reasonable in the sample of lower and upper group
countries, while it is moderate in the sample of middle group countries. When the number of
variables is reduced, the Kappa coefficient calculated for all the data in the sample of lower group,
middle group and upper group countries does not change almost, while a slight decrease is observed
in the Kappa coefficient calculated for the cross-validation and test data. In this case, the decrease
in the number of variables weakened the prediction performance of the model.

Discussion and Conclusion

In the analyzes made with the CRT method, the difficulty perception variable of the PISA
test emerged as an important common variable in predicting the success of reading comprehension
in the sample of middle group and upper group countries. Since the importance of this variable is
more in the sample of upper group countries, the difficulty perception of the PISA test affects the
reading comprehension achievement of the students in the upper group countries more.

Educational items at home variable was found to be a significant predictor only in the
sample of middle group countries. Educational items at home variable was found to be a significant
predictor only in the sample of middle group countries. The result obtained regarding the
educational items at home variable; It is similar to the research findings of Giizle Kayir (2012) that
educational items related to the study environment such as the study room and study desk at home
increase the reading success of the student.

The reading pleasure variable was found to be an important common predictor in the sample
of lower and upper group countries. The significance of this variable is higher in the sample of
upper group countries. The findings of the study conducted by Tavsancil et al. (2019) that the
variable of reading pleasure significantly affects the success of PISA reading comprehension is
consistent with the results of this research.

The variable of professional status expected from the student was determined as a
significant predictor only in the sample of middle group countries. Since this variable has the first
estimation importance in the sample of middle group countries, it has been determined that the
professional status expected from the students for these countries affects the PISA reading
comprehension achievement.

The socio-economic status variable was found to be an important predictor only in the
sample of upper group countries. Since the predictor importance of this variable is in the first place
in the sample of upper group countries, it can be said that the socio-economic status of these
countries has a significant effect on success. In the study conducted by Arict and Altintas (2014),
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the finding that the socio-economic status variable is a significant predictor of students' PISA 2009
reading comprehension success is similar to the results of this study.

Information and communication technologies resources emerged as an important variable
only in the sample of lower group countries. Since this variable has predictive significance in the
first rank in the sample of lower group countries, it can be said that information and communication
technologies resources for these countries have a significant impact on success. This result is in
line with the finding of the research conducted by Urfali Dadand: et al. (2018) that information and
communication technologies resources significantly predict reading comprehension success. If the
sample of lower group, middle group and upper group countries is compared in terms of CRT
method estimating variables; All three groups differ from each other.

In the analysis made with the RF method, the weekly test language learning time variable
emerged as an important covariate predicting the success of reading comprehension in the sample
of lower group, middle group and upper group countries. The significance of this variable is higher
in the sample of lower group countries. While the variable of reading pleasure was found to be a
significant predictor in the sample of lower and middle group countries, it was not found as a
significant predictor in the upper group. On the other hand, the RF method differed from the CRT
method in terms of this variable, since the variable of reading pleasure was found to be an important
estimator in the sample of upper group countries in the CRT method.

The variable of educational items at home was determined as the second-ranked predictor
only in the sample of upper group countries. The result obtained for this variable; It is similar to
the research findings of Glizle Kayir (2012) that educational items related to the study environment
such as the study room and study desk at home increase the reading success of the student. The
father's education level variable emerged as the third most important predictor only in the sample
of upper group countries. This result was determined by Urfali Dadand1 et al. (2018), it was
determined that the father's education level was consistent with the finding of a significant predictor
of PISA reading comprehension achievement.

If the sample of lower group, middle group and upper group countries is compared in terms
of RF method estimator variables; All three groups differ from each other. The group that differs
most is the sample of upper group countries. Since the most difference in terms of predictive
variables in the CRT method is in the sample of lower group countries, RF and CRT methods differ
in this respect. As a result, it has been determined that the important variables that predict reading
comprehension success in the three category PISA with CRT and RF methods differ for each
method in the sample of the lower group, middle group and upper group countries.

In this study, the correct classification and prediction performance of each model for the
accuracy of the results were determined by the important variables selected by that model. When
the prediction performance for the validity and test data of the models created by reducing the
number of variables and the Kappa fit coefficient of the created models are considered together,
the estimation performances obtained from the CRT and RF models in the sample of lower group
countries were at a good level and the Kappa fit coefficients were significant. In the sample of the
middle group and upper group countries, the estimation performance for the validity data and test
data of the CRT method was found to be at an acceptable level, and the Kappa coefficient of
agreement was significant. On the other hand, the estimation performance of the RF method was
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found to be moderate and the Kappa coefficient of agreement was significant. In the sample of
middle group and upper group countries, the estimation performance of the RF method for the
validity data and test data was slightly lower than the CRT method.

Suggestions
As a result of the study, the following recommendations were developed.

e In the study, it was determined that the important variables predicting the success of CRT
and RF methods and PISA reading comprehension differ from method to method. In line
with these findings, it can be suggested to compare the results to be obtained with different
data mining methods in research to predict the success of PISA reading comprehension.

e Based on the data obtained from the application of Abide's reading comprehension test in
the Turkish sample using the methods used in the research, it is suggested that important
variables that predict Abide's reading comprehension success are determined and compared
with the important variables that predict reading comprehension success in PISA.

e The 34 variables used to predict PISA reading comprehension success and the number of
important variables selected with a sample of lower group, middle group, and upper group
countries using CRT and RF methods varied between three and eight. It is recommended
that a similar study be conducted in the field of PISA science and mathematics.

e As a study similar to this study, it is recommended to conduct analyzes based on data
mining methods to determine the important variables that predict success in exams such as
TYT, AYT, DGS and ALES conducted by OSYM.
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Genis Tiirkce Ozet
Problem Durumu

Egitimde de son yillarda hem uluslararasi diizeyde hem de ulusal diizeyde yapilan
caligmalarda cok degiskenli veri toplama egilimi yayginlasmistir. Bu smavlardan birisi de
Uluslararast Ogrenci Degerlendirme Programudir (PISA). PISA verileri kullanilarak, cok
degiskenli VM modelleri ile, basariy1 yordayan veya basari ile iliskili bagimsiz degiskenlerin
hangileri oldugu saptanabilmektedir.

Alanyazinda yapilan arastirmalar incelendiginde tek bir iilke ile sinirli olan homojen
gruplarla yapilan ¢aligmalar yogunluktadir. Veri madenciligi yontemleri kullanilarak farkli basar
gruplarinda basartyr yordayan degiskenlerin degisip degismedigine yonelik ¢alismaya
rastlanmamuistir. Aslinda veri (6rneklem) degistikge veri madenciligi yontemlerinden elde edilen
sonuglarin degisip degismediginin arastirilmasi 6nem teskil etmektedir.

Basar1y1 yordayan degiskenleri saptamak i¢in veri madenciligi kapsaminda birgok yontem
kullanilabilir ancak kullanilan modelin performans diizeyi degistiginde ve ¢alisilan 6rneklemin
basar1 diizeyi degistiginde nasil bir sonucla karsilagildigin1 gérmek i¢in farkli veri madenciligi
kestirim yontemleri ile elde edilen sonuglarin karsilastirilmasi gerekmektedir. Bu aragtirmada
Siniflama ve Regresyon Agaci ve Rasgele Orman yontemi kullanilmstir.

Alanyazinda PISA basar1 puanimi yordayan Onemli degiskenlerin belirlenmesi
calismalarinda kullanilan &rneklemlerin dar kapsamli oldugu goriilmektedir. Ornegin; Aksu ve
Gizeller (2016) ve Bezek Giire ve ark. (2020) calismalarinda sadece PISA Tiirkiye 6rneklemini
kullanmiglardir. Yapilan g¢alismalar basar1 veya performansi yordayan degiskenler iizerinde
yogunlagsmakta ancak bu caligmalar birbirine benzer sekilde fen, matematik veya okuma puanini
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bagimli degisken kabul ederek sozii edilen ii¢ alandaki basariyr etkileyen faktorlerin agiga
cikarilmasina yoneliktir. Ancak bu calismalarda farkli basar1 diizeyleri dikkate alimmamaistir.
Oysaki farkli alt basar1 gruplarinda farkli degiskenlerin etkili olmas1 diisiincesinden dolay1 bu
iddiay1 farkli basar1 gruplarinda ¢alisarak dogrulamak miimkiindiir.

Birgok tilkenin katildigi PISA’da {ilkelerin basar1 diizeyleri birbirinden oldukga farklidir.
Bu nedenle; bu g¢aligmada, alt, orta ve list basar1 grubundaki iilkeler icin basariy1 etkileyen
degiskenlerin belirlenmesi ile ilgili gruplardaki {ilkelerin egitim politikalarina yon verirken basariy1
olumlu etkileyen faktdrlere daha fazla 6nem vermeleri saglanabilir. Diger yandan farkli basar
diizeylerinde iilkeler igin; basariy1 etkileyen ayni ve farkli faktorlerin neler oldugu saptanarak,
diisiik basar1 diizeyindeki iilkelerin basarilarini artirmada daha dogru kararlar almalar1 saglanabilir.
Bu bakimdan aragtirmanin alanyazina katki saglayacag: diistiniilmektedir. Bu aragtirmanin temel
amaci, PISA 6grenci anketinde bulunan 34 bagimsiz degiskeni kullanarak farkli basar1 diizeyine
sahip (alt, orta ve iist basar1 grubundaki) tilkelerin okudugunu anlama basarisini etkileyen dnemli
yordayicilari belirlemektir. Calismanin diger amaci ise; belirlenen az sayida daha 6nemli bagimsiz
degiskenleri kullanilarak performansi yliksek siniflama modellerinin elde edilip edilmeyecegini
gostermektir. Boylece; caligmanin, kullanilan veri madenciligi yonteminin performansini en
yiiksek yapan daha 6nemli bagimsiz degiskenleri segerek degisken sayisini azaltmaya yonelik az
sayida c¢alismadan biri olmas1 hedeflenmektedir.

Yontem

Bu arastirma nicel arastirma tasarimlarindan tanimlayici tasarim, karsilastirmali tanimlayici
tasarim ve iligkisel tasarim olarak tasarlanmistir. Calismanin amaci i¢in iilkeler; PISA okuma puani
siralar1 dikkate alinarak alt (zayif), orta, iist (yiliksek) basar1 grubuna gore belirlendigi i¢in amagh
ornekleme yontemi kullanilmistir Ayrica, alt, orta ve iist grup orneklemlerini olusturmak ig¢in
tilkeler se¢ilirken kay1ip veri oraninin diisiik olmasina ve farkl yiizdelik dilimlere dagilacak sekilde
oOriintili olusturmasina dikkat edilmistir. Boylece her bir grup i¢in secilen 6rneklemlerin saglayacagi
bilgilerin zenginlesmesi saglanmistir. Bu arastirmada CRT ve RF yontemleri ile 34 bagimsiz
degisken ile yapilan analizlerde her bir yontemin hesapladigi tahmin edici 6nem (predictor
importance) degerleri dikkate alinarak basarty1 en iyi yordayan ilk 10 degisken saptanmistir. Daha
sonra, onemli bagimsiz degiskenler kullanilarak Weka programinda; tiim veri, 10 kath capraz
gegerlik verisi ve test verisi ile performans kriterleri hesaplanmistir. Bu hesaplanan performans
kriterlerinin 34 bagimsiz degisken kullanildiginda hesaplanan performans kriterlerinden dnemli
diizeyde bir farkliliga sahip olmadigi belirlenmis ve bdylece basariy1 tahmin etmede, daha az sayida
degisken ile yiiksek performansa sahip modeller kurulabildigi gosterilmistir. Bu analizler alt, orta,
ist basar1 grubu iilkeler 6rneklemi i¢in yapilmis ve elde edilen sonuglar ayrintili bir karsilastirma
yapilarak yorumlanmustir.

Bulgular

Arastirmanin sonugclar1 incelendiginde siniflama ve regresyon agact modeli ile secgilen
onemli ve ortak degiskenler PISADIFF (PISA testinin zorluk algisi) degiskeni alt grup harig diger
orneklem gruplarinin her biri i¢in, ii¢ kategorili PISA okudugunu anlama bagarisin1 yordama da
onemli ortak degisken olarak saptanmistir. Burada, basariyr yordama bakimindan PISADIFF
degiskeni tist grup iilkeler 6rnekleminde ilk sirada, orta grup iilkeler 6rnekleminde ikinci sirada
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Ooneme sahip olup; bu iilkeler icin PISA testinin zorluk algis1 degiskeninin, PISA okudugunu
anlama basar1 durumunu etkileyen 6nemli tahmin edici oldugu sdylenebilir. JOYREAD (okuma
keyfi), alt grup ve ist grup lilkeler 6rneklemi icin, PISA okudugunu anlama basar1 durumunu
yordayan onemli ortak degisken olarak belirlenmistir. Bu degisken basariy1 yordama bakimindan
alt grup iilkeler ornekleminde besinci sirada ve iist grup iilkeler 6rnekleminde ise ikinci sirada
oneme sahip olup; bu iilkeler icin okuma keyfi degiskeninin, PISA okudugunu anlama basar1
durumunu yordayan etkili tahmin edici oldugu soylenebilir. Rastgele orman modeli ile segilen
onemli ve ortak degiskenler LMINS (haftalik test dili 6grenme siiresi) degiskeni alt grup, orta grup,
tist grup tilkeler 6rnekleminde ii¢ kategorili PISA okudugunu anlama basarisini yordama da 6nemli
ortak degisken olarak saptanmistir. Burada, basariy1 yordama bakimindan LMINS degiskeni alt
grupta birinci sirada, orta grupta ikinci sirada, iist grupta yedinci sirada dneme sahip olup; bu
tilkeler icin haftalik test dili 6grenme siiresi degiskeninin, PISA okudugunu anlama basari
durumunu etkileyen 6nemli tahmin edici oldugu sdylenebilir. JOYREAD (okuma keyfi), alt grup
ve orta grup i¢in, PISA okudugunu anlama basar1 durumunu yordayan énemli ortak degisken olarak
belirlenmistir. Bu degisken basarty1 yordama bakimindan alt grup {ilkeler 6rnekleminde ikinci
sirada, orta grup iilkeler 6rnekleminde yedinci sirada 6neme sahip olup; bu iilkeler i¢in okuma
keyfi degiskeninin, PISA okudugunu anlama bagar1t durumunu yordayan 6nemli tahmin edici
oldugu soylenebilir.

Tartisma ve Sonug

CRT yontemi ile yapilan analizlerde PISA testinin zorluk algis1 degiskeni orta grup ve iist
grup llkeler 6rnekleminde okudugunu anlama basarisini tahmin etmede 6nemli ortak degisken
olarak ortaya ¢ikmistir. Bu degiskenin 6nemi iist grup tilkeler 6rnekleminde daha fazla oldugu i¢in
tist grup iilkelerdeki 6grencilerin okudugunu anlama basar1 durumlarini PISA testinin zorluk algis1
daha fazla etkilemektedir.

Okuma keyfi degiskeni alt grup ve iist grup iilkeler 6rnekleminde 6nemli ortak tahmin edici
olarak tespit edilmistir. Bu degiskenin 6nem derecesi iist grup iilkeler 6rnekleminde daha fazladir.
Tavsancil ve arkadaslar1 (2019) tarafindan yapilan arastirmada okuma keyfi degiskeninin PISA
okudugunu anlama basarisin1 6nemli 6l¢iide etkiledigine yonelik bulgular1 bu arastirma sonuglari
ile uyumludur. CRT yontemi tahmin edici degiskenler bakimindan alt grup, orta grup ve {ist grup
ilkeler 6rneklemi karsilastirilacak olursa; {i¢ grubun tamami birbirinden farklilik gostermektedir.

RF yontemi ile yapilan analizde Okuma keyfi degiskeni alt grup ve orta grup iilkeler
ornekleminde 6nemli tahmin edici olarak bulunurken iist grupta 6nemli tahmin edici olarak
bulunmamistir. Diger yandan CRT yonteminde iist grup llkeler 6rnekleminde okuma keyfi
degiskeninin 6nemli tahmin edici oldugu saptandigi icin RF yontemi bu degisken bakimindan CRT
yonteminden farklilagmistir.

RF yontemi tahmin edici degiskenler bakimindan alt grup, orta grup ve st grup tlkeler
orneklemi karsilastirilacak olursa; li¢ grubun tamami birbirinden farklilik géstermektedir. En ¢cok
farklilik gosteren grup ise iist grup iilkeler 6rneklemidir. CRT yonteminde tahmin edici degiskenler
bakimindan en ¢ok farklilik alt grup tilkeler 6rnekleminde oldugu i¢in bu bakimdan RF ve CRT
yontemi ayrismistir. Sonug olarak CRT ve RF yontemleri ile li¢ kategorili PISA okudugunu anlama
basarisini yordayan 6nemli degiskenlerin her bir yontem ig¢in alt grup, orta grup, iist grup iilkeler
orneklemi i¢in farklilik gosterdigi tespit edilmistir.
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