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Abstract

This study is all about finding out what makes a difference to how students are grouped
according to their reading skills. To do this, we looked at the scores from the reading skill test
and put students into groups based on whether they have high or low reading skills. In studies
with lots of different variables, feature selection helps us to decide which one is the most
important. This means we can reduce the size of the data and remove any variables that don't
really matter. In this study, we used the Boruta algorithm, which is based on the Random Forests
method. This is one of the feature selection methods, and it's really useful because it can identify
shadow features, which are created by taking into account the variables. The Boruta algorithm
is one of the wrapper algorithms, which can classify large data in a short time and with high
accuracy. In this study, we used the PISA 2018 Tiirkiye data to identify 27 factors that affect
reading skills. These include things like school type, career expectations, socio-economic
status, interest and familiarity with ICT, metacognition strategies, and more. We collected and
evaluated these factors under subject headings.
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Since 2000, the Programme for International Student Assessment (PISA) has
evaluated the mathematics, science literacy, and reading skills of 15-year-old students
attending formal education. PISA data are useful in identifying deficiencies in
education systems and determining student contributions to society (Akkoyunlu &
Kurbanoglu, 2003). OECD countries greatly benefit from PISA data. PISA’s large
number of variables and large-scale data is an important source of information for
researchers. Additionally, it offers insight into the education systems of participating
countries and allows them to track their progress over the years.

Growth and change in technology have increased reading skills and a
diversification of social and cultural changes. In the 90s, reading materials were
printed on paper, but different from what older generations are accustomed to, today’s
users read texts online (OECD 2016). The digital world provides access to all types
of information that people want to know. The current situation has led to an increase
in students accessing digital resources on the internet instead of printed resources in
libraries to obtain information (Bana 2020; Mushtaq et al., 2020; Park & Ranasinghe
2021). According to Hootsuite (2021), Google.com, a search engine, is the most
visited website. Readers tend to search for answers to their questions on digital search
engines rather than in written sources. However, it is up to the individual to determine
which of the thousands of answers is scientifically accurate (Suna et al., 2019).
Reading in the digital world encompasses a variety of activities such as conducting
online research, reading news articles, sending emails and text messages, applying for
jobs, completing forms, using social networking applications, performing banking
transactions, and shopping. It is important to approach each of these activities with a
clear and objective mindset, using precise language and avoiding biased or emotional
language. In addition, it is crucial to maintain a formal register, adhere to conventional
structure, and ensure grammatical correctness.

Pont and Werquin (2001) state that the ability to read and write has become
essential due to global information flow. This has led to improvements in cognitive,
information processing, and computer skills. The definition of literacy varies
according to the needs of individuals in different time periods. Literacy is defined as
the skills required for basic needs, including reading, writing, and arithmetic. Today,
‘basic skills' are commonly referred to in terms of literacy, language, and numerical
skills, and 'life skills' in terms of literacy, numerical, and information and
communication technology (ICT) skills (UNESCO, 2013).

Rapidly developing technologies and a changing world require people who can
adapt to this speed and change. Policy makers and educators who help cultivate future
individuals need to raise students who can meet these needs. The OECD has designed
computer-based assessments to measure reading proficiency, which were first
introduced in the PISA 2009 and then used again in the PISA 2015. The emergence
of ICT impact factors was facilitated by this innovation (Xiao et al., 2019).
Furthermore, the OECD incorporated the global competence area into PISA 2018 to
investigate the cultivation of individuals with global competence in response to
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current issues (Mostafa, 2021). According to the OECD (2018), students who possess
global competence should be capable of analysing global and intercultural issues,
communicating successfully and respectfully with diverse individuals and taking
necessary actions for sustainability and collective well-being. However, Cobb and
Couch (2021) argued that the study is inadequate and requires further development.
Engel et al. (2019) expressed concerns regarding the measurement of global
competence at the universal and local levels. They argued that the concept of values
was ignored in PISA 2018, despite potentially positive results. However, according to
the OECD (2018), students who were tested for global competence were also tested
with reading texts, making it possible to measure the relationship between reading
skills and global competence.

According to Children’s Foundation (2006), family, school, and environment
are effective social institutions for acquiring reading habits. Numerous researchers
have examined the factors that influence reading skills in this multidimensional
process. The table in Appendix 1 presents some studies on reading skills using PISA
data in the literature. In this context, variables such as gender, socioeconomic status,
parental education levels and occupations, parental and teacher support, and ICT use
are important for students.

Recent advances in technology have not only transformed our reading habits but
also facilitated computer applications which can analyse large-scale data quickly. In
this context, PISA datasets, which contain multidimensional data, can be analysed
using data mining (DM) methods to reveal hidden information (Kaunang and Rotikan
2018; Salal et al., 2019), resulting in successful outcomes. The use of DM methods to
train data is referred to as educational data mining (EDM) (Asif et al., 2017; Firat &
Koyuncu, 2020). According to Jalota and Agrawal (2019), EDM employs educational
data and student information to improve evaluation. EDM uses statistics, machine
learning, and data mining (Mahajan & Saini, 2020) to develop new algorithms or
models by identifying new patterns in data (Romero & Ventura, 2020). The table in
Appendix 2 presents studies from the literature and their corresponding methods in
this context.

Not all variables in large datasets are relevant to the classification investigated
in this study. Dealing with large datasets not only slows down the algorithm but also
has disadvantages, such as excessive resource consumption and inconvenient
methods. Therefore, researchers prefer small datasets that provide the best possible
classification results (Kursa and Rudnicki, 2010). Researchers can manually select
variables to work with small data. However, manual variable selection can introduce
bias and waste time. It is more advantageous to use feature selection algorithms based
on the statistical assumptions found in the literature. When comparing the
performance and accuracy of feature selection algorithms in machine learning (ML)
studies, it is important to consider the process of selecting and finding useful variables
(attributes) in the dataset. Zaffar et al. (2017) found that random forest (RF) performed
better than other algorithms in their study, which included 6 feature selection and 15
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classification algorithms using various student datasets within the scope of EDM.
Jalota and Agrawal (2021) used various feature selection algorithms (correlation and
wrapper-based) and classifiers (Bayes-Net, JRip, J48, NB, oneR, RF, SMO, Simple
Logistic). They determined the correlation feature properties of SMO and J48, and
their selection algorithms had the highest accuracy criteria. Although RF did not
provide the best performance, it still provided successful results. Gajwani and
Chakraborty (2021) employed various algorithms, including DT, LR, NB, boosting,
bagging, voting, and RF, to identify the subset of features that have a direct impact on
student grades. Their study found that boosting, voting, and RF produced the most
accurate results. In his study, Delen (2010) employed various algorithms, including
ANN, DT, LR, support vector machine (SVM), RF (bagging), boosted trees, and
information fusion (IF), to identify the factors contributing to attrition among at-risk
students. The results indicate that the most accurate algorithms were IF and RF
(bagging), in order of importance. Han et al. (2019) examined students’ problem-
solving skills. Son et al. (2020) used the RF algorithm to identify the variables that
affect students’ reading skills. Anand et al. (2021) employed Boruta for feature
selection and NB and DT as classifiers in EDM.

This study focuses on identifying the factors that affect the reading skills of
Turkish students. The aim of this study was to identify important variables that affect
students with high and low scores in reading skills and to offer new insights to
educators and policy makers. In the first stage of the study, the Boruta algorithm based
on RF was used to determine the variables affecting reading skills. The Boruta
algorithm was used in the second step to determine the prominent questions using
questions that comprise these variables. Petko et al. (2017) noted that possible
interpretations of the findings should be carefully considered because the PISA survey
items are based on general and student statements. In the third stage of the study,
probability tables were created for the questions and variables obtained. The study’s
final section evaluates the findings and discusses the significant variables for student
reading skills based on the results obtained from the PISA 2018 Turkish sample.

Method
Research Model

In large-scale evaluations, the score for the sample is considered rather than the
score of the individual student (Pejic & Molcer, 2019). These scores are expressed as
plausible values (PVs). Arikan et al. (2020) stated that methods and software that
consider the sample weights of large-scale test data (such as PISA, PIAAC, and
TIMSS) should be used. Tat et al. (2019) also noted that in large-scale applications,
plausible values will not represent the individual scores of students due to the
hierarchical structure of the data (student, school, region, country, etc.). According to
Ozkan (2021), PISA plausible values should not be used as individual values for
students. However, PISA evaluates students in a country using the levels determined
by it, considering their PVs (classifying them on the basis of gender, schools,
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regions). In the PISA Turkey (2000 - 2018) report, Yilmaz et al. (2020) stated that a
student placed at a certain point on the PISA skill scale can perform tasks at that level
and below that level. According to PISA reports, PVs cannot be used for the
evaluation of individual students. Instead, they are assessed on the basis of whether
they meet a certain level. As there is no clear success score for students that can be
directly used in PISA’s performance predictor studies, PVs are used in EDM studies
as they provide general information about students (Bezek Gire et al., 2020; Depren
and Depren, 2021; Dong and Hu; Gamazo and Martinez-Abad, 2020; Koyuncu and
Gelbal, 2020; Ozkan, 2021; Pejic and Stanic Molcer, 2018; Son et al. 2020). In this
study, the PVs of students were deemed appropriate for evaluation, as the analysis is
based on classification rather than individual scores.

Data Collection Tools

This is a quantitative relational study that uses the student survey of the PISA
2018 Turkey sample (OECD 2019c) as a data collection tool. The scores obtained
from the students’ reading skill test (PV1-PV10) were averaged, as used in some
studies in the literature (Bezek Giire et al., 2020; Dong & Hu, 2019; Lee, 2018; Pejic
& Stanic Molcer, 2018) and in PISA final reports. No special permission was required
for the use of the data because it is an open-access dataset.

Ethical Committee Approval

The study utilized the data set made available to all researchers by OECD
(2019b). Therefore, there is no need for an ethical declaration for the study.

Data Analysis
Feature Selection (FS)

FS is a widely used technique in pattern recognition. It involves removing noisy
or unnecessary variables from the data to make it more comprehensible (VVenkata and
Lingamgunta, 2020; Yan and Zhang, 2015). This reduces data storage requirements,
training and application times (Guyon & Elisseef, 2003), and improves algorithm
speed and prediction accuracy (Guyon & Elisseeff, 2006).

Random Forest

The RF algorithm is a non-parametric statistical method developed by Breiman
(2001). It can be used for classification, feature selection, and regression (Lahouar
and Slama, 2015). RF is an ensemble learning method that combines the ideas of
clustering and bootstrap by creating a larger tree with better performance by merging
a series of decision trees (Unpingco, 2019). This is a powerful method used in
regression and classification problems (Bezek Giire et al., 2020).

Boruta Algorithm

This wrapper method utilizes the RF classification algorithm (Ahmed et al.,
2021; Kursa & Rudnicki, 2010) to determine feature importance. The algorithm
expands the dataset by multiplying it and uses the Z-score obtained from the random
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forest (Iman & Ahmad, 2020). The highest Z-score among the shadow features is then
used as a reference to determine which features are important or unimportant (Kursa
& Rudnicki, 2010). Important attributes are those above the reference, whereas those
below are considered unimportant. The analysis is then repeated with the removal of
unimportant variables until only the important features are retained.

In studies related to EDM, classifications are made by considering different
features. Asif et al. (2017) classified student performances into successful and
unsuccessful groups, while Kasap et al. (2021) coded the first three levels of PISA
reading skill scores, which are divided into six levels, as low and the other three levels
as high. Emdadi and Eslahchi (2021) and Xu et al. (2019) classified based on the
median value of the dependent variable in their studies. They calculated the average
reading skills scores (PV1-PV10) of 6890 students (MPVREAD). To improve
classification performance and make the study easier to understand, the dependent
variable MPVREAD was classified as in previous studies by Asif et al. (2017),
Mahajan and Saini (2020), Son et al. (2020), and Han et al. (2020), who employed a
sensitive average of the arithmetic mean. The median value of MPVREAD
(MedPVREAD = 468) was calculated. Results below the median value were recoded
as 1 (low), and averages equal to or above the median value were recoded as 2 (high)
(PVREAD).

The variables used in the PISA tests are categorized into three groups: simple
indices, scale indices, and trend scale indices. Simple indices are obtained through
arithmetic transformation and recoding, whereas scale indices are created from
parameters obtained by scaling more than one item (OECD 2019b). Table 1 provides
a list of indices used in the study.

Indices with missing or undefined information were removed from the dataset.
The deleted indices include ATTIMMP, BODYIMA, CHANGE, CNTSCHID,
CNTSTUID, CURSUPP, EMOSUPP, EFFORT1, EFFORT2, EMOSUPS,
FCFMLRTY, FLCONFIN, FLCONICT, FLFAMILY, FLSCHOOL, GCAWAREP,
INFOCAR, INFOJOB1, INFOJOB2, INTCULTP, JOYREADP, LANGFATHER,
LANGFRIEND, LANGMOTHER, LANGSCHMATES, LANGSIBLINGS,
LANGTEST_COG, LANGTEST_PAQ, LANGTEST_QQQ, OCOD1, OCOD2,
OCOD3, OECD, PASCHPOL, PQSCHOOL, PRESUPP, PROGN, SCCHANGE,
SOCONPA, STUBMI, and SUBNATIO. The analysis included 86 variables, one of
which (PVREAD) was dependent. Gender was also considered. The Random Forest
(Liaw and Wiener, 2018) and Boruta (Kursa 2020) packages in the R program were
used for the interpolation method and analysis of missing data. Table 1 lists the 84
index names used in the first phase of this study. In both stages, the evaluation was
based on the Z transformation (meanimp) values. In the first stage of the application,
27 significant variables (indices) were obtained from 100 trees, including indices that
affect reading skills (PVREAD), with an accuracy value of 69.7.
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Table 1.
Indices Used In The Study

Student Indices

ADAPTIVITY, AGE, ATTIMM, ATTLNACT, AWACOM, BEINGBULLIED, BELONG,
BFMJ2,BMMJ1, BSMJ, COBN_F, COBN_M, COBN_S, COGFLEX, COMPETE,
CULTPOSS, DIRINS, DISCLIMA, DISCRIM, DURECEC, EMOSUPS, ESCS, EUDMO,
FISCED, FISCED_D, GCAWARE, GCSELFEFF, GFOFAIL, GLOBMIND, GRADE,
HEDRES, HISCED, HISCED_D, HISEI, HOMEPOS, , ICTRES, IMMIG, INTCULT,
ISCED, ISCEDD, ISCEDL, ISCEDO, JOYREAD, LANGN, LMINS, MASTGOAL,
METASPAM, METASUM, MISCED, MISCED_D, MMINS, PARED, PAREDINT,
PERCOMP, PERCOOP, PERFEED, PERSPECT, PISADIFF, REPEAT, RESILIENCE,
RESPECT, SCREADCOMP, SCREADDIFF, ,SMINS, ,STIMREAD, STRATUM, SWBP,
TEACHINT, TEACHSUP, TMINS, UNDREM, WEALTH, WORKMAST

ICT Indices

ICTHOME, ICTSCH, ENTUSE, USESCH, AUTICT, INTICT, COMPICT, SOIAICT,
ICTOUTSIDE, ICTCLASS, HOMESCH

During the second phase of the study, 27 indices were analysed by asking related
questions. As questions could not be obtained regarding the BSMJ (expected
occupational status) index, it was added to the analysis. The results of the analysis
showed that out of the 159 variables determined, 52 variables (problems) were
highlighted with 100 trees and an accuracy value of 67.2.

Results

In the initial stage of the application, Figure 1 displays the first analysis results
of 85 variables believed to impact reading skills. The blue box plots indicate the
minimum, average, and maximum Z scores of the shadow attributes. The red, yellow,
and green box plots represent the Z scores of rejected, uncertain, and approved
attributes, respectively. The analysis was repeated by excluding unimportant and
uncertain variables. A total of 27 variables (indices) were selected for the study and
are listed in Table 2 in order of importance.
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Table 2.
Indices That Stand Out In Reading Skills
Indices meanimp Indices meanimp Indices meanimp
1.METASPAM 47,77 10.HOMEPOS 26,03 19.SCREADDIFF 17,24
2.PISADIFF 33,15 11.SMINS 24,30 20.GCAWARE 17,23
3.METASUM 30,72 12.GCSELFEFF 24,26 21.BSMJ 17,16
4.ESCS 30,56 13.ICTHOME 20,62 22.COMPICT 16,94
5.USESCH 27,46 14.STRATUM 19,38 23.JOYREAD 14,28
6.ISCEDO 27,33 15.UNDREM 19,29 24.FISCED 13,44
7.INTICT 26,66 16.WEALTH 18,35 25.TMINS 13,33
8.ICTRES 26,53 17.ENTUSE 17,97 26.GLOBMIND 10,35
9.AWACOM 26,04 18.HOMESCH 17,65 27.MISCED 8,43

Upon examining Table 2, it is evident that the indices pertain to the access and
use of ICT resources (USESCH, ENTUSE, HOMESCH, ICTHOME), interest in ICT
and perceived competence (INTICT, COMPICT), expected professional status
(BSMJ), economic social cultural level (ESCS, HOMEPQOS, ICTRES, WEALTH,
FISCED, MISCED), time devoted to education (SMINS, TMINS), metacognition
(METASPAM, METASUM, UNDREM), attitudes toward reading (JOYRED,
PISADIFF, SCREADDIFF), curiosity about the world and other cultures
(GLOBMIND, AWACOM, GCSELFEFF, GCAWARE), and the type of school the
student attends (STRATUM, ISCEDO). These indices are grouped under nine
headings.

During the second phase of the study, 52 questions were identified as relevant
after analysing 159 questions grouped under 9 headings (refer to Figure 2). These
questions are listed in Table 3, ordered by index name and importance. Statistically
significant relationships were found between the reading skill score averages
(MPVREAD) and the prominent indices, except for STRATUM, as shown in Table
4. The most significant relationships were observed for METASPAM, METASUM,
and PISADIFF, which were among the prominent indices in the first stage (Table 2).
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Figure 1.
First-Stage Analysis Results
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Table 3.
Prominent Questions And Indices In Reading Skills
Variables Index meanimp Variables Index meanimp
ST013Q01 HOMEPOS 31.19 ST011Q07 HOMEPOS 13.60
ST166Q03 METASPAM 29.63 ST007Q01 FISCED 13.48
ST166Q02 METASPAM 24.18 1C008Q04 ENTUSE 13.36
ST059Q03 SMINS 23.60 1C010Q04 HOMESCH 13.29
1C008Q08 ENTUSE 22.74 1C001Q06 ICTHOME 13.13
ST163Q02 PISADIFF 22.40 ST164Q05 UNDREM 11.94
ST002Q01 STRATUM 22.24 1C008Q07 ENTUSE 11.80
1C011Q05 USESCH 22.13 1C008Q09 ENTUSE 11.68
BSMJ BSMJ 18.29 ST166Q04 METASPAM 11.65
ST060Q01 TMINS 18.14 ST165Q02 METASUM 11.60
ST166Q05 METASPAM 18.07 ST160Q04 JOYREAD 11.38
1C001Q10 ICTHOME 18.04 1C010Q07 HOMESCH 11.00
ST196Q04 GCSELFEFF 18.04 1C013Q01 INTICT 10.90
1C008Q05 ENTUSE 17.54 1IC013Q13 INTICT 10.87
ST012Q05 HOMEPOS 17.39 ST163Q04 PISADIFF 10.33
1C014Q06 COMPICT 17.27 ST005Q01 MISCED 9.93
1C013Q04 INTICT 17.13 ST161Q08 SCREADDIFF 8.24
ST197Q01 GCAWARE 17.03 ST161Q07 SCREADDIFF 7.94
1C011Q09 USESCH 16.80 ST166Q01 METASPAM 7.24
1C011Q06 USESCH 16.79 ST164Q04 UNDREM 6.78
ST165Q04 METASUM 16.03 ST164Q01 UNDREM 6.61
1C011Q08 USESCH 15.59 ST165Q03 METASUM 5.43
1C008Q12 ENTUSE 15.28 ST164Q03 UNDREM 5.28
ST165Q05 METASUM 14.90 ST164Q02 UNDREM 4.67
ST163Q03 PISADIFF 14.06 ST165Q01 METASUM 4.48
ST196Q02 GCSELFEFF 14.03 ST164Q06 UNDREM 2.99
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Figure 2.
Second-Stage Analysis Results

Table 4.
Mpvreap And The Index Correlation Table
UNDR
METASPAM METASUM PISADIFF HOMEPQOS EM
MpVREAD 423" 371 -.356™ 337 .294™
GCSELFEFF BSMJ SCREADDIFF JOYREAD SMSIN
MpvREAD .269™ .259™ -.252™" 237 2317
GCA
COMPICT FISCED USESCH INTICT WARE
MpVREAD .206™ .198™ -.192* 191 187
MISCED ENTUSE ICTHOME HOMESCH T'\gIN
MpvREAD 187 124™ 115 -.064™ 041"

**_Correlation is significant at the 0.01 level (2-tailed).

Table 5.
Correlation Table Of Reading Skills
MpvMATH Mpvsci
MpvREAD 872 .922™

Mpvmat 1 918"
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Attitudes Toward Reading

It was discovered that the indices for enjoyment of reading (JOYRED),
perception of difficulty of the PISA test (PISADIFF), and perception of difficulty
performing reading tasks (SCREADDIFF), which were included in the heading of
attitudes toward reading determined in the first stage, had an effect on students’
reading skills. Table 2 shows that PISADIFF ranked sixth in terms of importance
among the three indices. Table 4 shows the statistically significant negative
relationships between SCREADDIFF and PISADIFF with PVREAD.

Metacognition

Statistically significant relationships were found between the understanding and
remembering (UNDREM), summarizing (METASUM) and assessing credibility
(METASPAM) indices and PVREAD. These relationships were used to evaluate the
students’ cognitive states regarding reading, as shown in Table 4.

According to the classification of reading ability (refer to Table 2), METASPAM
and METASUM are among the prominent indices in the priority ranking. No changes
in content were made to ensure that the improved text was as close as possible to the
source text. After analysing the results, it was confirmed that reading strategies,
namely METASPAM, METASUM, and UNDREM, play a crucial role in classifying
reading skills.

Time Devoted to Training

Although there was a statistically significant relationship between the weekly
lesson hours for the students in science (SMINS) and total courses (TMINS) on
reading skills (Table 4), the correlation value of TMINS was almost zero (r = 0.041).

To observe the relationship between reading skills and science knowledge, we
examined the average scores for reading (MPVREAD), mathematics (MPVMATH),
and science (MPVSCI) skills (Table 5). The analysis revealed a strong correlation (r
=0.92) between the average reading skill (MPVREAD) and the average science skill.

Knowledge about the World and Other Cultures

During the first phase of the study, four indices (GLOBMIND, AWACOM,
GCSELFEFF, GCAWARE) were identified as being related to curiosity about the
world and other cultures (see Table 2). However, in the second phase of the study,
only two of these indices were found to be relevant. GCSELFEFF measures a
student’s self-efficacy in explaining or discussing global issues, while GCAWARE
assesses a student’s awareness of global issues. Table 3 shows that these two indices
had a positive and significant correlation with students’ reading skills.
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Economic-Social-Cultural Level

In the first phase of the study, four indices were identified under the heading of
economic—social- cultural level (ESCS, HOMEPOS, ICTRES, WEALTH) (Table 2).
ESCS is a composite score consisting of three indices.

ESCS comprises parental occupational status (HISEI), parental education
(PAREDINT), and household possessions (HOMEPOS) indices. The HOMEPOS
index is calculated on the basis of the indices of wealth (WEALTH), cultural assets
(CULPOSS), and home education resources (HEDRES), which include the number
of books available at home. The ICTRES index is based on the ICT resources owned.
In the second phase of the study, questions representing these three indices -
HOMEPOS, FISCED, and MISCED-were highlighted. The FISCED and MISCED
indices provide information about the parents in the PAREDINT index. Statistically
significant relationships were found between these three indices and reading skills, as
shown in Table 4.

Access and Use of ICT Resources

Table 2 presents USESCH, which indicates the frequency of digital device use
at school; ENTUSE, which represents usage during out-of-school activities; and
HOMESCH, which indicates usage during homework outside of school, all falling
under the heading of access and use of ICT resources. ICTHOME are indices obtained
for ICT devices used at home.

In Table 3, questions representing these four indices were highlighted in the
second phase of the study, and it was confirmed that they were critical to the
classification of reading skills. Statistically significant relationships were found
between the four indices and reading skills (refer to Table 4). However, only the
USESCH and HOMESCH indices had statistically significant negative correlations
with PVREAD. It is worth noting that the correlation value for HOMESCH (r = -
0.064) was very low.

Interest in and Perceived Competence in ICT

The two indices, INTICT and COMPICT, collected under the title of interest in
ICT and perceived competence in Table 2, maintained their significance in the second
phase of the study. These indices evaluate students’ interest in digital media and
devices (INTICT) and their perceived competence (COMPICT). Both indices had
positive and statistically significant relationships with reading skill averages (Table
4).

Expected Occupational Status

The BSMJ index used in both stages of the study is an edited version of student
answers to questions about their desired job at thirty years of age, classified according
to the International Labor Organization’s (ILO) structure. High scores indicate a
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preference for high professional status (OECD, 2020). Table 4 shows the statistically
significant positive relationship between BSMJ and reading skills.

School Type

In both stages of the study (Table 2, Table 3), STRATUM was found to be
significant. After rearranging the data based on the student school type, they were
classified according to their reading skill scores. Figure 3, which takes probabilities
into account, was obtained as follows: students in Anatolian, science, and social
sciences high schools were found to have high reading skills.

Figure 3.
Reading Skill Levels Based On The School Type

Sacial Sciences High Schosl

Lower-Secondary School

Vocational and Techmical Anatokan High School
Science High School = -

M- Programme Anstoban High School
Anatclian High School

Anatolian Imam and Preacher High School

Anatolian Sport High School’ Anatolian Fine Ants High School

Discussion, Conclusion and Suggestions

The phrase 'knowledge itself is power', coined by Francis Bacon in 1597,
remains relevant in today’s rapidly advancing technological age. Reading is a crucial
means of acquiring knowledge, and in the 21st-century, reading skills are more
important than ever. As defined by Fabunmi and Folorunso (2010), the modern and
complex world we live in demands strong reading skills for personal and professional
success. Nzeyimana and Bazimaziki (2020) suggest that new strategies are required
to address poor reading skills, which can lead to reliance on unreliable information
and incomplete knowledge due to the rapid technological advancements in today’s
world.

An individual’s effective use of metacognitive strategies significantly impacts
the quality of learning (Arslan, 2020). Students who possess metacognitive awareness
know which strategies to use, where, and when (Firat and Koyuncu, 2020). Depren
and Depren (2021) found that metacognition indices are effective in improving
reading skills. This finding is supported by the studies of Firat and Koyuncu (2021)
and Son et al. (2020), as well as our own study.
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The rapid rise of the digital world has made careful reading essential. According
to UNESCO (2013), literacy now encompasses life skills. In many parts of the world,
digital reading skills are considered crucial for individuals to achieve their goals and
participate in society (OECD, 2016). To enable students to deal with the challenges
posed by the rapid advancement of technology, education systems must incorporate
these changes directly into classroom education (Henry 2006; Keskin 2014). In
addition, students should receive support in the form of digital reading skill training.

Although technology and the internet provide unlimited access to information, a
lack of knowledge about research topics may indicate insufficient digital media
literacy (OECD, 2018). Students who possess advanced global competence can
develop a global perspective in various disciplines such as science, literature,
mathematics, biology, and history. This can help them learn in-depth and achieve
greater success in their educational pursuits (Tedmem, 2019). Furthermore, the young
generation with low global competence may be susceptible to biased and fake news,
as noted by the OECD in 2018. Therefore, it is crucial for school administrators and
teachers to guide students in using digital resources in a more meaningful and
productive manner, while also providing support through metacognitive strategies.
This will bring us one step closer to achieving the intended goals of sustainability and
collective welfare. Our study aligns with the opinion of the OECD (2018) . It was
found that students with a cultural background and an interest in global issues tended
to have higher reading skills.

Oriogu et al. (2017) stated that social media (e.g. Facebook, Whatsapp, Twitter)
is the most significant factor hindering students’ reading habits. The UNESCO report
(West and Chew, 2014) found that two-thirds of individuals in five developing
countries read on their phones (OECD, 2016; West and Chew, 2014). The report also
noted that most of these mobile readers were young and more educated than average.
Currently, changes in reading habits have increased e-reading among young people.
According to Mushtaq et al. (2020), electronic content offers several advantages.

In a study of secondary school students, Adeyokun et al. (2020) found that
reading online via smartphones and laptops had a positive impact on reading habits.
Srijamdee and Pholphirul (2020) and Vazquez-Cano et al. (2020) reported that the use
of ICT during education has a positive impact on academic achievement. However,
the use of ICT for non-educational activities has no effect on academic performance.
Xiao et al. (2019) found a negative correlation between academic success and the use
of ICT for social interaction, whereas Petko et al. (2017) reported similar findings for
digital entertainment at home. Gubbels et al. (2020) and Xiao et al. (2019) found that
excessive use of ICT can reverse the positive effect on student achievement, as the
relationship between ICT use and student achievement follows an inverted U-shape.
The authors emphasized that students spend their time is more important than the
amount of time they spend on the internet. According to Henry (2006), teachers must
comprehend the new literacies that are emerging in their classrooms to prepare
students for life. It is crucial not to isolate students from the internet while searching
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for solutions. In addition, students should be educated about the critical and qualified
use of technology and taught strategies to avoid inappropriate content for their age
(Vazquez-Cano et al., 2020). Lee and Wu (2012) found positive correlations between
students’ perceptions of ICT and their academic performance, as well as between ICT
attitudes and reading performance (Ertem, 2021; Petko et al., 2017). Similarly, Hu et
al. (2018) reported interest and proficiency in ICT, and Srijamdee and Pholphirul
(2020) stated that students who are experienced and familiar with ICT perform well
in reading, science, and mathematics. These findings are consistent with those of the
existing literature. Students who report an interest in and proficiency with ICT tend
to have higher reading skill scores. In today’s rapidly advancing technological era, it
is important to enhance students’ acceptance of ICTs and help them feel competent in
this regard, especially considering the smart devices that are now commonly used in
homes.

Determining the compatibility of students’ career expectations, future
employment opportunities, and educational plans is crucial (Sikora and Pokropek,
2006). According to Consulting and Trust (2013), the youth unemployment rate is
high among the 18-24 age group who are not in full-time education or employment,
and this is linked to low literacy. The aim of this study is to improve the literacy of
young people by increasing their future prospects. The 11-14 age group was identified
as a special focus point and should be supported, particularly in the first years of
secondary education, to create realistic employment demands. As noted by Gamazo
and Martinez-Abad (2020), expected professional status is a factor that enhances
student performances. It was determined in our study that students with high
professional expectations achieved high scores in reading skills.

One of the important factors affecting reading skills is school type (Celik and
Yurdakul, 2020; Ertem, 2021; Firat and Koyuncu, 2020; OECD, 2019a). Educational
practices and curricula can contribute to students’ academic success (Flores-Mendoza
et al., 2021). According to Suna et al. (2020), the difference in success performance
between schools has been a long-discussed issue in Turkiye, starting from secondary
education and continuing to increase. Science high schools have the highest average
score in terms of reading skills, as reported in previous PISA results (Yilmaz et al.,
2020). To reduce disparities between different types of schools, policymakers and
educators should consider providing support to low-achieving schools (Suna et al.,
2020) and reviewing their curricula.

The academic performance of students is influenced by various factors,
including the socioeconomic background of their parents (Firat and Koyuncu, 2020;
Geske and Ozola, 2008; Hu et al., 2021). Son et al. (2020) discovered that Korean
students with low socioeconomic indicators had lower reading skill scores in PISA
2018. Chung et al. (2021) discovered a positive correlation between socioeconomic
indicators and reading skills among Finnish and Korean students. Similarly, Suna et
al. (2019) reported a positive but low impact on their Turkish sample. These findings
align with our study results.
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Family plays a crucial role in a child’s life. Parental education has a significant
impact on occupation and income, as well as the child’s reading ability (Geske and
Ozola 2008; Le et al. 2019; Rojas-Torres et al. 2021; Son et al. 2020; Vazquez-Cano,
De la Calle-Cabrera, et al. 2020). Our findings highlight the importance of parental
education as a variable.

In our study, science and total weekly course hours were found to be the primary
factors affecting reading skills, while Dong and Hu (2019) identified the time spent
on students’ test language (LMINS) as one of the indices. Similarly, Nadaf et al.
(2021) found that total learning time (TMINS) was the most significant feature
contributing to students’ cognitive success after excluding other course periods from
the analysis. Chung et al. (2021) noted that training for more than 35-hour per week
had a less positive, or even negative, impact on the results. The study found that while
TMINS was an important variable for Korean students, activity sub-headings such as
free time and independent reading time were more prominent in the learning times of
Finnish students. Depren and Depren (2021) found that the amount of time Turkish
students spend on science subjects had a statistically significant impact on their
reading skills. Our study also found a strong positive correlation between reading
skills and science literacy.

From face-to-face classrooms where traditional education systems are hosted,
with today’s technological developments, the relationship between ICT and education
has become very important, albeit due to necessity. Training started with online
courses and videos, and especially with COVID-19 in 2020, education had to be
provided in virtual classes. To enhance students’ reading skills in this era of changing
reading culture, it is crucial to concentrate on metacognitive strategies and ICT
literacy. This will enable students to safeguard themselves against negative online
experiences. Policy makers and educators should provide students with increased
access to the internet and digital devices and teach them how to use them effectively.
This will help prepare the younger generation to keep pace with rapidly evolving
technology. Efforts should be made to reduce disparities between schools. Rather than
opposing evolving reading habits, we should adapt to them and utilise technological
resources that can enhance students’ learning, such as audiobooks, podcasts and
educational videos, to encourage more engagement. Furthermore, conducting
additional studies that consider genders and school types, not included in this research,
may yield valuable insights for policymakers and educators. These studies should
examine the variables that are prominent in reading skills.
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Uluslararas1 Ogrenci Degerlendirme Progranu (PISA), 2000 yilindan bu yana 15
yas grubu orgiin egitime devam eden 6grencilerin matematik, fen okuryazarligi ve
okuma becerilerini degerlendiren uluslararasi bir ¢aligmadir. PISA 6grencilerin sosyal
yasama ve topluma katkilarinin belirlenmesinde faydalidir (Akkoyunlu ve
Kurbanoglu, 2003). OECD iilkeleri egitim sistemlerindeki eksikleri fark edebilmek
amactyla PISA verilerinden faydalanir. PISA’nin ¢ok sayida degisken ve biiyiik
Olcekli verilere sahip olmasi aragtirmacilar i¢in 6nemli bir bilgi kaynagidir. Ayni
zamanda katilime iilkelerin egitim sistemleri hakkinda bilgiler sunmasinin yani sira
yillar i¢inde iilkelerin kendi degisimlerini takip edebilmelerine de olanak saglamasi
agisindan dnemlidir.

Okuma becerisi, teknolojinin hizla biiylimesi ve degisimi ile hem toplum hem
de kiiltiirel degisimleri artirmakta ve g¢esitlendirmektedir. 90’l1 yillarda okuma
materyalleri kagitlar ilizerine basilirken giiniimiiz kullanicilarinin ¢evrimigi okudugu
metinler, aligik oldugumuzdan farkhidir (OECD 2016). Dijital diinya, insanlarin
bilmek istedigi her tiirlii bilgiye erisimi kolaylagtirmaktadir. Bu durum 6grencilerin
bilgiye erigim igin basili kaynaklarin oldugu kiitiiphaneler yerine internet {izerinden
dijital kaynaklara erigim egilimlerini artirmigtir (Bana 2020; Mushtaq vd. 2020; Park
ve Ranasinghe, 2021). Bir arama motoru olan Google.com, Hootsuite’in (2021)
hazirladig1 rapora gore web site siralamasinda en ¢ok ziyaret edilen adres olarak
belirlenmistir. Okuyucular bir sorunun cevabini yazili kaynaklardan ¢ok dijital arama
motorlarinda aramaktadir. Arama sonucu kullanicilarin karsisina ¢ikan binlerce cevap
arasindan hangisinin dogru ve bilimsel oldugunu anlamasi bireyin kendi basina
verecegi bir karardir (Suna vd., 2019). Internet sitesinde arastirma yapmak, gazete, e-
posta, kisa mesajlar1 okumak, is bagvurusunda bulunmak, form doldurmak, sosyal ag
uygulamalarimi kullanmak, bankacilik islemlerini gergeklestirmek, aligveris yapmak
dijital diinyanin yeni okuma tiirleri olarak her gegen giin ¢esitlenerek kargimiza
¢itkmaktadir.

Pont ve Werquin’e (2001) gore kiiresel bilgi akis1 okuma ve yazmayi zorunlu
becerilere doniistiirmiistiir. Bu durum kullanicilarin biligsel, bilgiyi isleme ve
bilgisayar kullanma becerilerini de geligtirmistir. Okuryazarlik tanimi, insanlarin
yasadiklart her donem ihtiyaclarina gore degisim gostermektedir. Temel ihtiyaglar
icin gereksinim duyulan okuma, yazma ve aritmetik beceriler olarak tanimlanan
okuryazarlik, bugiin okuma-yazma, dil ve sayisal beceriler “temel beceriler”, okuma-
yazma, sayisal ve BIT (Bilgi ve Iletisim Teknolojisi) becerileri ise “yasam becerileri”
olarak tanimlanmaktadir (UNESCO 2013).

Hizla gelisen teknolojiler ve degisen diinya bu hiza uyum saglayabilen,
degisebilen insan arayisindadir. Politika yapicilar ve gelecegin bireylerini yetistiren
egitimcilerin de bu ihtiyaglar1 karsilayabilecek Ogrenciler yetistirmeleri
gerekmektedir. Bu misyonu kendine gorev edinen OECD ilk defa PISA’da 2009
okuma yeterliligini 6lgmek i¢in ek segenek olarak bilgisayar tabanli degerlendirme
tasarlamig, ardindan PISA 2015’ e bilgisayar aracilifiyla 6grenci degerlendirmesi
yapmustir. Bu yenilik BIT etki faktdrlerinin ortaya ¢ikmasimi saglamistir (Xiao vd.
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2019). Ayrica yine giincel konulardan yolla ¢ikarak OECD kiiresel yeterlilige sahip
bireyler yetistirilebilmesi amaciyla (Mostafa 2021) PISA 2018’de kiiresel yeterlilik
alanina yer vermistir. OECD’e (2018) gore kiiresel yeterlilige sahip olan 6grenciler,
kiiresel ve kiiltiirlerarasi1 sorunlar1 inceleyebilir, farkl bireylerle basarili ve saygili bir
sekilde iletisim kurabilir, siirdiiriilebilirlik ve kolektif refah icin gerekli eylemlerde
bulunabilmelidir. Ancak Cobb ve Couch (2021) yapilmaya ¢alisilan c¢aligmanin
yetersiz oldugunu ve gelistirilmesi gerektigini ifade etmistir. Engel vd. (2019) ise
potansiyel olarak olumlu sonuglar vermesine ragmen PISA 2018’de degerler
kavramimin g6z ardi edilmesinden dolayi, kiiresel yeterliligin evrensel ve yerel
diizeyde olgiilebildiginden duyduklari endiseleri dile getirmislerdir. Ancak OECD
(2018), kiiresel yeterlilikle test edilen 6grencilerin yine okuma metinleri tizerinden
test edildigini, bu sayede okuma becerisi ile kiiresel yeterlilik arasindaki iliskiyi
6l¢ebilmenin miimkiin olacagini ifade etmistir.

Cocuk Vakfi (2006) okuma aligkanliginin kazanilmasinda aile, okul ve ¢evrenin
etkili toplumsal kurumlar oldugunu ifade etmistir. Boylesine ¢cok boyutlu bir siirecte
birgok aragtirmact okuma becerisini etkileyen unsurlari incelemistir. Literatiirde
okuma becerisi lizerine PISA verileriyle yapilan bazi ¢aligmalara Tablo Ek 1°de yer
verilmigtir. Bu kapsamda cinsiyet, sosyoekonomik durum, ebeveynlerin egitim
diizeyleri ve meslekleri, ebeveyn ve 6gretmen destegi, BIT kullanimi 6grenciler igin
Oonemi bulunan degiskenler arasindadir.

Son yillarda teknolojinin ilerlemesi okuma aliskanliklarimizda degisiklik
yarattig1 gibi bilgisayar uygulamalarinin da biiyiik boyutlu verileri tek seferde ve kisa
stirede analiz edilebilmesine olanak saglamistir. Bu kapsamda ¢ok boyutlu verilere
sahip olan PISA veri setleri de veri madenciligi yontemlerinin kullanilmasina olanak
tanimakta ve basarili sonuglar vermektedir. Veri madenciligi (DM) yardimiyla veri
depolarinda bulunan gizli bilgilere (Kaunang ve Rotikan 2018; Salal vd. 2019)
ulasilabilmektedir. DM yontemlerinin egitim verilerine uygulanmast Egitimsel Veri
Madenciligi (EDM) olarak tanmimlanmaktadir (Asif vd., 2017; Firat ve Koyuncu,
2020). Jalota ve Agrawal’a (2019) gore EDM, egitim verilerini ve 6grencileri daha iyi
degerlendirebilmek i¢in kullanan bir disiplindir. EDM verilerde yeni kaliplar arayarak
yeni algoritmalar veya modeller gelistirirken (Romero ve Ventura, 2020) istatistik,
makine 6grenimi ve veri madenciliginden yararlanir (Mahajan ve Saini, 2020). Bu
kapsamda literatiirde yapilmis baz1 ¢alismalar ve kullandiklar1 yontemlere Tablo Ek
2’de yer verilmistir.

Biiyiik veri kiimelerini olusturan degigenlerin hepsi ilgilenilen siniflandirma ile
her zaman ilintili degildir. Biiylk veri kiimeleriyle ugrasmak algoritmayi
yavaglatmasinin yani sira fazla kaynak tiikketimi ve yontemlerin elverissiz hale gelmesi
gibi dezavantajlara sahiptir. Bu ylizden miimkiin olan en iyi siniflandirma sonuglarim
veren kiiglik veri setleri tercih edilir (Kursa ve Rudnicki, 2010). Kiigiikk verilerle
caligmak i¢in arastirmacilar tarafindan manuel degisken se¢imleri gergeklestirilebilir.
Ancak bu secimler yanliliga ve zaman kaybina neden olur. Manuel degisken segimleri
yerine literatiirde istatistiksel varsayimlara dayanan Oznitelik secim algoritmalari
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kullanilmast daha avantajlidir. ML c¢alismalarinda veri seti igerisinde yararli
degisenleri (Oznitelikleri) se¢cme ve bulma siireci olarak kabul edilen 6znitelik se¢im
algoritmalarmin EDM kapsaminda performans ve dogruluklarini karsilastiran
caligmalar arasinda, Zaffar vd. (2017) farkli 6grenci veri setlerini kullandiklari
calismalarinda 6 adet 6zellik secim ve 15 adet siniflandirma algoritmasi kullandiklar
caligmalarinda RF’1n daha iyi sonuglar verdigini belirtmislerdir. Jalota ve Agrawal’da
(2021) gesitli ozellik (korelasyon ve sarmalayici tabanli) se¢im algoritmalarindan ve
smiflandiricilardan (Bayes-Net, JRip, J48, NB, oneR, RF, SMO, Simple Lojistic)
yararlanarak yaptiklar1 ¢alismalarinda SMO ve J48’in korelasyon Oznitelik se¢im
algoritmalart ile en yliksek dogruluk 6lgiitlerine sahip oldugunu ifade etmislerdir. Bu
calismada RF ise en basarili performansa sahip olmamakla birlikte basarili sonuglar
elde edilmesini saglamigtir. Gajwani ve Chakraborty’da (2021) 6grencilerin notlarini
dogrudan etkileme olasilig1 en yiiksek olan 6zelliklerin bir alt kiimesini belirlemek
amaciyla farkli algoritmalar1 (DT, LR, NB, boosting, bagging , voiting ve RF )
kullandiklar1 ¢alismalarinda Boosting, voting ve RF en iyi sonuglari verdigi
belirtmislerdir. Delen’de (2010) calismasinda okulu birakma riski olan 6grencilerin
yipranmasina neden olan unsurlari belirlemek amaciyla yaptiklari ¢alismada c¢esitli
algoritmalar (ANN, DT, LR, SVM, RF (Bagging) , Boosted Trees, Information Fusion
(IF) ) kullanmustir. Calisma sonuglari incelendiginde dogruluk oranlarinin en yiiksek
oldugu algoritmalarin 6nem sirasina gore IF iken RF (Bagging) oldugu goriilmektedir.
Ayrica Han vd. (2019) 6grencilerin problem ¢ozme becerilerini, Son vd. (2020) ise
Ogrencinin okuma Dbecerisini etkileyen degiskenlerin belirlenmesi i¢in RF
algoritmasindan yararlanmiglardir. Anand vd. (2021) ise ¢alismalarinda EDM’de,
Ozellik se¢imi olarak Boruta’yi, siniflandirici olarak NB ve DT kullanmuslardir.

Bu ¢aligmada “Tirkiye’deki 6grencilerin okuma becerilerini etkileyen etmenler
nelerdir?” sorusuna odaklanilmistir. Okuma becerisinde yiiksek ve diisiik puan alan
ogrencileri etkileyen 6nemli degiskenleri tespit edip, ilgili egitimcilere ve politika
yapicilara yeni ipuglar1 ve bakis agilart sunabilmek amaglanmigtir. Bu ¢aligmanin ilk
asamasinda okuma becerisini etkileyen degiskenlerin belirlemesi sirasinda RF
temeline dayanan Boruta algoritmasi kullanilmustir. Tkinci adimda ise belirlenen bu
degiskenleri olusturan sorular kullanilarak yine Boruta algoritmasi ile 6n plana ¢ikan
sorular belirlenmistir. Petko vd. (2017) PISA anket maddelerinin genel ve 6grenci
beyanlarina dayandirildigt ig¢in bulgularin olast yorumlarmin dikkatlice ele
alimmasindan bahsetmiglerdir. Bu kapsamda ¢alismanin {igiincii asamasinda ise elde
edilen sorular /degiskenlere ait olasilik tablolar1 olusturulmustur. Caligmanin son
kisminda, elde edilen bulgular degerlendirilerek PISA 2018 Tiirkiye 6rnekleminden
elde edilen ciktilar dogrultusunda Ogrencilerin okuma becerilerinde 6ne c¢ikan
degiskenler iizerine tartigilmigtir.

Yontem

Arastirma Modeli

Genis 6lgekli degerlendirmelerde 6grencinin aldig1 puan degil 6rneklemin aldigt
puan dikkate alinmaktadir (Pejic ve Molcer, 2019). Bu puanlar makul degerler
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(plausible values-PVs) olarak ifade edilir. Arikan vd. (2020) genis 6lgekli test (PISA,
PIAAC ve TIMSS ) verilerinin 6rneklem agirliklarimi dikkate alan yontem ve
yazilimlar kullanilmasi gerektiginden, Tat vd. (2019) ise genis 6l¢ekli uygulamalarda
verilerin (6grenci, okul, bolge, iilke, vb.) hiyerarsik bir yapiya sahip olduklari i¢in
makul degerlerin dgrencilerin bireysel puanlarimi temsil etmeyecegini belirtmiglerdir.
Ozkan (2021) ise “PISA makul degerlerinde 6grencilerin bireysel degerleri olarak
kullanilmamas1” gerektigini belirtmig, ancak PISA “kendisi tarafindan belirlenen
diizeyleri kullanilarak tilkedeki 6grencileri PV degerlerini dikkate alarak (cinsiyetler,
okullar, bolgeler bazinda siniflandirdigi) “degerlendirmeler yaptigini ifade etmistir.
Yilmaz vd. (2020) tarafindan hazirlanan PISA ve Tiirkiye (2000 - 2018) raporunda
ise “PISA beceri dlgeginde belirli bir noktaya yerlestirilen bir 6grenci o diizey ve o
diizeyin altindaki gorevleri yerine getirebilir” ifadesini kullanmislardir. Ogrencilere
ait PV degerlerinin bireysel olarak kullanilamayacagi ancak bu degerlere dayanarak
belli bir diizeyde yer almalar1 durumunda degerlendirmeye tabi tutulduklar1 PISA
raporlarinda karsimiza ¢ikmaktadir. PISA’nin performans yordayici ¢alismalarinda
ogrencilere ait dogrudan kullanilabilecek net bir basari puani olmadigt i¢in EDM
calismalarinda 6grenci hakkinda genel bir bilgiyi temsil etmesi bakimindan bu tiir
caligmalarda makul degerler kullanilmaktadir (Bezek Giire vd., 2020; Depren ve
Depren, 2021; Dong ve Hu, 2019; Gamazo ve Martinez-Abad, 2020; Koyuncu ve
Gelbal, 2020; Ozkan, 2021; Pejic ve Stanic Molcer, 2018; Son vd., 2020). Bu ¢alisma
bir siniflandirma temelli olmasindan dolayr yine direk 6grencinin bireysel puani
iizerine odaklanarak analizler yapilmadigi, 6grencinin temsil ettigi sif dikkate
alinarak degerlendirildiginden dolay1 dgrencilere ait PV degerleri kullanilmasi uygun
bulunmustur.

Veri Toplama Araclari

Bu aragtirmada veri toplama araci olarak, PISA 2018 Tiirkiye 6rneklemine ait
Ogrenci anketinden(OECD 2019c) yaranilmis nicel iligkisel bir ¢alismadir.
Ogrencilerin okuma beceri testinden alman puanlar (PV1-PV10) literatiirde bazi
caligmalarda (Bezek Giire vd. 2020; Dong ve Hu 2019; Lee 2018; Pejic ve Stanic
Molcer 2018) ve PISA’nin sonug raporlarinda kullandigi gibi ortalamalar1 alinmugtar.
Erisime agik bir veri seti olmasindan dolay1 verilerin kullanimi i¢in 6zel izin talep
edilmemistir.

Etik Kurul Onay1

Calismada OECD (2019b) tarafindan tiim aragtirmacilarin kullanimina sunulan
veri seti kullanilmigtir. Bu nedenle ¢alisma igin herhangi bir etik bildirime ihtiyag
duyulmamustir.

Verilerin analizi
Oznitelik secimi (Feature Selection)

Oznitelik se¢imi (FS), oriintii tanimada yaygin olarak kullanilan bir tekniktir.
Verinin i¢inde bulunan hatali (giiriiltiilii) ve gereksiz ozelliklerin (degiskenlerin)
cikarilmasi ile verinin daha anlagilabilir olmasini1 (Venkata ve Lingamgunta, 2020;
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Yan ve Zhang, 2015) saglayarak veri depolama gereksinimlerini, egitim ve uygulama
slirelerinin azalmasini (Guyon ve Elisseef, 2003), algoritmalarn hizini artirmay1 ve
tahmin dogrulugu i¢in performans iyilestirmeyi saglar (Guyon ve Elisseeff, 2006).

Rastgele Ormanlar (Random Forest)

Parametrik olmayan istatistiksel yontemler arasinda yerini alan RF algoritmasi,
Breiman (2001) tarafindan gelistirilmistir. RF algoritmasi, siniflandirma, 6znitelik
secimi ve regresyon konularinda kullanilabilmektedir (Lahouar ve Slama, 2015).
Topluluk grenme yontemi olan RF, bir dizi karar agaclarinin birlesmesi ile daha iyi
bir performansa sahip daha biiyiik bir aga¢ olusturarak (Unpingco 2019) kiimeleme
ve bootstrap fikirlerini birlestiren; regresyon ve siniflama problemlerinde kullanilan
giiclii bir yontemdir (Bezek Giire vd., 2020).

Boruta Algoritmasi

RF smiflandirma algoritmasi etrafinda olusturulmus bir sarmalayici yontemdir
(Ahmed vd., 2021; Kursa ve Rudnicki, 2010). Bu algoritma genellikle veri kiimesini
cogaltarak veri setini genisletir ve rastgele ormandan elde ettigi Z-skorunu kullanir
(Iman ve Ahmad, 2020). Golge Oznitelikler arasindan en yiiksek Z-skoru hangi
Ozniteliklerin dnemli/6nemsiz oldugunun belirlenmesinde referans olarak kullanilir
(Kursa ve Rudnicki, 2010). Referansin tizerindeki 6znitelikler 6nemli, diisiik olanlar
onemsiz olarak kabul edilir. Onemsiz degiskenlerin ¢ikarilmast ile analiz tekrar edilir.
Sonugta 6nemli 6znitelikler kalana kadar analiz tekrarlanir.

EDM kapsaminda smiflandirma temelli ¢aligmalarda farki 6zellikler dikkate
alinarak siniflarmalar yapilmaktadir. Asif vd. (2017) 6grenci performanslari bagarili
ve basarisiz gruplara ayirirken Kasap vd. (2021) ise 6 diizeye ayrilan PISA okuma
beceri puanlarinin ilk G¢ diizeyini diisiik, diger ii¢ diizeyini ise yiiksek olarak
kodlamigtir. Emdadi ve Eslahchi (2021) ve Xu vd. (2019) ¢alismalarinda bagiml
degiskenin medyan degerini baz alarak siniflandirma yapmuslardir. ilk olarak 6890
Ogrencinin  okuma becerileri puan (PV1-PV10) ortalamalari (Mpvreab)
hesaplanmistir. Aritmetik ortalamanin duyarli bir ortalamasindan dolayr ¢aligmanin
daha kolay ifade edilmesini ve siniflandirma performansini artirmak amaciyla bagimli
degisken olan Mpyreap Asif vd. (2017), Mahajan ve Saini (2020), Son vd. (2020) ve
Han vd. (2020) caligmalarinda kullandiklari gibi siniflandirilmasina karar verilmistir.
Mpvreap’ in medyan degeri (Medpvreap =468) hesaplanarak medyan degerinin altinda
kalan sonuglara 1(diisiik), medyan degerine esit ve iizerinde deger alan ortalamalar ise
2 (yiiksek) olacak sekilde yeniden kodlanmistir (PVREAD).

PISA, testlerde kullandiklar1 degiskenleri; basit indisler, 6lgek indisleri ve trend
Olgegi indisleri olmak iizere ili¢ baslik altinda toplamgtir. Basit indisler, aritmetik
doniisiim ve yeniden kodlanarak elde edilmistir. Olgek indisleri ise birden fazla
maddenin 6l¢eklendirilmesi ile elde edilen parametrelerden olusturulmustur (OECD
2019b). Caligmada kullanilan indislere Tablo 1’de yer verilmistir.
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Tablo 1.

Calismada Kullanilan Indis Listesi
Ogrenci Indisleri
ADAPTIVITY, AGE, ATTIMM, ATTLNACT, AWACOM, BEINGBULLIED, BELONG,
BFMJ2,BMMJ1, BSMJ, COBN_F, COBN_M, COBN_S, COGFLEX, COMPETE,
CULTPOSS, DIRINS, DISCLIMA, DISCRIM, DURECEC, EMOSUPS, ESCS, EUDMO,
FISCED, FISCED_D, GCAWARE, GCSELFEFF, GFOFAIL, GLOBMIND, GRADE,
HEDRES, HISCED, HISCED_D, HISEI, HOMEPQS, , ICTRES, IMMIG, INTCULT,
ISCED, ISCEDD, ISCEDL, ISCEDO, JOYREAD, LANGN, LMINS, MASTGOAL,
METASPAM, METASUM, MISCED, MISCED_D, MMINS, PARED, PAREDINT,
PERCOMP, PERCOOP, PERFEED, PERSPECT, PISADIFF, REPEAT, RESILIENCE,
RESPECT, SCREADCOMP, SCREADDIFF, ,SMINS, ,STIMREAD, STRATUM, SWBP,
TEACHINT, TEACHSUP, TMINS, UNDREM, WEALTH, WORKMAST

BIT indisleri

ICTHOME, ICTSCH, ENTUSE, USESCH, AUTICT, INTICT, COMPICT, SOIAICT,
ICTOUTSIDE, ICTCLASS, HOMESCH

Veri setindeki yiiksek miktarda eksik veya tanimsiz bilgiler igeren indisler
silinmis (ATTIMMP, BODYIMA, CHANGE, CNTSCHID, CNTSTUID, CURSUPP,
EMOSUPP, EFFORT1, EFFORT2, EMOSUPS, FCFMLRTY, FLCONFIN, FLCONICT,
FLFAMILY, FLSCHOOL, GCAWAREP, INFOCAR, INFOJOB1, INFOJOB2, INTCULTP,
JOYREADP, LANGFATHER, LANGFRIEND, LANGMOTHER, LANGSCHMATES,
LANGSIBLINGS, LANGTEST_COG, LANGTEST_PAQ, LANGTEST_QQQ, OCOD1,
OCOD2, OCOD3, OECD, PASCHPOL, PQSCHOOL, PRESUPP, PROGN, SCCHANGE,
SOCONPA, STUBMI, SUBNATIO) ,Cinsiyet (Gender) degiskeni de dahil edilerek, biri
bagimli (PVREAD) olmak iizere toplamda 86 degisken analize dahil edilmistir.
Belirlenen bu 86 degisken icinde eksik veriler i¢in interpolasyon yontemi ve analiz
icin R programina ait randomForest (Liaw ve Wiener, 2018) ve Boruta (Kursa 2020)
paketleri kullanilmistir. Tablo 1°de bu ¢alismanin 1.asamasinda kullanilan 84 indis
ismine yer verilmistir. Her iki asamada da Z doniisiim (meanlmp) degerleri dikkate
alinarak degerlendirme yapilmistir. Uygulamanin ilk asamasinda 100 agag ve
accuracy (dogruluk) degeri 69,7 ile okuma becerilerini (PVREAD) etkileyen indisler
icinden belirgin 27 degisken (indis) elde edilmistir.

Calismanin 2. asamasinda, 27 indise ait sorular belirlenmis ve analize dahil
edilmistir. BSMJ (Mesleki Beklenti) indisine ait sorular elde edilemediginden, analize
ilave olarak bu indiste eklenmistir. Belirlenen 159 degisken i¢inden analiz sonuglari
sonunda 100 agag ve accuracy degeri 67,2 ile 52 degiskenin (sorunun) 6n plana ¢iktig
gorilmiistiir.
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Bulgular

Uygulamanin ilk agamasinda okuma becerilerini etkileyecegi diigiiniilen 85
degiskene ait ilk analiz sonuglar1 Sekil 1°de goriildiigii gibidir. Mavi kutu grafikleri,
bir golge Ozniteliginin minimum, ortalama ve maksimum Z puanina karsilik gelir.
Kirmizi, sart ve yesil kutu grafikleri sirasityla reddedilen, belirsiz ve onaylanan
niteliklerin Z puanlarim temsil etmektedir. Onemsiz ve belirsiz degiskenlerin
¢ikarilmasi ile analiz tekrarlanmis ve ¢alismada kullanilacak 27 degisken (indis) elde
edilmistir ve bu degiskenler Tablo 2’de 6nem siralarina gore listelenmistir.

Tablo 2.
Okuma Becerisinde On Plana Cikan Indisler
meanim
indisler meanim i, dister mei)”'m indisler b
1.METASPA 19.SCREADDIF
W 4777 0 HOMEPOS 2603 ¢ 17,24
2.PISADIFF 3315  11.SMINS 2430  20.GCAWARE 17,23
12.GCSELFEF

3.METASUM 072 ¢ 2426 51 Bsmy 17,16
4.ESCS 30,56 13.ICTHOME 20,62 22.COMPICT 16,94
5.USESCH 2746  14.STRATUM 19,38  23.JOYREAD 14,28
6.ISCEDO 27,33  15.UNDREM 19,29  24.FISCED 13,44
7.INTICT 26,66  16.WEALTH 18,35  25.TMINS 13,33
8.ICTRES 2653  17.ENTUSE 1797  26.GLOBMIND 10,35
9.AWACOM 2604 18.HOMESCH 17,65  27.MISCED 8,43

Tablo 2 incelendiginde, indislerin BIT kaynaklarma ulasim ve kullanimi
(USESCH, ENTUSE, HOMESCH, ICTHOME), BiT’e ilgi ve algilanan yeterlilik
(INTICT, COMPICT), beklenen mesleki statii (BSMJ), ekonomik sosyal kiiltiirel
diizey (ESCS, HOMEPOS, ICTRES, WEALTH, FISCED, MISCED), egitime ayrilan
siire (SMINS, TMINS), iistbilis (METASPAM, METASUM, UNDREM), okumaya
yonelik tutumlar (JOYRED, PISADIFF, SCREADDIFF), diinya ve diger kiiltiirlere
duyulan merak (GLOBMIND, AWACOM, GCSELFEFF, GCAWARE) ve
6grencinin okudugu okul tiiri ( STRATUM, ISCEDO ) olmak {izere 9 baglik altinda
gruplandigi goriilmiistir.

Caligmanin 2. agsamasinda 9 baslik altinda gruplanan indislere ait 159 sorunun
analizi sonucunda (Sekil 2) elde edilen 6nemsiz degiskenler ¢ikarilmig elde kalan 52
soru Tablo 3’te indis isimleri ve dnem siralarina gore verilmistir. One ¢ikan indislerin
(STRATUM hari¢) okuma beceri puan ortalamalari (Mpvreap) ile arasinda
istatistiksel olarak anlamli iligkiler oldugu (Tablo 4) en yiiksek iligkilerin 1.asamada
on plana ¢ikan indislerden (Tablo 2) METASPAM, METASUM ve PISADIFF
oldugu tespit edilmistir.
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Sekil 1.
Birinci Asama Analiz Sonuclart
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Tablo 3.
Okuma Becerisinde On Plana Cikan Sorular Ve Indisleri
Degisken Indis ismi meanimp  Degisken Indis ismi meanimp
ST013Q01 HOMEPQOS 31,19 ST011Q07 HOMEPQOS 13,60
ST166Q03 METASPAM 29,63 ST007Q01 FISCED 13,48
ST166Q02 METASPAM 24,18 1C008Q04 ENTUSE 13,36
ST059Q03  SMINS 23,60 1C010Q04  HOMESCH 13,29
1C008Q08 ENTUSE 22,74 1C001Q06 ICTHOME 13,13
ST163Q02 PISADIFF 22,40 ST164Q05 UNDREM 11,94
ST002Q01 STRATUM 22,24 1C008Q07 ENTUSE 11,80
1C011Q05 USESCH 22,13 1C008Q09 ENTUSE 11,68
BSMJ BSMJ 18,29 ST166Q04 METASPAM 11,65
ST060Q01  TMINS 18,14 ST165Q02 METASUM 11,60
ST166Q05 METASPAM 18,07 ST160Q04  JOYREAD 11,38
1C001Q10 ICTHOME 18,04 1C010Q07 HOMESCH 11,00
ST196Q04  GCSELFEFF 18,04 1C013Q01 INTICT 10,90
1C008Q05 ENTUSE 17,54 1C013Q13 INTICT 10,87
ST012Q05 HOMEPQOS 17,39 ST163Q04 PISADIFF 10,33
1C014Q06 COMPICT 17,27 ST005Q01 MISCED 9,93
1C013Q04 INTICT 17,13 ST161Q08 SCREADDIFF 8,24
ST197Q01 GCAWARE 17,03 ST161Q07 SCREADDIFF 7,94
1C011Q09 USESCH 16,80 ST166Q01 METASPAM 7,24
1C011Q06 USESCH 16,79 ST164Q04 UNDREM 6,78
ST165Q04 METASUM 16,03 ST164Q01 UNDREM 6,61
1C011Q08 USESCH 15,59 ST165Q03 METASUM 5,43
1C008Q12 ENTUSE 15,28 ST164Q03 UNDREM 5,28
ST165Q05 METASUM 14,90 ST164Q02 UNDREM 4,67

ST163Q03  PISADIFF 14,06 ST165Q01  METASUM 4,48
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ST196Q02  GCSELFEFF 14,03 ST164Q06 UNDREM 2,99

Sekil 2.
Ikinci Asama Analiz Sonuglar

Importance
1
1

—
shacoobien

Tablo 4.
Mpvreap Ve Indis Korelasyon Tablosu
METASPAM METASUM PISADIFF HOMEPQOS UNDREM
MpvREAD 423 371 -,356™" ,337 ,294™
GCSELFEFF BSMJ SCREADDIFF JOYREAD SMINS
MpvrEAD ,269™ ,259™ -,252™" 237 2317
COMPICT FISCED USESCH INTICT GCAWARE
MpvreAD ,206™ ,198™ -,192* ,191™ 187
MISCED ENTUSE ICTHOME HOMESCH TMINS
MpvREAD 187 124™ ,115™ -,064™ ,041™

**_Correlation is significant at the 0.01 level (2-tailed).

Tablo 5.

Okuma Becerilerine Ait Korelasyon Tablosu
MpvmATH Mpvsci

MpvREAD 872" ,922™

MpVMATH 1 ,918™

**_Correlation is significant at the 0.01 level (2-tailed).

Okumaya yonelik tutumlar

1. asamada belirlenen okumaya yonelik tutumlar basliginda yer alan okumay1
sevme (JOYRED), zorluk algist (PISADIFF) ve giigliik algisi (SCREADDIFF)
indislerinin 6grencilerin okuma becerileri lizerine etkili olduklar1 bulunmustur. Bu ii¢
indis arasinda PISADIFF’in 6nem diizeyinin altinct sirada oldugu Tablo 2’de
goriilmiigtir. Ayrica SCREADDIFF ve PISADIFF’in PVREAD’le aralarinda
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istatistiksel olarak anlamli ancak negatif yonlii bir iligki oldugu tespit edilmistir (Tablo
4).

Ustbilis

Ogrencilerin okumayla ilgili biligsel durumlarini degerlendirmek iizere Anlamak
ve hatirlamak (UNDREM), Ozetlemek (METASUM) ve Giivenilirligi

degerlendirmek (METASPAM) indislerinin PVREAD ile aralarinda istatistiksel
olarak anlamli iligkiler oldugu tespit edilmistir (Tablo 4).

Okuma becerisine gore siiflandirilmada METASPAM ve METASUM o6ncelik
siralamasinda  6ne ¢ikan indisler arasindadir (Tablo 2). Analiz sonuglarina
bakildiginda okuma stratejilerinin (METASPAM, METASUM ve UNDREM) okuma
becerilerinin siniflandirilmasinda 6énemli bir rol oynadiklari dogrulanmistir.

Egitime ayrilan siire

Ogrencilerin fen bilimleri (SMINS) ve toplam derslere (TMINS) ait aldiklari
haftalik ders saatlerinin okuma becerisi iizerinde istatistiksel olarak anlamli bir
iliskiye sahip oldugu goriilmekle birlikte (Tablo 4) TMINS’e ait korelasyon (r=0.041)
degerinin neredeyse sifir oldugu tespit edilmistir.

Okuma becerisi ile fen bilgisi arasindaki iliskiyi gézlemleyebilmek amaciyla,
okuma (MPVREAD) , matematik (MPVMATH) ve fen bilgisi (MPVSCI) beceri
puan ortalamalari arasindaki iligkiler incelenmistir (Tablo 5). En yiiksek korelasyon
degerinin okuma becerisi (MPVREAD) ortalamasi ile fen bilgisi beceri ortalamasi
arasinda ( 0.92) oldugu tespit edilmistir.

Diinya ve diger kiiltiirler hakkinda bilgi

Calismanin 1.asamasinda diinya ve diger kiiltiirlere duyulan merak bagligi
altinda (GLOBMIND, AWACOM, GCSELFEFF, GCAWARE) dért indisin 6n plana
ciktig1 goriilmektedir (Tablo 2). Ancak ¢aligmanin 2. agsamasinda bu indisler iginde
sadece iki tanesi 6n plana ¢ikabilmistir. GCSELFEFF, bir 6grencinin kiiresel konulari
aciklamaya veya tartigmaya iligskin 6z yeterliligini ele alirken, GCAWARE ise bir
Ogrencinin kiiresel sorunlara iliskin farkindaligini sorgular. Bu iki indisinde
ogrencilerin okuma becerileri ile pozitif yonde anlamli iligkiye sahip olduklar1 tespit
edilmistir (Tablo 3) .

Ekonomik-Sosyal-Kiiltiirel Diizey

Calisgmanin 1.asamasinda ekonomik-sosyal-kiiltiirel diizey baghigi altinda
(ESCS, HOMEPOS, ICTRES, WEALTH) dort indis belirlenmistir (Tablo 2). ESCS
ii¢ indisten olusan bilesik bir puandir. Ebeveyn mesleki durumu (HISEI), ebeveyn
egitimi (PAREDINT) ve ev halkina ait ev esyalar1 (HOMEPOS) endekslerinden
olusur. HOMEPOS indisi, 6grencilerin evlerinde bulunan esyalarini, evdeki mevcut
kitap sayis1 da dahil olmak iizere zenginlik (WEALTH), kiiltiirel varliklar
(CULPOSS) ve evde egitim kaynaklar1 (HEDRES) indekslerinden elde edilir.
ICTRES indisi ise, sahip olunan BIT kaynaklarindan olusturulmustur.
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Caligmanin 2. asamasinda bu indisler iginde HOMEPOS, FISCED ve MISCED
olmak iizere bu ii¢ indisi temsil eden sorular 6n plana ¢ikmistir. FISCED ve MISCED
indisleri PAREDINT indisinin ebeveynlere ait olan bilgilerini igermektedir. Ayrica
bu ¢ indis ile okuma becerisi arasinda istatistiksel olarak anlamli iligkiler tespit
edilmistir (Tablo 4).

BIT kaynaklarina ulasim ve kullanim

Tablo 2’de BIT kaynaklarina ulasim ve kullamm bash@ altinda yer alan
USESCH okulda kullanilan, ENTUSE okul dis1 etkinliklerde kullanilan, HOMESCH
ise okul disinda 6devlerde kullanilan dijital cihaz kullanim sikligimi temsil eder.
ICTHOME ise evde kullanilan BIT cihazlarindan elde edilmis indislerdir.

Caligsmanin 2. asamasinda yine bu dort indisi temsil eden sorular 6n plana ¢ikmis
(Tablo 3), okuma becerilerinin simiflandirilmasinda 6nemli bir rol oynadiklari
dogrulanmistir. Ayrica bu dort indis ile okuma becerisi arasinda istatistiksel olarak
anlaml iliskiler tespit edilmistir (Tablo 4). Ancak USESCH ve HOMESCH
indislerinin PVREAD ile istatistiksel olarak anlamli ve negatif bir iliskiye sahip iken,
HOMESCH korelasyon degerinin (r=-0.064) ¢ok diisiik oldugu gozlenmistir.

BiT’e ilgi ve algilanan yeterlilik

Tablo 2°de BiT e ilgi ve algilanan yeterlilik baglig: altinda toplanan (INTICT,
COMPICT) iki indis, ¢alismanin 2. asamasinda 6nemlerini korumusglardir. Bu iki
indiste dgrencilerin dijital medya ve dijital cihazlara olan ilgilerini (INTICT) ve
ogrencilerin kendilerini ne kadar yeterli (COMPICT) bulduklarini degerlendirmeye
caligmaktadir. Her iki indisinde okuma beceri ortalamalar1 ile pozitif ve istatistiksel
olarak anlamli iligkiye sahip oldugu tespit edilmistir (Tablo 4) .

Mesleki Beklenti

Caligmanin iki asamasinda da kullanilan BSMJ indisi, Uluslararasi Calisma
Orgiitii (ILO)’nun yapmis oldugu simflandirma yapisina gére otuz yaslarinda
ogrencilerin kendilerini hangi iste ¢alisiyor olduklarini umduklar: sorularina verilen
yanitlarin diizenlenmis halidir. Alinan yiiksek puanlar &grencinin beklentisinin
yiiksek mesleki statii hedefledigini gostermektedir (OECD 2020). BSMJ ile okuma
becerisi arasinda pozitif yonde istatistiksel olarak anlami bir iliski tespit edilmistir
(Tablo 4).

OKul tiirii

Ogrencilerin okuduklar1 okul tiirii ya da bilgisi indisi olarak tanimlanan
STRATUM, ¢aligmanin iki asamasinda da énemlilik arz etmistir (Tablo 2, Tablo 3).
Ogrencilerin gittigi okul tiirlerine gore yeniden diizenlendikten sonra okuma beceri
puanlarina gore siniflandirilmistir. Olasiliklar dikkate alinarak hazirlanan Sekil 3
agagidaki gibi elde edilmistir. Okuma becerisi yiiksek 6grencilerin Anadolu Lisesi,
Fen ve Sosyal Bilimler Lisesindeki dgrenciler oldugu tespit edilmistir.
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Sekil 3.
Okul Tiirlerinin Okuma Beceri Durumlari

Sosyal Bilimier Lisesi-

OkulTury

Otasilk

Tartisma, Sonuc ve Oneriler

Francis Bacon’un 1597 tarihinde yazdigi “bilginin kendisi giigtiir” sozii
giniimiizde teknolojinin hizla ilerledigi bu ¢agda daha belirgin olarak
hissedilmektedir. Okuma, bilgiyi besleyen unsurlarin baginda gelir. Okuma becerisi
bu yiizy1lin hizina yetisebilmemiz i¢in eskisinden de 6nemli bir yere sahiptir. Bugiinii
modern ve karmasik olarak tanimlayan Fabunmi ve Folorunso’a (2010) gére daha iyi
yasamak ve basarili olabilmek i¢in okuma becerilerine ihtiya¢ duymaktayiz.
Nzeyimana ve Bazimaziki’e (2020) gore gilinimiiz diinyasinda teknolojinin hizli
ilerlemesi sonucunda temelsiz bilgilere giivenmek ve tam olarak bilgilenmemekle
sonuglanacak basarisiz okuma becerileri ile baga ¢ikabilmek i¢in yeni stratejilerin
belirlenmesi gerekmektedir.

Bireyin TUstbilis stratejilerini etkin sekilde kullanmasinin, &grenme kalitesi
iizerinde 6nemli bir etkisi oldugu kabul edilir (Arslan 2020). Ustbilis farkindalig1 olan
Ogrenciler hangi stratejileri nerede ve ne zaman kullanacaklarini bilirler (Firat ve
Koyuncu, 2020). Ustbilis indislerinin okuma becerilerinde etkili oldugu Depren ve
Depren (2021); Firat ve Koyuncu (2021) ve Son vd. (2020) ¢alismasinda oldugu gibi
bizim ¢alismamiz tarafindan da desteklenmistir.

Dijital diinyanin hizli yiikselisi kullanicilarin  daha dikkatli okumalar
yapmalarimt zorunlu hale getirmistir. UNESCO’da (2013) ifade ettigi gibi
okuryazarlik tanimi artik yasam becerilerinden olugmaktadir. Bugiin diinyanin birgok
yerinde dijital okuma becerisi, bireyin hedeflerine ulasma ve topluma katilma
becerisinin anahtar1 (OECD 2016) olarak goriilmektedir. Teknolojinin ¢ok hizli
ilerlemesi ile 6grencilerin karsilagacaklar1 sorunlarla basa ¢ikabilmeleri icin egitim

PVREAD
| Em
B vuisex
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sistemlerinin bu degisimleri dogrudan simif egitimlerine taginmasi (Henry 2006;
Keskin 2014), ogrencilerin dijital okuma beceri egitimleri ile desteklenmesi
gerekmektedir.

Giliniimiizde teknoloji ve internetin bizlere sundugu sinirsiz bilgiye erisimin
sonunda hala aragtirma konular1 hakkinda bir fikir sahibi olmamak, yetersiz dijital
medya okuryazarligina isaret edebilir (OECD 2018). Kiiresel yeterligi gelismis
ogrencilerin disiplinlere ( Fen, Edebiyat, Matematik, Biyoloji, Tarih vb.) kiiresel bir
bakis acis1 gelistirmesi, derinlemesine 6grenmesi ve egitim hayatlarinda daha bagaril
olmalarini saglayabilir (Tedmem 2019). Ayrica hem diisiik kiiresel yeterlige sahip
gen¢ kusagin, tarafli ve sahte haberler tarafindan kandirilabilecekleri disiiniilebilir
(OECD 2018). Bu kapsamda okul yoneticileri ve 6gretmenlerin kiiresel yeterliligi
gelistirmek adma Ogrencilerin dijital olanaklar1 daha anlamli ve iiretken sekilde
kullanmalar1 saglanmali, istbilis stratejileri ile desteklenmeleri, amaglanan
stirdiiriilebilirlik ve kolektif refah fikirlerine bir adim daha yaklasilmasina olanak
saglayacag diisiiniilebilir. Okuma becerisi ile kiiresel yeterlilik arasindaki iliskiyi
6lgebilmenin miimkiin olacagini ifade eden OECD’nin (2018)goriisii ¢alismamizla
paralellik gostermigtir. Kiiltiirel birikim ve kiiresel sorunlara karsi ilgisi olan
ogrencilerin okuma becerilerinin yiiksek oldugu belirlenmistir.

Oriogu vd. (2017) ¢alismalarinda 6grencilerin okuma aligkanhigini engelleyen
en onemli faktoriin sosyal medya (Facebook, Whatsapp, Twitter vb.) oldugunu ifade
etmistir. UNESCO (West ve Chew, 2014) raporuna gére gelismekte olan bes tilkenin
ticte ikisi, okumalarimi telefonlarindan yapmaktadir (OECD, 2016; West ve Chew,
2014). Yine aym rapora gore mobil okuyucular olarak tanimlanan bu Kkisilerin
¢ogunun geng ve normale gore daha fazla egitimli olduklar: ifade edilmistir. Okuma
aligkanliginin  gekil degistirdigi giiniimiizde e-okumalarin avantajlar1 gengleri
elektronik igeriklere yonlendirmektedir (Mushtaq vd., 2020). Adeyokun vd. (2020)
ortaokul 6grencileri lizerine yaptiklari ¢alismada akilli telefonlar, diziistii bilgisayarlar
araciligi ile internet iizerinden yapilan okumalarin dgrencilerin okuma aligkanliklarimi
olumlu yo6nde etkiledigini ifade etmislerdir. Srijamdee ve Pholphirul( 2020) ve
Vazquez-Cano vd. (2020) egitimleri sirasinda BIT kullanan 6grencilerin olumlu
etkilere sahip olduklarini, ancak egitim dis1 aktivitelerde BIT kullaniminin akademik
basarilar iizerinde bir etkisinin olmadig: ifade etmigler. Petko vd. (2017) ise evde
dijital eglence amagl, Xiao vd. (2019) ise sosyal etkilesim icin BIT kullanan
ogrencilerin akademik basarilar1 ile arasinda negatif bir iliski oldugunu
belirtmislerdir. Gubbels vd.( 2020) ve Xiao vd. (2019) BIT kullanimu ile 6grenci
bagarilar arasindaki iliskinin ters U seklinde oldugu, asir1 kullaniminin pozitif olan
etkiyi tersine gevirebilecegini belirtmislerdir. Ogrencilerin internette fazla zaman
gecirmelerinden ¢ok, zamani nasil gegirdikleri daha onemlidir. Henry’nin (2006)
ifade ettigi gibi dgrencilerin hayata hazirlanmalar i¢in dgretmenlerinin siniflarinda
gelisen yeni okuryazarliklari anlamalart ve ¢6ziim yollar1 ararken ogrencileri
internetten uzaklastirmamalar1 gerekmektedir. Ayrica Ogrencilerin teknolojinin
elestirel ve nitelikli kullanimi konusunda bilgilendirilmeleri, yaslarina uygun olmayan
iceriklere kars1 kaginma stratejileri 6gretilmelidir (Vazquez-Cano vd. 2020). Lee ve
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Wu (2012), 6grencilerin BIT algilari ile akademik performanslari, BIT tutumlari ile
ogrencilerin okuma performanslar1 (Ertem, 2021; Petko vd., 2017) arasinda pozitif
ilikiler tespit etmislerdir. Benzer sekilde Hu vd. *de (2018) BIT e ilgi ve yeterlilik
bildiren, Srijamdee ve Pholphirul (2020) ise BiT’e karsi deneyim ve asina olan
ogrencilerin okuma, fen ve matematik alanlarinda yiiksek performansa sahip
olduklarini ifade etmislerdir. Bizim sonuclarimiz da literatiirle uyumludur. BiT’e
kars1 ilgi ve yeterlilik bildiren 6grenciler yiiksek okuma beceri puanlarina sahiptir.
Teknolojinin hizla ilerledigi bu donemde, evlerimizde kullanmaya bagladigimiz akilli
cihazlar1 da diisiinecek olursak, égrencilerin BIT lere yatkinliklarinin artirilmasi ve
kendilerini bu konuda yeterli hissettirilmeleri nem arz etmektedir.

Ogrencilerin kariyer beklentileri, gelecekteki istihdam firsatlar1 ile egitim
planlarmin uyumlu olup olmadiginin ortaya konmasi agisindan 6nemlidir (Sikora ve
Pokropek, 2006). Consulting ve Trust (2013) komisyon toplantisinda, 18-24 yasindaki
geng neslin tam zamanli egitim ve istihdamda olmadiklarini, bu geng issizligin diisiik
okuryazarlikla iliskili oldugunu belirtmislerdir. Genglerin gelecek taleplerini
yiikselterek okuryazarligini artirmasina odaklanilmasi gerektigi, bunun iginde 11-14
yas grubunun 6zel odak noktasi olarak belirlenmesi, gergekei istihdam taleplerini
olusturabilmeleri i¢in 6zellikle orta 6gretimin ilk yillarinda desteklenmeleri gerektigi
ifade edilmistir. Gamazo ve Martinez-Abad (2020) calismalarinda belirttikleri gibi
beklenen mesleki statii Ogrencilerin performansini artiran bir unsurdur. Bizim
calismamizda da mesleki beklentisi yiiksek olan Ogrencilerin okuma beceri
puanlarmin yiiksek oldugunu tespit edilmistir.

Okuma becerisini etkiyen degiskenler arasinda okul tiirti de (Celik ve Yurdakul,
2020; Ertem, 2021; Firat ve Koyuncu, 2020; OECD, 2019a) énemli etkenlerden biri
olarak karsimiza ¢itkmistir. Egitim uygulamalar1 ve miifredatlar 6grencinin akademik
basarisina katkida bulunabilir (Flores-Mendoza vd., 2021). Suna vd. (2020) okullar
arasi ve okul i¢i basari performanslarinin Tiirkiye’nin uzun zamandir tartigilan
konularindan biri oldugunu, bu farkliligin ortadgretimde baslayip artarak devam
ettigini ifade etmistir. Okuma becerisi bakimindan daha 6nce yapilan PISA sonuglari
icinde de en yiiksek puan ortalamasi yine fen liselerine aittir (Yilmaz vd., 2020). Okul
tiirleri arasindaki farkliligi azaltmak icin politika yapicilar ve egitimciler tarafindan
diigiik bagar1 gosteren okul tiirlerinin desteklenmesi (Suna vd., 2020) ve
miifredatlarinin tekrar gozden gecirilmesi uygun olacaktir.

Ebeveynlerin sosyoekonomik ge¢misi Ogrencinin akademik performansini
etkileyen onemli faktorler arasinda kabul edilmektedir (Firat ve Koyuncu, 2020;
Geske ve Ozola, 2008; Hu vd., 2021).PISA 2018’de Son vd. (2020) Koreli
Ogrencilerin sosyoekonomik gostergeleri diisiik olan Ogrencilerin okuma beceri
puanlarinin diisiik oldugu tespit etmistir. Chung vd. (2021) Finlandiya ve Koreli
ogrencilerde sosyoekonomik gostergeler ile okuma becerileri arasinda olumlu yonde
bir etki bulurken Suna vd. de (2019) Tiirkiye 6rnekleminin olumlu yonde ve diisiik
etkiye sahip oldugunu ifade etmistir. Bu sonuglar bizim bulgularimizla da
ortiismektedir.
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Aile, hayatin her boliimiinde g¢ocuklar igin dnemli bir unsurdur. Bir ebeveynin
egitimi beraberinde ebeveyn meslegini ve ebeveyn gelirini etkilemektedir. Ebeveyn
egitimi 6grencinin okuma becerisinde 6nemli bir unsurdur (Geske ve Ozola 2008; Le
vd. 2019; Rojas-Torres vd. 2021; Son vd. 2020; Vazquez-Cano, De la Calle-Cabrera,
vd. 2020). Bu ¢alismanin sonuglarina gore de ebeveynin egitimi 6nemli bir degisken
olarak belirlenmisgtir.

Dong ve Hu (2019) ¢alismalarinda okuma becerisini etkileyen indislerden biri
olarak o6grencilerin test diline (LMINS) ayrilan siireyi belirlemis olmakla birlikte,
bizim ¢alismamizda fen bilimleri ve toplam olarak haftalik alinan ders siireleri 6n
plana ¢ikmistir. Nadaf vd. (2021) ¢alismalarinda diger ders siirelerini analizden
cikardiktan sonra toplam 6grenme siiresinin (TMINS) 6grencinin biligsel basarisina
katkida bulunan en 6nemli &6zellik oldugunu tespit etmislerdir. Egitim siiresinin
haftada 35 saatten fazla olmasi durumunda sonuglar iizerinde daha az olumlu ve hatta
olumsuz etkiye sahip oldugunu belirtmislerdir. Chung vd. (2021) c¢aligmalarinda
Koreli dgrencilerde TMINS 6nemli bir degisken olurken, Finlandiyali 6grencilerde
ogrenme stirelerinde etkinlik alt-basliklarinin (bos zaman, kendi basina okuma siiresi
vb) 6ne ¢iktigini belirtmiglerdir. Depren ve Depren (2021) Tiirkiye’deki 6grencilerin
fen konularina harcadiklari zamanin okuma becerisi {izerinde istatistiksel olarak
anlaml bir etkisi oldugunu belirtmistir. Bu ¢aliygmada da okuma becerisi ile fen
okuryazarlig1 arasinda istatistiksel olarak pozitif ve yiiksek bir iligki tespit edilmistir.

Aligilagelen egitim sistemlerinin yiiz ylize yapildigi siniflardan, giiniimiiziin
teknolojik gelismeleriyle ¢evrimigi kurslar, videolarla baglayan egitimleri 6zellikle
2020 yilinda baslayan COVID-19 siireci ile geldigimiz noktada sanal siniflarda egitim
yapmak zorunda kalinmis, BIT ve egitim arasindaki iliski zorunluluklardan dolay: da
olsa ¢ok Onemli bir hale gelmistir. Okuma kiltiriniin degistigi bu donemde
Ogrencilere ait okuma becerilerini artirabilmek amaciyla Ggrencilerin internette
karsilagabilecekleri olumsuz durumlara karsi kendilerini koruyabilmeleri igin iistbilis
stratejilerinin ve BIT okuryazarhigmin iizerinde durulmasi gerekmektedir. Politika
yapicilar ve egitimcilerin hizla gelismekte olan teknolojiye ayak uydurabilen geng
neslini nitelikli bir hale getirebilmesi i¢in &grencilerin internete, dijital cihazlara
erigimini artirmali ve kullanmasini 6gretmelidir. Okullar arasi farklilig1 gidermenin
yollarii aramalidir. Degisim gdsteren okuma aligkanligina karsi durmak yerine
degisime ayak uydurulmali sesli kitap, podcast ve egitici videolar gibi 6grencileri
besleyecek teknolojik araglar kullamilmali ve cazip hale getirilmelidir. Ayrica bu
calismada yer verilmeyen cinsiyetler ve okul tiirleri dikkate alinarak yapilacak yeni
caligmalar okuma becerisinde 6n plana ¢ikan degiskenlerin incelenmesi de politika
yapicilar ve egitimciler i¢in yararli bulgular saglayacag diisiiniilmektedir.
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Annex:

Table Annex 1.

Some literature studies on reading skills within the scope of PISA data

Researchers Year Research Topics Samples
Torppa et al. PISA The effect of gender on reading Finland
(2018) 2009, skills
2012
Xiao et al. (2019) PISA  The effect of ICT on reading skills Singapore, New
2015 Zealand,
Avusturalya,
Finland and France
Vazquez-Cano et PISA The impact of unsustainable
al. (2020) 2015 technology use on students'
reading skills
Srijamdee and PISA The impact of ICT familiarity on Thailand
Pholphirul (2020) 2015 reading, science and mathematics
literacy.
Khorramdel et al. PISA The effect of gender on reading
(2020) 2018 skills
Gamazo and PISA Factors affecting student
Martinez-Abad 2018 performance in reading, science
(2020) and mathematics literacy
Anastasiou et al. PISA The relationship between
(2020) 2009, socioeconomic level and special
2010 education and reading, science and
mathematics literacy
Coban (2020) PISA Relationships between reading Turkiye
2018 skills, socioeconomic status,
parental support, student
achievement and school level
variables.
Ozkan (2020) PISA  The impact of socioeconomic level Turkiye
2018 on students' welfare levels and

academic achievement in reading,
science and mathematics literacy.
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Suna et al. (2020)

Son et al. (2020)

Ding and Homer
(2020)

Gubbels vd (2020)

Yurdakul and
Celik (2020)
Vazquez-Cano et
al. (2020)
Firat and Koyuncu

(2021)

Flores-Mendoza et
al. (2021)

Kogar (2021)

Rojas-Torres et al.
(2021)

Ertem (2021)

PISA
2015,
2018

PISA
2018

PISA
2009

PISA
2015

PISA
2015

PISA
2015

PISA
2018

PISA

PISA
2009,
2018

PISA
2018

PISA
2018

Change in reading, science and
mathematics literacy according to
years and school types

Determination of variables that
affect reading skills

The importance of reading
performance in explaining
mathematics performance

The relationship between reading
skillsand ICT

The relationship between students
and schools' reading skills

Reading skills of students from
three countries with different
socioeconomics were examined.

Determination of factors affecting
reading skills

The effect of general intelligence
and socioeconomic level on
reading, science and mathematics
literacy

Examining the effects of gender
and socioeconomic status on
reading skills, with various
variables acting as mediators.

The evaluation of reading skills is
done from the perspective of both
teachers and students.

Factors that affect reading skills
are determined at both the student
and school levels.

Turkiye

Korea

China, Beijing

Holland

Turkiye

Canada, Finland and
Singapore

Turkiye

Latin American
countries
(Argentina, Brazil,
Chile, Colombia and
Peru)

Turkiye

Costa Rica

Turkiye
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Depren and PISA A comparative examination of the Turkiye, China
Depren (2021) 2018 factors affecting reading skills is
conducted.
Park and PISA Examination of the relationship
Ranasinghe 2018 between reading skills and digital
(2021) information services
Chung et al. PISA Examining the relationships Korea, Finland
(2021) 2018 between reading skills and life

satisfaction
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Table Annex 2.

Some studies in the literature on EDM

Researchers Research Topics Datasets Method
The impact of
students' interest in
the course, attitude,
. motivation,
Aksu and Giizeller perception, self- PISA 2.012 Decision Trees (DT)
(2016) . - Turkiye
efficacy, anxiety, and
study discipline on
mathematical
performance.
. - Undergraduate .
Asif et all. (2017) Performance analysis Students DT and Clustering

Biiyiikkidik et al.
(2018)

Muiioz et al. (2018)

Dong and Hu
(2019)

Han et al. (2019)

Martinez-Abad et
al.(2020)

Son et al. (2020)

Adequacy of science
literacy

Determination of
factors associated
with science,
mathematics and

reading performances

Determining the
characteristics that
affect reading skills

Examining students'
problem solving
skills

The effectiveness of
the school on
students

Determination of
variables affecting
reading skills

PISA2015 Turkiye

PISA2015 Spain

PISA 2015
Singapore

PISA 2012

PISA2015 Spain

PISA 2018 Korea

Multilayer
perceptron (MLP),
Logistic Regression

(LR) and Support
Vector Machines
(SVM).

DT

SVM

Random Forests
(RF)

Hierarchical
Modeling and DT

RF
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Koyuncu and
Gelbal (2020)

Bezek Giire et al.
(2020)

Sokkhey et al.
(2020)

Gamazo and
Martinez-Abad
(2020)

Abbasoglu (2020)

Saglam et al. (2020)

Lezhnina and
Kismihok (2021)

Depren and Depren
(2021)

Chung et al. (2021)

Nadaf et al.(2021)

Hu et al. (2021)

Examining
mathematics
performance

Factors affecting
mathematical literacy

Factors affecting
student performance

Factors affecting
student performance
in reading, science
and mathematics
literacy

Prediction of
academic success

Determining
Emotional Factors

Exploring attitudes
towards ICT

Comparison of
factors affecting
reading skills

The relationship
between reading
skills and life
satisfaction
Determination of
variables affecting
student cognitive
achievement Reading
performance of
primary school
students from 61
countries/regions
Factors affecting
student performance
in reading, science
and mathematics
literacy

PISA 2012
Turkiye

PISA 2015
Turkiye

Cambodian high
school students

PISA 2018

Turkiye -Yalova
Secondary School
students

PISA 2018

PISA 2015 and
2018 Germany

PISA 2018
Turkiye and China

PISA 2018 Korea
and Finland

PISA 2018

PIRLS 2016

Naive Bayes (NB),
K-nearest
Neighborhood (K-
NN), Artificial
Neural Networks
(ANN) and LR

RF and MLP

Structural Equation
Modeling (SEM),
ANN, Sequential

Minimal

optimization, LR, K-

NN, DT, RF and
Deep Learning

DT

LR, SVM, Non-
Linear SVM, RF,
NB, K-NN, ANN

Correlation and DT

Multilevel Modeling
and RF
Activity Region
Finder (ARF)

RF

The SHapley
Additive
exPlanations
(SHAP)

SVM iterative
feature elimination
(SVM-RFE)







