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Abstract

In this study, the performance of machine learning methods was examined in terms of predicting the science education
achievement scores of the students who took the exam for the next term, PISA 2018, and the science average scores of the
countries, using PISA 2015 data. The research sample consists of a total of 67,329 students who took the PISA 2015 exam
from 13 randomly selected countries (Brazil, Chinese Taipei, Dominican Republic, Estonia, Finland, Hungary, Italy, Japan,
Lithuania, Luxembourg, Peru, Singapore, Tiirkiye). In this study, multiple linear regression, support vector regression,
random forest, and extreme gradient boosting (XGBoost) machine learning algorithms were used. For the machine learning
process, a randomly determined part from the PISA-2015 data of each country researched was divided as training data and
the remaining part as testing data to evaluate model performance. As a result of the research, it was determined that the
XGBoost algorithm showed the best performance in estimating both PISA-2015 test data and PISA-2018 science academic
achievement scores in all researched countries. Furthermore, it was determined that the highest PISA-2018 science
achievement scores of the students who participated in the exam, estimated by this algorithm, were in Luxembourg
(r = 0.600, RMSE = 75.06, MAE = 59.97), while the lowest were in Finland (» = 0.467, RMSE = 79.38, MAE = 63.24).
In addition, the average PISA-2018 science scores of the countries were estimated with the XGBoost algorithm, and the
average science scores calculated for all the countries studied were estimated with very high accuracy.

Keywords Artificial intelligence - Interdisciplinary/transdisciplinary - Random forest - XGBoost

1 Introduction

Education is one of the most fundamental elements of the
future of society. Developed and developing countries
attach great importance to education. The Programme for
International Student Assessment (PISA) is a test that tries
to measure whether students are ready for real life. Fur-
thermore, educational practices in countries that have
achieved success in the examination are very important in
terms of improving the quality of education and better
preparing students for the future by being taken as exam-
ples by countries that have achieved little success in the
examination [1]. Determining the academic success of
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students is extremely important in terms of both revealing
the success levels of the education policies of the countries
and determining the external factors affecting the specific
success of these countries. For this purpose, by imple-
menting the PISA every three years since 2000, the
Organisation for Economic Cooperation and Development
(OECD) has been measuring students’ reading compre-
hension levels and ability to use maths and science skills in
certain age groups in more than 90 countries [2]. In addi-
tion to the assessment of educational approaches for
countries, PISA also contains important data on the
development of educational processes in three-year peri-
ods. The estimation of students’ academic achievement
levels based on these data and the determination of the
importance levels of different variables for countries are
very important in terms of the development and improve-
ment of educational processes.

It is important to determine which variables are of high
importance, as the variables of individuals’ characteristics
have a great influence on the accuracy of the results in
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future forecasting and decision-making processes [3]. As
necessary, educational environments and education
reforms can be adjusted in order to examine these highly
important variables in detail and to eliminate the differ-
entiation between successful and less successful countries
according to the results obtained. Furthermore, it is
believed that the comparative analysis of the importance
level of the variables of each country will make a signifi-
cant contribution to the literature in terms of revealing and
evaluating the dissimilar categories.

Although many studies have been conducted on PISA
data in recent years, almost all of these studies have
focused on due diligence for different countries and the
effects of some variables on academic achievement [4—11].
However, the fact that the number of variables in PISA is
high and the level of importance of the variables differ
depending on the education policies of the countries
reveals the difficulty of examinations with classical statis-
tical methods. For these reasons, different and up-to-date
approaches, such as machine learning, are thought to
increase the interpretability skills for such large and
intensive data. Furthermore, stochastic-based machine
learning algorithms give more accurate and faster predic-
tion results than traditional methods because of their ability
to successfully predict non-linear relationships [12]. In this
study, the prediction performance of three powerful algo-
rithms and the results of the classical multiple linear
regression (MLR) model are shown comparatively. In
MLR, a single model is tried to be established in a way that
creates a linear connection between the estimators and the
predicted on the basis of the relationship between the
variables. On the other hand, two of the machine learning
algorithms examined in this study (XGBoost and Random
forest) stand out as the most widely and successfully used
algorithms of ensemble learning methods. In ensemble
learning methods, rather than creating a single model,
many models are created, and the results obtained from
each model are ensured to affect the final estimation result.
They do this in two different ways, such as boosting
(XGBoost example) and bagging (Random Forest exam-
ple) [13]. In the boosting method, the models are trained
sequentially with randomly selected training sub-data from
the main training data, and at the end of each training, this
training sub-data is transferred back to the main training
data, while the information obtained from the model
training results is transferred to the next model so that the
next model can make less erroneous predictions [14]. In the
Bagging method, on the other hand, model training is
carried out in parallel and the results obtained from each
model are used in certain weights for the final estimation
[15]. The third method (Support Vector Regression) used
in the study offers a different machine learning approach

@ Springer

by creating a support regression curve according to the
outliers between the variables [16].

As discussed more broadly in the literature review in
Sect. 1.1, the use of machine learning algorithms to predict
academic achievement performance has increased consid-
erably in recent years. Especially in PISA data, there were
efforts to estimate academic success with traditional
machine learning algorithms for many different countries,
depending on many different variables, and significant
success has been achieved in this regard compared to
classical statistical methods. However, the number of
studies carried out on the prediction of these success levels
with machine learning algorithms with higher performance
compared to their peers by examining the academic
achievements of countries compared to each other is very
low [17, 18]. In this context, the most important contri-
bution of research to the literature is to predict the future
PISA science achievement scores of countries by using
machine learning algorithms and to reveal the importance
levels of the variables in predicting the science achieve-
ment of students. In addition, the comparison of these
results for countries with different proficiency levels pro-
vided a better interpretation of the research results. Fur-
thermore, there are a limited number of studies [17-30] in
the literature on predicting future science academic
achievement and determining variable importance levels
using existing machine learning algorithms. This situation
was the main motivation for the research. Based on this
perspective, the present study differs from its counterparts
in terms of both the subject and the methods used, as well
as revealing original results. In this respect, this study,
which is one of the pioneering studies in the literature in
the field, basically has five research questions (RQs) given
below.

e RQ I. Can the students’ PISA science scores based on
some specific variables be predicted with machine
learning algorithms?

e RQ 2. Can the science academic achievement average
scores of the countries in the next PISA period be
predicted successfully with machine learning methods?

e RQ 3. To what extent does the predicted science score
by machine learning algorithms differ for countries with
different levels of science achievement?

e RO 4. Are there significant differences between
machine learning algorithms in terms of the perfor-
mance of accurately predicting PISA science scores?

e RQ 5. What is the significance level of the variables in
estimating science achievement scores and do they
differ for each country?

The main purpose of this study is to estimate the average
PISA 2018 science achievement scores of the students and
countries participating in the exam based on the PISA 2015
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exam data organized by the OECD, with machine learning
algorithms. In addition, the objective was to comparatively
examine the importance levels of the variables used as
predictors in the study and to compare them according to
countries with different success levels. This study is
important in terms of predicting the science achievement
scores of countries and students according to certain vari-
ables and revealing which variables will be important in the
education policies to be implemented to improve these
achievement scores. In this respect, it is clear that it is
extremely important to compare the prediction perfor-
mances of different machine learning algorithms and to
determine the model with the highest performance. For this
reason, the findings of this research will greatly contribute
to the literature (Table 1).

1.1 Literature review
1.1.1 Machine learning for PISA

In recent years, there has been a remarkable increase in the
use of machine learning methods to examine the success of
students who have participated in scaled exams such as
PISA [17-30]. These studies summarized in Table 2
highlight the significant variables affecting student success
and the performance of various machine learning algo-
rithms, depending on the effects of these variables. These
studies have employed a wide range of machine learning
algorithms, such as linear discriminant analysis (LDA),
support vector machine (SVM), random forest (RF), arti-
ficial neural networks (ANN), decision trees (DT), and
linear regression-based algorithms (Ridge Regression,
Lasso Regression, Hierarchical Linear Modeling, Elastic
Net) to predict students’ PISA performance scores or
identify the key factors influencing success. It is notewor-
thy that a significant portion of the studies given in Table 2
approach the problem as a classification type and propose
solutions suitable for this feature [18-27]. In studies con-
ducted with different country samples, although the per-
formance of machine learning algorithms in predicting
student student achievement score classes varies, it has
been determined that random forest algorithm (RF), sup-
port vector machine (SVM), and artificial neural networks
(ANN) consistently yield successful results in many studies
[19-21, 23-25, 27]. In addition, although a single machine
learning algorithm model (or two similar models) is used in
some of the classification-based studies, more emphasis has
been placed on identifying the factors affecting student
success rather than the models’ performance in predicting
student success [18, 22, 26]. Alongside the classification-
based studies in the literature, there are a few studies where
student success scores are numerically predicted in
regression-type problems. [17, 28-30]. These studies

generally focused on the identification of the factors and
variables affecting student success [17, 30] and determin-
ing the performance of different machine learning algo-
rithms in predicting students’ success scores [28, 29].
However, predictions of future success scores of students
or countries have not been made with the models created in
these few studies.

When the literature information given in this section is
evaluated in general, it is seen that machine learning
algorithms are successfully used comparatively with a view
to classification and regression to determine the factors
affecting student success and to predict students’ success
scores. However, these literature debates point to the need
for more research into at least two critical issues. The first
is the comparative determination of the performance of
machine learning algorithms in predicting the future suc-
cess scores of students or countries participating in the
exam, and the second is the comparison of variables
affecting student success for different countries according
to their levels of importance. In this context, this study
attempts to predict the future success scores of students or
countries participating in the exam and comparatively
determine the performance of machine learning algorithms.

1.1.2 Factors affecting the science score in PISA

In recent years, many studies have been conducted in
which the factors affecting the science literacy scores of the
students who participated in the PISA exam were examined
by traditional statistical methods. The general results of
some of these studies are as follows: as a result of their
studies that investigated students’ science literacy for
Scandinavian countries according to the PISA 2000 exam
results in terms of similarities and differences, Kj@rnsli and
Lie [31] found that some variables such as the geographi-
cal, cultural, or political context affected success. Erbag
[32] found that the factors that positively affect the science
literacy of the students participating in the PISA exam from
Tiirkiye were the teacher-student relationship, number of
books in the household and participation in pre-school
education, internet use, and basic computer knowledge;
while Anil [33] found that within the scope of PISA 2006,
the variables most predicting the science achievement of
15-year-old students in Tiirkiye were respectively, the
father’s educational status and the attitude towards science;
and Ho [34] found that according to the results of the PISA
2000-2003-2006 exams, Hong Kong students performed
exceptionally well in mathematics, science, and reading,
and the differences in achievement due to the socioeco-
nomic levels of the students were less in Hong Kong
compared to other countries. Anagiin [35] found that the
variable that affects the science literacy level of the stu-
dents who took the PISA 2006 exam from Tiirkiye the most
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Table 1 Literature summary for some studies applying machine learning to PISA data

References Purpose of the study Problem type ML Results
algorithms
[17] Analyzing the determinants of PISA-2015 test Regression RE-EMT As a result of the study, it was found that the
scores of students from Australia, Canada, variables at the student and school level,
France, Germany, Italy, Japan, Spain, United which are significantly related to students’
Kingdom and USA achievement, show significant differences
between countries
[18] To estimate the academic achievement levels of Classification SVM In this study, they found that science literacy,
students participating in PISA 2015 from 58 parents’ educational status, the disciplinary
countries using the support vector machine environment in the classroom, and the time
(SVM) spent on learning variables were the
predictors of success
[19] Predicting students’ PISA 2012 math Classification ANN, RF It has been found that the ANN algorithm
performance performs better
[20] To estimate the variables affecting the science classification ~ANN, LR As a result of their studies, they found that the
literacy achievement of students participating variable of time devoted to science education
in the PISA 2015 exam from Tiirkiye (SMINS) has a high importance
[21] To investigate the relationships between Classification HLM, RF As a result of the study, it has been determined
German students’ attitudes towards that attitudes toward information and
information and communication technologies communication technologies are an important
(ICT) and mathematical and scientific literacy and explanatory variable for the RF model
in relation to mathematical and scientific
literacy in the PISA 2015 and 2018 exams
[22] To analyzed the variables affecting the science Classification DT As a result of the study, they concluded that the
literacy of the students participating in the variable that most affects science literacy is
PISA 2015 exam from Tiirkiye the number of books in the house
(STO13QO01TA)
[23] Predicting Finnish students’ math achievement Classification LDA, SVM, It was found that the SVM algorithm was more
RF, successful for this study
[24] Comparative analysis of student achievement  Classification ANN, DT As a result of the study, it was determined that
classification performance of artificial neural the MLPANN algorithm showed more
networks, decision trees and separation successful results
analysis methods of students participating in
the PISA 2012 exam
[25] Comparative analysis of algorithms used to Classification DS, HT, LM, The most successful algorithm in the study was
predict students’ PISA 2015 science literacy RT, RF, determined as random forest
achievement with the help of 12 variables RLR
[26] To determine the relationship between Classification HLM The study found that national ICT skills,
information and communication technology students’ ICT availability at school, and
(ICT) use and students’ academic student interest in ICT use had a more
performance for 44 countries in PISA 2015 positive impact on student academic
performance
[27] Using Multilayer Perceptron Neural Networks Classification RF, ANN They found that the random forest (RF)
and Random Forest methods, to determine the algorithm was more successful
factors affecting PISA 2015 mathematical
literacy and to compare the prediction
performance of both methods
[28] To estimate the factors affecting the Regression DT, ANN As a result of the study, it was determined that
mathematical literacy of students from the variables that affect the mathematical
Singapore, Japan, Norway, America, Tiirkiye literacy of countries with different proficiency
and the Dominican Republic who took the levels differ
PISA-2015 exam
[29] Predicting students’ science score performance Regression RR, LR, As a result of the study, it was found that all
in PISA-2015 ENET, RT, models used in the study had very similar
MLR performance in predicting students’ science

performance in PISA
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Table 1 (continued)

References Purpose of the study Problem type ML Results

algorithms

[30] To identify the main factors affecting the
academic performance of schools in Tunisia
that took the PISA 2012 exam

Regression RT, RF The most successful algorithm was determined

to be the RF in the study

In alphabetical order, ANN artificial neural network, DS decision stump, DT decision trees, ENET elastic net, HLM hierarchical linear modelling,
HT Hoeffding-Tree, LDA Linear Discriminant Analysis, LM Logistic Model, LR Lasso Regression, MLR Multiple Linear Regression, RE-EMT
Mixed-Effects Regression Tree, RF Random Forest, RLR Ridge logistic Regression, RR Ridge Regression, RT Random Tree, SVM Support
Vector Machines

Table 2 The Science literacy
scores of the countries
investigated in the study
according to PISA 2015 data,

Countries PISA-2015

Qualification levels PV2SCIE mean + SD Student numbers

and the number of students Chinese Taipai Level-3 532 £ 95 6726
participating in PISA (Note-1: Estonia Level-3 534 + 85 4781
Note-2: Countries are listed Japan Level-3 538 + 90 4985
alphabetically according to Singapore Level-3 556 + 97 4727
Qualification levels.) Hungary Level-2 477 + 89 3866
Italy Level-2 481 £ 84 9192
Lithuania Level-2 475 £+ 89 5133
Luxembourg Level-2 483 £ 95 3577
Tiirkiye Level-2 425 £ 76 4679
Brazil Level-1a 401 + 88 8341
Peru Level-1a 397 £ 73 4482
Dominican Republic Level-1b 332 £ 74 1885
Total 67,329

PV2SCIE PISA 2015 science achievement score, SD standart deviation

is “time spent for learning”, while their attitudes towards
learning science did not affect their science literacy. As a
result of their studies using HLM and Mplus software, Acar
and Ogretmen [36] observed that the performance of
Turkish students in the 2006-PISA science test differs
according to student and school levels. Using the example
of PISA 2006 Hong Kong, Sun et al. [37] investigated the
factors affecting the science achievement of 15-year-old
students. At the end of the study, it was determined that
male students, students from high socioeconomic status
(SES) families, students with higher motivation and higher
self-efficacy, and students whose parents value science
highly are more likely to succeed in science. Sidlzer and
Heine [38] investigated whether there is a relationship
between student achievement and absenteeism according to
the PISA 2012 results, while Kahraman and Celik [39]
found that attending kindergarten, high educational status
of parents, and a high number of computers and books in a

household positively affected students’ success in science
literacy. Chen and Cui [40], through hierarchical linear
modeling analysis, found that perceived teacher injustice
was negatively related to science achievement as a result of
their study that investigated the gender, student-school, and
the economic, social, and cultural statuses of the most
influential variables in the science achievement of students
from 52 countries who took the PISA 2015 exam. As a
result of their study in which they compared the scientific
achievements of students who took the PISA 2015 exam
from Singapore and Tiirkiye, Karakoc-Alatli [41] found
that interest in science, science self-efficacy, and research-
based science practices in both countries had a positive
effect on success. Rohatgi and Scherer [42] examined the
science achievement of students participating in PISA 2015
from Norway, and as a result of the study, the highest
correlation was found between TEACHUP and PERFEED
variables. Antonelli et al. [43] found that EMOSUPS and
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HOMEPOS variables were predictors when they examined
mathematics, reading and science scores for students par-
ticipating in PISA 2015 from Brazil. Atasoy et al. [44]
investigated the variables affecting the science achieve-
ment of students in Tiirkiye, the USA and South Korea,
using PISA 2018 data. As a result of their studies, it was
determined that the variables of gender and socioeconomic
status had a positive effect on science achievement. Kar-
akus et al. [45] examined the mathematics, science and
reading achievement performance of first and second
generation immigrant students using PISA 2018 data.
According to the findings of their study, they determined
that the variables of parental support (EMOSUPS), teacher
enthusiasm and the adaptation of instruction were associ-
ated with an increase in academic performance.

1.2 Purpose of the research

The main purpose of this study is to use the data obtained
from the PISA 2015 exam, which was organized by the
OECD and focused on science literacy in 2015, to estimate
the PISA 2018 science literacy levels and average country
scores of the students participating in the research with
multiple linear regression (MLR), support vector regres-
sion (SVR), random forest (RF), and extreme gradient
boosting (XGBoost) machine learning algorithms. For this
purpose, variables that affect students’ PISA 2015 science
literacy levels for 13 randomly selected countries (Brazil
(BRA), Chinese Taipai (TAP), Dominican Republic
(DOM), Estonia (EST), Finland (FIN), Hungary (HUN),
Italy (ITA), Japan (JPN), Lithuania (LTU), Luxembourg
(LUX), Peru (PER), Singapore (SGP), Tiirkiye (TUR))
from different proficiency levels were examined separately
and predictions were made at certain optimization levels
with each machine learning algorithm evaluated in the
study. In addition, 18 variables that are thought to directly
affect science achievement were used as estimators of the
PISA 2018 science literacy score for each country exam-
ined in the study, and whether these variables have a sig-
nificant effect on students’ science literacy achievements
and the importance levels of these variables were deter-
mined separately for each country. By identifying the
important factors affecting the achievement of science lit-
eracy with machine learning algorithms, the study also
aims to contribute to the development of studies on the
subject. In addition to these, in this study, SVR, RF, and
XGBoost machine learning algorithms, which is popular in
recent years, were compared in terms of their prediction
performances, as well as the classical statistical method
MLR. It’s a pioneering study on predicting the future sci-
ence education achievement scores with current and high-
performance machine learning algorithms. Considering all
these aspects, it explicitly differs from similar studies.
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2 Materials and methods
2.1 The data and software resources

OECD’s Programme for International Student Assessment,
widely known as the PISA test, measures 15-year-old
students’ reading comprehension levels and their ability to
use their math and science skills. This evaluation exam,
which is held every three years, was created for the first
time in 1997 and its first application was made in 2000. In
the PISA application, each semester focuses on a specific
course, but students are also tested from other core courses.
In this context, the focus was on the science course in 2015.

All PISA-2015 and PISA-2018 data used in the study
have been obtained from the OECD’s own data repository
which is publicly available [46, 47]. The population of the
research consists of 519,334 students from 72 countries
who took the PISA 2015 exam. From this sample, 13
countries (67,329 students) were randomly selected.
According to the results of the PISA-2015 science
achievement evaluation, the qualification levels of the 5 of
these countries (Chinese Taipei, Estonia, Finland, Japan,
and Singapore) are Level 3, while 5 of them (Hungary,
Italy, Lithuania, Luxembourg, and Tiirkiye) are Level 2,
and 3 of them (Brazil, Peru, and the Dominican Republic)
are Level 1. Table 2 shows the average PISA-2015 science
literacy scores of the countries included in the sample, their
proficiency levels, and the number of students participating
from these countries. In this context, the study is limited to
13 different countries and 18 variables examined in the
study.

In this study, the Training/Test split, which is one of the
reliable validation methods in the literature, was used [48].
PISA-2015 data of each selected country was split into two
parts as training and testing data. This means that each
country’s training and testing data are evaluated differently
from each other. 75% of the randomly determined part of
the whole data set for the countries was used as training
data for the training of machine learning models, and the
remaining 25% was split as testing data to test the learning
performances of the model with validation. These sub-
groups of data were randomly determined to represent all
science scores of countries at an appropriate level. Since
there are quite a lot of sampling numbers in the PISA-2015
data, the missing data, which were detected in a small
number, were directly excluded from the calculation in the
data preprocessing phase.

The complete study is conducted using the R statistical
programming environment [49, 50] and while kernlab is
used for the SVR algorithm [51]; for the RF algorithm,
randomForest [52]; for the XGBoost algorithm, xgboost
[53] for data preparation, separation and optimization caret
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[54], and for cross validation, scatter diagrams and data 4. For the learning models, besides the traditional MLR

visualization openair [55] ve ggplot2 [56] R library pack- calculation; SVR, RF, and XGBoost algorithms, which
ages were used. perform the learning process and are explained in detail
in Sect. 2.3, are used. Through these four methods, the

2.2 The model process steps and performance supervised learning process for the training data set has
metrics been carried out, and hyperparameter variables have
been optimized with the grid-search method for the

In order to systematically analyze the research questions of greatest prediction performance (tenfold cross-valida-
the study mentioned in Sect. 1, a 7-stage process was tion and Number of resampling iterations is 10). In the
carried out in this study. These stages can be summarized grid-search method, all possible combination results of
as follows; the possible values of each hyperparameter are listed.

Then the machine learning model is reconstructed
according to each combination, thus determining the
hyperparameter coefficients with the best prediction
performance [57]. Detailed performance outputs deter-
mined for each model in the optimization process are
given in supplementary material-2. At the end of the
learning process, the testing data that was not intro-
duced to the model was estimated with each model and
these results were compared with the actual data.

5. To compare the predicted science scores using machine
learning models with the actual results and to deter-
mine the performance levels, mean absolute error
(MAE, Eq. 1), root mean square error (RMSE, Eq. 2),
and Pearson’s correlation coefficient (r, Eq. 3) perfor-
mance metrics were used. These performance metrics
were calculated as follows:

1. Thirteen countries that have participated in the PISA
2015 test were randomly selected.

2. Variables that are thought to affect science achieve-
ment were determined in accordance with the literature
in Sect. 1.1. Accordingly, 18 variables were deter-
mined as predictors in the study. These variables are
listed in Table 3. Also as Science score, PV2SCIE
coded score levels were used. Further, a detailed
description of each variable is provided in supplemen-
tary material-1.

3. PISA-2015 data of each selected country was split into
two parts as training and testing data. 75% of the
randomly determined part of the whole data set for the
countries was used as training data for the training of
machine learning models, and the remaining 25% was
split as testing data to test the learning performances of
the model with validation.

Table 3 Variables used in the research on science literacy

PISA-codes Explanation References

STO11Q04TA In your home: A computer you can use for school work [25, 26, 29, 33, 36, 40, 42, 43]
ST004QO01TA Gender [17, 22, 27-29, 36-38, 40, 44, 45]
ST013Q01TA Total number of books found at home [19, 22, 25, 26, 28, 29, 36, 39, 42, 43]
ST123Q02NA Parental support for educational efforts and achievements [22, 25, 43, 45]

MISCED Mother’s education (ISCED) [18, 22, 25, 28, 29, 33, 39, 42]
FISCED Father’s education (ISCED) Mother’s education (ISCED) [18, 22, 25, 28, 29, 33, 39, 42]
HISCED Highest education of parents (ISCED) [25, 28, 29, 33, 37, 39, 42]
ST097Q03TA Class discipline in science classes [18, 20, 25, 28, 41, 42]

SMINS Learning time—Science (minutes per week) [18, 20, 25, 28, 35, 36]

TMINS Learning time—in total (minutes per week) [18, 20, 25, 28, 35, 36]

BELONG Subjective well-being: Sense of Belonging to School [25, 27, 29, 35, 42, 43]

EMOSUPS Parents emotional support [22, 25, 27, 37, 42, 43, 45]
HOMEPOS Home possessions [22, 25, 26, 28, 29, 39, 40, 42, 43]
WEALTH Family wealth [25, 26, 29, 32]

ESCS Index of economic, social and cultural status [25-29, 31, 33, 36, 37, 40, 42, 44, 45]
ADINST Teacher adaptation [18, 32, 41]

PERFEED Received Feedback [18, 25, 27, 42]

TEACHSUP Teacher support in a science classes of students’ choice [18, 25, 41, 42]
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1 n
MAE = - A; — P; 1
PO (1)

RMSE =, /%Z (A — Pi)? (2)

= Ztr'l:l(Ai _A_)(Pl — P) (3)
VLA = AL (P = P)

where 7 is the total number of data, A; and P; denotes

actual data and predicted value of i-th sample, where A
and P are the mean of the actual data and predicted
values, respectively. For the model with high predic-
tive performance, RMSE and MAE metrics should be
close to zero [58]. Also Pearson’s correlation coeffi-
cient can be categorized as weak correlations
(r < 0.39), moderate correlations (0.40 < r < 0.69),
strong correlations (0.70 < r < 89) and very high
correlations (r > 0.90) [59, 60].

6. After the model with the best prediction performance
level was determined, the future PISA-2018 Science
achievement scores of the countries where the educa-
tion process was carried out with the PISA-2015 data
were estimated and compared with the real achieve-
ment scores with validation diagrams. In addition, the
distribution of the real science scores of the countries
and the distribution of the science scores estimated by
the model were investigated.

7. The importance levels of the predictor variables
according to the machine learning model, which
offered the best prediction performance, were deter-
mined for each country examined in the research.

2.3 Machine learning models

In this study, the levels of science achievement of PISA
2018 for 13 countries randomly selected among the coun-
tries participating in the PISA-2015 exam were estimated
using the conventional approach of multiple linear regres-
sion (MLR), as well as machine learning algorithms of
support vector regression (SVR), random forest (RF), and
extreme gradient boosting (XGBoost). These models,
except for XGBoost, are often used in similar studies, as
described in Sect. 1.1.1. The main reason for choosing
these algorithms is that they are both compatible with the
structure of the problem and can determine a model-
specific variable importance metric, especially with RF and
XGBoost [61].

@ Springer

2.3.1 Support vector regression (SVR)

The support vector machine (SVM) [62] algorithm, which
is successfully used in both classification and regression
problems is named support vector regression (SVR) when
the algorithm is used for regression problems [63]. Unlike
linear regression, model errors in SVR are tried to be kept
within a certain threshold. Thus, the negative effects of the
outlier data on the model are reduced. In the SVR algo-
rithm trained with the structural risk minimization princi-
ple, the input variables are mapped into a higher
dimensional space using the kernel function [64, 65].
Accordingly, the SVR function can be defined as follows.

f(x) =we(x)+b+e (4)

where ¢(x) is the kernel function used for non-linear
mapping; x is the input vector for the model; ® and b are
the regulation parameters of the function and ¢ indicate the
level of upward and downward deviation from the SVR
model separation curve. The main purpose of the SVR
algorithm is to determine f(x) the optimized parameters of
the function (¢(x) and b) so that the ¢ deviation stays
within the range. These parameters can be found by solving
the minimizing problem shown in Eq. 5 according to the
limits in Eq. 6.

Min (5)

1 2 . *

yi—oe(x) —b<e+<
Subject to{ w@(x;) +b—y, <e+ & (6)
& & <0,1,2,3,--m

where & and 5* are slack variables which are indicators of
outlier values above and below e-tube and C is the penalty
coefficient which specifies the threshold range for the SVR
model. A detailed description of the SVR algorithm can be
found in the literature [65-67].

2.3.2 Random forest (RF)

Originally developed by Brieman [68], the RF algorithm is
defined as a combination of bagging [69] and random
subspace [70] approaches [71]. RF is a black-box modeling
technique based on the principle of random creation of
multiple decision trees and generating random forests from
these decision trees that meet certain criteria [72, 73]. In
the RF algorithm, firstly, 2/3 of the whole data set is ran-
domly split as training data. Multiple decision trees are
created with bootstrap samples [71, 74] Ultimately, the
final estimate of RF is the average of all results obtained
from each individual tree. Since the training is carried out
with bootstrap samples, the RF algorithm is resistant to
overfitting [75]. Also, this model can be used to accurately
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describe complex nonlinear relationships due to the high
randomness effect. [76].

2.3.3 Extreme gradient boosting (XGBoost)

First proposed by Chen and Guestrin [53], XGboost algo-
rithm is a scaleable, optimized and faster processing
implementation of the gradient boosting machine (GBM)
[77] framework. XGBoost differs from GBM by processes
such as parallel computing, tree and leaf pruning, regu-
larisation, and optimization [78].

The objective function of XGBoost consists of the sum
of I(-) (loss function) and Q(-) (regulation term) [79] as
shown in Eq. 7.

N K
L=1()+Q() =Y l3) + ) Q) (7)

i=0 k=0
where y; is the estimated value for the ith sample; y; is the
ith actual value; N is the number of samples; K is the
number of decision trees and f; is the model of the k th
tree. The regulation term that prevents the overfitting level
of the model from rising Q(-) can be defined as shown in
Eq. 8.

1 T
Qf) =T +52_ llo? (8)
=

where T is the number of leaves in a decision tree; w; is the
score on the j th leaf; y and A are defined as penalty terms.

Iteration process is applied to minimize the objective
function (L) given in Eq. 7 and to determine the best model
parameters. Each new function series created by this pro-
cess is created by optimizing the errors of the previous
function. Hence, the new objective function in the rth
iteration will be as shown in Eq. 9.

N T
_ 1
L= 135 ) 9T 52D 0 9)
i=0 j=1

As a result, a second-order Taylor expansion is applied
to Eq. 9, so that the objective function can be optimized to
develop a high-performance prediction model [79-81].

3 Results and discussion
3.1 Pisa-2015 data: science performance score

In Fig. 1, general distributions of Science performance
scores of the students that participated in PISA 2015 in
countries randomly selected for this study are shown with
histogram diagrams for all data, training data, and testing
data. When Fig. 1 is examined for the general histograms

created with all data, it’s seen that the science scores of all
13 countries were normally distributed. This indicates that
the probability distribution of the science score, which is a
random variable, will follow a normal distribution. Also,
when these results are evaluated together with Table 2,
Singapore has the highest mean science score (556 £ 97),
while the Dominican Republic has the lowest (332 £ 74).
Additionally, standard deviation levels, which are an
indicator of the level of distribution according to the mean
of science performance scores, were determined at close
levels for all countries examined, except Tiirkiye, Peru, and
the Dominican Republic.

When Fig. 1 is examined for the histograms created
with training and testing data, it can be seen that distri-
butions similar to the histograms created with all data are
obtained. Furthermore, according to the results of the two-
sample Kolmogorov—Smirnov test, it has been determined
that the training data and the testing data for all countries
investigated in the study have the same data distribution
structure and therefore their level of representation is high
(p > 0.05 for all countries).

3.2 Machine learning models: training
and testing

In Table 4, the performance metrics of the models obtained
depending on the hyperparameter values that give the
highest performance scores at the end of the optimization
process detailed in SM2 are given for both training data
and testing data. Accordingly, it was determined that the
XGBoost algorithm showed the best prediction perfor-
mance in all the countries studied. Although SVR and RF
algorithms performed very close to each other, they were
below XGBoost in terms of prediction performance. It was
determined that the prediction performance of the MLR
classical statistical method is quite low compared to other
popular machine learning methods. The results obtained
from Table 4 are summarized in a simplified way in Fig. 2.
In this figure, the changes in Pearson’s r correlation coef-
ficients obtained for each model used in the study for both
training data and testing data by country are given com-
paratively. Figure 2 clearly shows that the XGBoost algo-
rithm has a higher correlation coefficient for each country
than the other models. The correlation coefficient is a
measure of how closely two variables are linearly related.
For this reason, it has been determined that there is a high
correlation between the prediction results obtained from
the XGBoost algorithm and the actual data.

When Table 4 and Fig. 2 are evaluated together, the
highest performance metric score according to the
XGBoost algorithm is in Luxembourg for both training
data and testing data (for training data r = 0.644,
RMSE = 72.46, MAE = 58.31; for testing data r = 0.678,
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«Fig. 1 All data, training data, and testing data histograms of PISA-
2015 science achievement scores of 13 countries investigated in the
study

RMSE = 70.83, MAE = 57.06), the lowest performance
metric score was in Finland (for training data r = 0.498,
RMSE = 78.79, MAE = 63.08) and for testing data in
Estonia (r = 0.442, RMSE = 76.37, MAE = 60.44).
According to these results, the level of correlation between
the predicted values and the actual data was determined as
moderate correlations (0.40 < r < 0.69).

In Fig. 3, validation diagrams can be seen in the
hexagonal density structure created according to the
XGBoost algorithm, which has shown the best prediction
performance. Validation diagrams determined with all
other models are given in supplementary material-3,
comparatively. In Fig. 3 diagrams, with the XGBoost
algorithm, whose learning process was performed and
optimized, each data in the testing data were estimated
separately and the prediction results were compared with
the actual data. Since the number of data to be estimated in
this study is large, and therefore it is thought that it can
better characterize the relationship between the estimated
values and the actual values, a hexagonal density diagram
was preferred. When Fig. 3 is examined for testing data, it
is seen that the scores of the students whose scores are
close to the real science achievement average scores of the
countries are estimated at a very successful rate. In addi-
tion, the predicted science achievement scores of a sig-
nificant part of the students who got higher and lower than
the average science score for all countries surveyed were
generally determined at the levels of distribution density
range. However, although the numbers are small, predic-
tive performance decreases (dark blue color) at extreme
values (minimum and maximum) of science scores in
countries (especially Finland, Hungary, Japan and Italy).
Since this situation increased the range of error, it partially
increased the RMSE values for the model. It is thought that
the main reason for this high amount of error observed in
the extreme data is different levels of importance of the
predictive variables used for machine learning training.
However, the high accuracy in the prediction results of the
scores of the students who have scores close to the average
values is remarkable (dark red color). In these areas, lower
RMSE values have been obtained. As a result, according to
the findings obtained from Fig. 3 (PISA-2015), the
XGBoost algorithm has produced appropriate and accept-
able results in estimating the science scores of a great
majority of the students who took the exam in 13 different
countries, and the science score averages of the countries
for the year they took the exam.

3.3 A different approach: Validation

In this part of the research, the training process was carried
out with a different approach to compare multiple algo-
rithms and further verify the descriptive statistics. This
approach, unlike the one described in Sect. 3.2, involves
considering the training process and all data together,
without separating countries. For this, 25% (16,832 stu-
dents) of the total data used in the study (67,329 students)
were randomly chosen and simplified. This process was
repeated three times and three different sample data sets,
named sample-1, sample-2, and sample-3, were created.
Afterward, these simplified data sets were randomly divi-
ded into two main sub-data groups, 75% training data
(12,624 students) and 25% testing data (4208 students).
The same four machine learning algorithms (MLR, SVR,
RF, and XGBoost) were used in the training process and
the success of the models was evaluated using statistical
metrics according to their performance in predicting the
testing data. Figure 4 shows the validation diagrams
obtained as a result of estimating the actual PISA score
(testing) data of each sample data set with machine
learning algorithms. Accordingly, the XGBoost algorithm
showed the highest performance for each sample, similar to
the previous results. The performance metrics of the
XGBoost algorithm were calculated as RMSE = 79.7,
MAE = 62.9 and r = 0.624 for sample-1, RMSE = 79.5,
MAE = 63.2 and r = 0.615 for sample-2, and RMSE =
78.1, MAE = 62.7 and r = 0.640 for sample-3. In addi-
tion, performance metrics close to each other were found
for all of the sample classes in other algorithms (Fig. 4).
When the findings are evaluated according to the countries,
the estimation result performances of some outliers are
insufficient, especially in the 1st and 3rd qualification
levels countries, but the data close to the average values of
the countries have been estimated with high accuracy. This
result is seen in more detail in Fig. 5, which shows the
error scatter diagram of the prediction scores obtained by
the XGBoost algorithm for each sample group according to
the qualification levels of the countries. According to this
figure, the error distributions for each sample group and
each qualification levels vary in similar intervals, and the
biggest error levels were determined at the 1st and 3rd
qualification levels. The main reason for this is thought to
be due to the high number of outliers deviating from the
mean value in these qualification level groups. In addition,
the majority of the data with low error for all three profi-
ciency levels of all sample groups remained within the
probability contour at the 95% confidence level. As a
result, it has been determined that the estimated PISA
scores given by the XGBoost machine learning model
created are quite successful in representing the real values.
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Table 4 Performance indicators of optimized models for training and testing data (PISA-2015)

Country Models Training data Testing data Hyperparameters
r¥ RMSE MAE r¥ RMSE MAE

BRAZIL MLR 0.546  73.42 58.75 0.591 75.46 61.47
(BRA) SVR 0.574 71.80 5727  0.630 72.66 5895 6=0.037;6=0.1; C=0.25
A =7910 RF 0.581 71.46 57.07 0.627 73.19 59.17  mtry = 6; ntree = 400
B =431 XGBoost  0.581  71.40 57.01 0.645 71.47 57.68 nrou = 30; 2 = 0.2; 1 =50
CHINESE TAIPAI MLR 0.555  79.18 63.12 0515 81.87 65.35
(TAP) SVR 0.573  78.13 62.15 0545 80.14 6399 ¢=0.037;¢6=0.1; C=0.25
A =5703 RF 0.581 77.58 61.89 0554 79.55 63.09 mtry = 5; ntree = 500
B =1023 XGBoost  0.604  75.96 60.38 0.582 77.75 61.88 nrou = 100; o = 40; 1 = 1500
DOMINICAN REPUBLIC (DOM) MLR 0.488 63.72 50.69 0.468 66.29 51.23
A = 1428 SVR 0.535  62.12 49.29 0513  64.40 5046 ¢ =0.037; e =0.1; C=0.25
B =457 RF 0.532 6195 49.11 0527 63.88 49.54  mtry = 2; ntree = 800

XGBoost  0.561 61.25 48.69 0.536  63.53 4942  nrou = 100; o = 10; A = 500
ESTONIA MLR 0.502  73.23 58.50 0432  78.12 61.37
(EST) SVR 0511  72.82 58.32 0470 76.55 60.69 ¢=0.037;¢=0.1; C=0.25
A =3767 RF 0514 7283 58.33  0.458 7698 60.75  mtry = 5; ntree = 500
B =1014 XGBoost  0.515 72.79 58.07 0.472 76.37 60.44 nrou = 20; o = 0.2; 1 =60
FINLAND MLR 0.488  79.25 63.39 0535 76.57 61.11
(FIN) SVR 0493  79.20 6342 0525 7713 61.51 ¢ =0.040;¢=0.1; C=0.25
A = 3966 RF 0492  79.49 63.75 0522 7773 62.00 mtry = 2; ntree = 600
B =989 XGBoost 0.498  78.79 63.09 0.538 7597 59.90 nrou =20; x =20; A =50
HUNGARY MLR 0.612  69.71 55.63 0.610 71.73 58.30
(HUN) SVR 0.619  69.34 5520 0.624  70.75 57.12  ¢=0.039;¢=0.1;C=05
A =3091 RF 0.620  69.70 55.70  0.627  70.56 57.16  mtry = 3; ntree = 700
B =1775 XGBoost  0.632  68.44 5426 0.643  70.27 57.03  nrou = 100; o = 100; 4 = 1000
ITALY MLR 0.503  73.26 58.69 0.525 72.29 58.11
(ITA) SVR 0.537 71.61 57.11 0541 71.23 57.17 ¢ =0.039; ¢ =0.1; C=0.25
A = 8272 RF 0.539 71.72 57.60 0545 7145 5745  mtry = 4; ntree = 700
B =920 XGBoost  0.545  71.17 56.70 0.549 71.03 56.81 nrou = 50; = «1000; 4 = 200
JAPAN MLR 0493  78.26 62.34 0542 7587 59.58
(JPN) SVR 0.503  77.89 62.14 0560 74.87 5890 ¢=0.037;¢=0.1; C =025
A = 4094 RF 0514 7754 61.96 0.560 75.36 59.45  mtry = 4; ntree = 1200
B =891 XGBoost 0.522  76.79 61.09 0.573 73.94 57.71 nrou = 50; = «15; A = 500
LITHUANIA MLR 0497 76.33 6191 0483 79.19 63.49
(LTU) SVR 0.517  75.81 61.24 0519 7733 61.79 ¢ =0.039;¢=0.1; C=0.25
A = 4207 RF 0.524  75.66 61.19 0506  78.15 62.19  mtry = 4; ntree = 1000
B =926 XGBoost  0.534  75.00 60.37 0.532 76.67 60.94  nrou = 50; = «3000; 4 =20
LUXEMBOURG MLR 0.616  74.40 59.92 0.641 73.76 58.65
(LUX) SVR 0.628  73.82 59.28 0.664  71.87 5834 ¢ =0.042; e=0.1; C=0.25
A =2793 RF 0.630  73.60 59.09 0.664 7235 5849  mtry = 5; ntree = 750
B =784 XGBoost 0.644 72.46 58.31 0.678 70.83 57.06 nrou = 50; o = 100; A = 300
PERU MLR 0.531 61.53 4931  0.567 59.29 47.32
(PER) SVR 0.548  60.89 48.60 0.581  58.58 46.19 0=0.038;¢=0.1;C=0.5
A =3715 RF 0.554 60.59 48.35 0.580 58.69 46.51 mtry = 4; ntree = 500
B =767 XGBoost  0.563  60.17 4797 0.584 57.92 46.10  nrou = 50; = «21000; 4 = 300
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Table 4 (continued)

Country Models Training data Testing data Hyperparameters

r¥* RMSE MAE r* RMSE MAE
SINGAPORE MLR 0.608  76.91 60.83 0578 78.83 62.42
(SGP) SVR 0.625 75.83 60.08 0.607  76.75 60.99 ¢=0.040; ¢=0.1; C=0.25
A = 3800 RF 0.624  75.87 60.05 0.623  75.54 60.12  mtry = 9; ntree = 500
B =927 XGBoost  0.633  75.26 59.24  0.625 75.11 59.68 nrou = 35; « = 1500; 4 =20
TURKIYE MLR 0.524 64.78 52.09 0.506 66.82 5335 -
(TUR) SVR 0.528  64.63 51.73  0.528  65.84 5298 6=0038¢=0.1;C=025
A = 3751 RF 0.541  64.27 5149 0530 65.74 52.65 mtry = 3; ntree = 500
B =928 XGBoost  0.558  63.28 5042 0.544 65.13 52.07 nrou = 30; a = 0.5; /=50
*p < 0.001

The bold font indicates the best-performing model
A is training data number; B is testing data number

ntree = number of trees, mtry = Splite number on the node, C = The penalty coefficient, ¢ = Distribution parameter for Gaussian radial basis,
¢ = the level of upward and downward deviation of the SVR model separation curve, nrou = Max number of boosting iterations, « = L1

regularization term on weights, 4 = L2 regularization term on weights

The results given in Fig. 5 are shown with supplementary
material-4 separately for each country investigated in the
study.

3.4 PISA-2018 data: estimating

In this part of the research, after determining the machine
learning process with training data based on PISA-2015
data and the performance scores of this learning level with
testing data, the process of estimating PISA-2018 science
scores was carried out. The PISA 2018 Science scores of
the randomly determined countries in PISA-2015 were
estimated with the help of machine learning algorithms
using the same variables. The estimation performance
indicators for each machine learning model are summa-
rized in Table 5. Accordingly, results similar to the learn-
ing process created with the PISA-2015 data were obtained
in the PISA 2018 estimation results. According to Table 5,
it has been determined that the XGBoost algorithm is quite
successful compared to other methods. Furthermore, it has
been determined that the MLR approach, which is a clas-
sical statistical method, has the lowest vertical prediction
performance for each country compared to other machine
learning algorithms. In addition, the estimation results of
the country average score of science achievement for the
researched countries by machine learning algorithms are
shown in Table 6. This Table, similarly to the results
obtained in Table 5, shows that the averages of the real
science scores are estimated with higher accuracy with the
XGBoost algorithm. Moreover, it was estimated that the
science score estimates calculated with the XGBoost
algorithm would increase for the countries at level 1
according to the science score they received in 2015, but

the increase in these countries was higher than the pre-
dicted level. In addition to these, the level of change in the
mean science score for all countries surveyed (partial
decrease in the mean science score of the Chinese Taipai
and increase in the mean science score of all other coun-
tries) was determined with high accuracy. This is an
important piece of evidence showing that the future pre-
diction performance of the machine learning model is
accurate and high. In addition, the increase in average
science achievement scores for countries at level 1 was
more than the expected (predicted) level. For this reason,
while the average science scores of countries with Quali-
fication levels 3 and 2 are estimated with very high accu-
racy, There was a decrease in the accuracy of the
estimation results for those at level 1.

In Fig. 6, results obtained from Table 5 are summarized
in a simplified way. In this figure, Pearson’s r correlation
coefficient values of the prediction performances obtained
with each model are shown comparatively for the coun-
tries. Accordingly, it is explicitly seen that the XGBoost
algorithm’s ability to predict PISA-2018 science achieve-
ment scores is higher for each country than other models.

When Table 5 and Fig. 6 are evaluated together, the
success level of the predictive values of PISA-2018 science
achievement scores according to the XGBoost algorithm is
highest in Luxembourg (r=0.600, RMSE = 75.06,
MAE =5997), and lowest in Finland (r = 0.467,
RMSE = 79.38, MAE = 63.24). According to these results,
it was determined that the correlation level between the
predictive values obtained for the PISA-2018 science score
and the actual data was at the level of moderate correla-
tions (0.40 < r < 0.69).
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Fig. 3 Comparison of Science performance scores estimated by the XGBoost machine learning algorithm with actual results for testing data and

estimating data

When Fig. 3 is examined for the estimating data (PISA -  exam and the actual score is at an acceptable level, except
2018) again, it is seen that the relationship between the  for a few outliers. According to the hexagonal density

estimated Science score scores of the students who took the diagram of the PISA-2018 data for all countries studied,
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Fig. 3 continued

estimation results of the science scores of students who
came close to the average level were found highly accurate,
similar to the results obtained from the Testing data (dark
red color). Again, similar to the results obtained from the
testing data, it is seen that the prediction performance
decreases, and the estimation error increases at the mini-
mum and maximum levels of science scores (dark blue
color). However, according to the number of Counts, which
is the indicator of the hexagonal density diagram, it was
determined that these high erroneous results were very few.
These results show that with the machine learning model,
the individual success of a large number of students who
score close to the average scores of the countries can be
estimated very close to the real result. However, the same
machine learning model could not accurately predict the
individual success of a small number of students who

@ Springer

scored very different from the average scores of countries.
From this point of view, it is clear that the model results
should be evaluated according to the average scores of the
countries, and the study should be interpreted according to
these limitations.

In Fig. 7, the histograms of the science scores estimated
by the XGBoost machine learning algorithm are given in
comparison to the histogram distributions of PISA-2018
actual science scores of all researched countries. According
to the two-sample Kolmogorov—Smirnov test, there was no
significant difference between the distributions of the
estimated PISA-2018 science achievement scores for all
countries and the actual results (p > 0.05). In other words,
it was determined that the science scores estimated by the
machine learning model showed a significantly similar
distribution with the real values in all countries studied.
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Fig. 4 Prediction performances and cross-validation diagrams for machine learning models built according to all data

Also, in Fig. 7, it is seen that the performance success of
the XGBoost estimation results does not differ according to
the qualification levels of the countries. As a result,
according to all the findings obtained, it was determined
that the XGBoost algorithm produced highly accurate and
acceptable results in predicting the science scores of the
students who took the exam in the researched countries and
the science score averages of the countries for the future.

3.5 Performances of models: Evaluation

Whether there is a significant difference between the per-
formance average scores of the models used in the study
was tested with Tukey multiple comparisons. In this test,
the correlation coefficients obtained as the result of each
model were compared. According to the results given in
Table 7 (testing data), there is a significant difference
(p < 0.05) between the correlation results obtained from
XGBoost, which gives the highest performance value, and
MLR, which shows the lowest performance, for both data

sets (training and testing data) (p < 0.05). In other words,
the prediction values obtained with the XGBoost algorithm
were determined to be significantly more successful than
the prediction values obtained with the MLR. Also, whe-
ther there is a significant difference in the prediction per-
formance of the XGBoost algorithm among the
qualification levels was examined with the two-sample
Tukey test, and it was determined that there is no signifi-
cant difference among qualification levels of the perfor-
mance success obtained from this machine learning
algorithm (p > 0.05). Results of this test are shown in
Table 7, (testing data).

Tukey multiple comparisons were used to test whether
there was a significant difference between the algorithms
examined in the study in terms of predicting PISA-2018
science achievement scores. With the help of this test, the
correlation coefficients obtained as the result of each model
were compared. According to the results given in Table 7
(estimating data), a significant difference was found
between the correlation results obtained from XGBoost,
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which has the highest performance in predicting the PISA-
2018 science achievement score, and the correlation results
obtained from MLR, which has the lowest performance
(p < 0.05). According to this result, which was obtained
similar to the PISA-2015 training and testing data, it was
determined that the estimation values created with the

@ Springer

Actual score

XGBoost algorithm were significantly more successful
than the estimation values obtained with the MLR. Simi-
larly, whether there is a significant difference in the pre-
diction performance of the XGBoost algorithm between the
qualifications levels was investigated using the Tukey test
with two samples and it was determined that there was no
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Table 5 Estimation performance of the machine learning models for
the PISA—2018 data

Country Models Performance indicators
r¥ RMSE MAE
BRAZIL MLR 0.546 7546 60.45
(3485) SVR 0.552  75.39 60.22
RF 0.560  74.40 59.82
XGBoost  0.564  74.09 59.46
CHINESE TAIPAI MLR 0.492 8295 65.82
(6296) SVR 0515 81.68 64.80
RF 0525 81.24 64.34
XGBoost  0.530  79.96 63.22
DOMINICAN REPUBLIC MLR 0493  73.12 59.40
(452) SVR 0.539  71.69 58.58
RF 0524  71.59 58.97
XGBoost 0.543 71.41 58.59
ESTONIA MLR 0.444  76.51 61.39
(4108) SVR 0455  76.02 60.94
RF 0456 7577 60.66
XGBoost  0.500 64.85 53.31
FINLAND MLR 0.451  79.81 63.75
(4373) SVR 0.448  79.95 63.66
RF 0.453  79.50 63.40
XGBoost  0.467  79.38 63.24
HUNGARY MLR 0.551  73.20 58.90
(3630) SVR 0.584  71.27 57.25
RF 0.589  71.00 56.93
XGBoost  0.595  70.67 57.03
ITALY MLR 0.397  76.46 60.83
(7481) SVR 0.444 7472 59.52
RF 0.445  74.67 59.27
XGBoost 0459  73.77 58.30
JAPAN MLR 0.447  78.56 62.72
(4833) SVR 0477  77.36 61.83
RF 0485 76.71 61.37
XGBoost 0486  76.69 61.17
LITHUANIA MLR 0416  81.31 64.77
(4866) SVR 0.439  80.28 64.35
RF 0.442 7997 64.31
XGBoost  0.458  79.03 64.19
LUXEMBOURG MLR 0.567  77.25 61.86
(3416) SVR 0.581  76.61 61.26
RF 0.591  75.65 60.56
XGBoost  0.600  75.06 59.97
PERU MLR 0438 71.12 57.23
(1369) SVR 0479  69.83 55.80
RF 0.465  69.70 55.72
XGBoost 0481  69.08 55.42

Table 5 (continued)

Country Models Performance indicators
r¥ RMSE MAE
SINGAPORE MLR 0477 8242 65.05
(5004) SVR 0515  79.79 63.12
RF 0.525 78.96 62.04
XGBoost 0.536  78.12 61.87
TURKIYE MLR 0.516  79.84  64.40
(5550) SVR 0.539  79.30 63.88
RF 0.539 7833 62.93
XGBoost 0.548  77.90 62.56

*p < 0.001, Note: The number of students participating in PISA-2018
in countries is given in parentheses

The bold font indicates the best-performing model

significant difference between the prediction performance
obtained from the XGBoost algorithm and the qualifica-
tions levels (p > 0.05). Results of this test are shown in
Table 7 (estimating data).

3.6 Effect of variables: importance level

In order to determine the importance levels of the variables
in tree-based models, the gain of prediction model must be
determined. Gain is the amount of accuracy that a feature
or variable brings to the model. In tree models, every gain
of every feature of every tree is taken into account, and
then the gain per variable for the final model is allocated.
As aresult, it is determined that the variable with the larger
amount of gain added to the model is at a more important
level for generating new predictions. Thus, the contribution
of each variable to the model accuracy can be ranked as a
percentage according to their importance level.

Figure 8 shows the percentile importance levels of the
variables for the XGBoost algorithm, which shows the best
prediction results and performance. Accordingly, as can be
seen in Fig. 8 (blue bars), SMINS, ESCS, HOMEPOS and
TMINS variables are at the top for Singapore sample,
which is one of the countries in Level 3; FISCED,
MISCED, HISCED and ST123Q02NA variables were
found to be of low importance; For the Japan sample, while
SMNS, ESCS, TMINS and WEALTH variables are at the
top; FISCED, ST011Q04TA, HISCED and ST123Q02NA
variables were of low importance; While STO13Q01TA,
TMINS, ESCS and PERFEED variables are at the top for
the Estonian sample; ST123Q02NA, HISCED, MISCED
and STO11QO04TA variables were at low significance level;
While STO13Q01TA, SMINS, TMINS and ESCS variables
are at the top for the Chinese Taipei sample; While
ST004Q01TA, FISCED, STO11Q04TA and MISCED
variables are at low importance level and for Finland
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Table 6 According to PISA 2018 data, the actual values of the (Note: Missing data were excluded from the estimations and were not
science literacy scores of the countries examined in the study and included in the calculation)
their average estimates according to machine learning algorithms.

Countries Number of qualification Observed Predicted
person levels

PV2SCIE MLR SVR RF XGBoost

(mean =+ sd) (mean = sd) (mean =+ sd) (mean & sd) (mean =+ sd)
Chinese Taipai 6296 3. Level 520 + 94 531 £ 57 527 + 58 524 + 56 522 + 65
Estonia 4108 3. Level 542 + 85 548 + 45 546 + 47 544 + 47 543 + 51
Finland 4373 3. Level 536 + 89 533 + 44 538 + 44 540 + 34 536 + 49
Japan 4883 3. Level 542 £ 87 540 £ 43 541 + 44 541 + 39 542 + 47
Singapore 5004 3. Level 566 + 92 560 £+ 59 563 £+ 58 566 + 57 566 + 65
Hungary 3630 2. Level 503 + 87 500 + 52 498 + 53 502 + 46 503 £+ 56
Italy 7481 2. Level 489 + 83 497 + 41 495 + 45 499 + 38 492 + 48
Lithuania 4866 2. Level 483 + 89 487 + 44 480 + 44 482 + 39 483 + 47
Luxembourg 3416 2. Level 501 + 93 505 + 58 506 + 57 504 + 52 501 + 62
Tiirkiye 5550 2. Level 468 + 81 439 + 42 439 + 44 440 + 37 454 + 48
Brazil 3485 la. Level 451 + 88 433 £ 49 435 £ 51 435 + 48 442 £ 53
Peru 1369 la. Level 446 + 77 430 + 37 432 + 39 434 + 35 438 £ 40
Dominican 452 1b. Level 408 + 77 375 £ 37 380 £ 41 376 £+ 37 385 £ 47

Republic

PV2SCIE PISA 2018 science achievement score
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Fig. 7 Comparison of the Singapore Japan Estonia
histograms and distributions of
countries’ actual and predicted

PISA-2018 science score values
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sample, STO13QO01TA, SMINS, ESCS and PERFEED
variables are at the top; HISCED, STO004QO1TA,
ST123Q02NA and STO011QO4TA variables were deter-
mined to be at low significance level. Similarly, as can be
seen in Fig. 8 (red bars), ST0O13Q01TA, ESCS, TMINS
and SMNS variables are at the top for the sample of
Luxembourg, which is one of the Level 2 countries;
FISCED, HISCED, STO011Q04TA and STI123Q02NA
variables were of low importance; For the Italy sample, the
variables ST013Q01TA, TMINS, PERFEED and SMNS
are at the top; MISCED, FISCED, STO11Q04TA and
ST123Q02NA variables were of low importance; While
STO13QO1TA, ESCS, TMINS and PERFEED variables are
at the top for Hungary sample; ST123Q02NA, HISCED,
FISCED and ST011QO04TA variables were at low signifi-
cance level; For Lithuania sample, ESCS, STO13Q01TA,
TEACHSUP and TMINS variables are at the top; FISCED,
ST004Q01TA, MISCED and HISCED variables were
found to be of low importance; For Tiirkiye sample,
STO13QO01TA, WEALTH, TMINS and ESCS variables are
at the top; It was determined that STO04Q01TA, FISCED,
ST123Q02NA and HISCED variables were at low signifi-
cance level. Finally, as can be seen in Fig. 8 (grey bars),
SMINS, ESCS, TMINS and HOMEPOS variables are at
the top for the Brazil sample, which is one of the Level 1
countries; FISCED, ST004QO01TA, STO11Q04TA and
ST123Q02NA variables were of low importance; For the
Peru sample, ESCS, BELONG, TMINS and PERFEED
variables are at the top; STO11QO04TA, STO04QOITA,
EMOSUPS and ST123Q02NA variables were found to be
of low importance; For the Dominican Republic sample,

Fig. 8 Importance levels of the variables (as percentile) for thep
XGBoost algorithm, which shows the best prediction results and
performance

TMINS, HOMEPOS, BELONG and ESCS variables are at
the top; HISCED, ST123Q02NA, STO004Q01TA and
STO11QO4TA variables were found to be of low
importance.

As a result, SMINS, TMINS, ESCS variables rank high
in terms of importance in all 13 countries participating in
the study, while FISCED, MISCED, HISCED and
ST123Q02NA variables were determined at low impor-
tance. According to this, although the variables of time
spent learning science per week, total learning time and
socio-economic level are highly important variables in
terms of predicting the science achievement of countries
for the future, it is observed that the variables of father
education level, mother education level, highest education
level of parents and parental support were found to be of
low importance. In addition to these results, no significant
differences were detected between the importance levels of
the variables in terms of qualification levels. However, it is
a remarkable result that the STO13QO01TA variable was of
high importance in the 2nd and 3rd level countries, but
remained at low and medium level in the 1st level coun-
tries. Another interesting result is the HOMEPOS variable.
Although this variable was generally of medium impor-
tance, it was found to be of high importance in the
Dominican Republic (12.4%), Singapore (9.8%), and
Brazil (8.78%). Furthermore, the WEALTH variable was

Table 7 Tukey multiple comparisons results for models and qualifications levels

Comparison of models

Comparison of qualifications levels

Models groups diff Iwr upr padj Levels groups diff Iwr upr p adj
Testing data RF—MLR 0.024 — 0.007 0.054 0.178 Level 2—Level 3 0.030 —0.029 0.088 0.427
SVM—MLR 0.021 —0.010 0.052 0.282
XGBoost—MLR* 0.036 0.006 0.066 0.014 Level 1—Level 3 0.022 - 0.045 0.089 0.688
SVM—RF — 0.003 —0.033  0.027 0.994
XGBoost—RF 0.0121 —0.018 0.043 0.734 Level 1—Level 2 — 0.007 —0.074 0.060 0.961
XGBoost—SVM 0.015 —0.015 0.046 0.578
Estimating data RF- MLR 0.027 —0.010 0.064 0.222 Level 2—Level 3 0.028 —0.061 0.118 0.674
SVM—MLR 0.024 —0.013 0.061 0.320
XGBoost—MLR* 0.044 0.006 0.081 0.017 Level 1—Level 3 0.026 —0.078 0.129 0.783
SVM-RF — 0.003 —0.040 0.034 0.996
XGBoost—RF 0.016 —0.021 0.053 0.669 Level 1—Level 2 —0.003 —0.106 0.100 0.996
XGBoost—SVM 0.019 —0.018 0.057 0.535

*p < 0.05; diff = the mean difference between two groups; lwr = the lower end point of the interval; upr = the upper end point of the interval;

p adj. = the p value for the comparisons
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Fig. 8 continued

found to be the second most important variable (12.5%)
only in Tiirkiye. Finally, according to the overall results
summarized in Fig. 8, the difference between the variable
with the highest significance level and the variable with the
lowest significance was determined most in Singapore
(28.9%) and least in Dominican Republic (11.9%).

3.7 Importance of PISA results: impacts
on education systems

Presently, there is a huge amount of data collected about
individuals in different environments and for different
purposes and it is very important to determine the level of
influence of these data in the decision-making process

@ Springer

[27, 82-84]. Thanks to the international recognition that
the PISA project has achieved and the prestige it has gained
in the media, PISA results have become the most important
indicator in many participating countries and formed the
basis for education policies [8, 17, 31, 85-88]. It is
understood from the increase in the number of countries
participating in the exam that the interest in the PISA has
increased over the years due to the results it reveals about
the national education systems [46, 47].

Comparative evaluation of the findings obtained in
PISA, implemented by the OECD, on the basis of common
indicators, is important and meaningful for the education
policies to be produced in this regard [1]. Researchers
suggest that policymakers should take into account factors
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affecting PISA results, review variables in detail, compare
country educational performance, develop and regulate
education programs in this context, and increase invest-
ment in education [6, 87-95]. For this reason, it is very
important to determine the variables with high importance
that affect the PISA results with scientific approaches
(machine learning algorithms in this study) and for the
countries to make improvements in their education systems
based on these variables in order to achieve success.

4 Conclusions

In this study, PISA-2015 data of 13 randomly selected
countries were trained separately with certain machine
learning algorithms (MLR, SVR, RF, and XGBoost), and
the models created at the end of the training, the PISA 2018
science achievement scores were estimated both as the
individual score of the students who took the exam and as
the average score of the countries participating in the exam.
According to the findings obtained in the study, it has been
determined that the XGBoost machine learning algorithm
performs more accurate predictions by showing higher
performance than the results obtained with other models in
all countries investigated. It was determined that the
highest PISA-2018 science achievement scores of the stu-
dents who participated in the exam, estimated by this
algorithm, were in Luxembourg (r = 0.600, RMSE =
75.06, MAE = 59.97), while the lowest were in Finland
(r = 0.467, RMSE = 79.38, MAE = 63.24). In addition,
the degree of correlation between the predicted scores and
the actual scores of the students who took the exam in all of
the researched countries was found at the level of moderate
correlations (0.40 < r < 0.69). With the XGBoost algo-
rithm, the average science scores of the countries were
estimated, and the direction of change in the form of
increase and decrease in the average science score as well
as the average scores for all surveyed countries were esti-
mated with high accuracy. This is an important piece of
evidence showing that the future prediction performance of
the machine learning model is accurate and high. In addi-
tion to these, the importance levels of the variables that
affect the success of the model were also examined, and it
was determined that the importance levels of the SMNS,
TMINS, ESCS variables were high, and the FISCED,
MISCED, HISCED, and ST123Q02NA variables were low
in all of the countries studied. Additionally, in terms of
qualification levels, no great differences were detected
between the importance levels of the variables. As a result,
according to all the findings obtained, it was revealed with
this study that machine learning methods, and especially
the XGBoost algorithm displayed a successful performance
in predicting the science scores of the students who took

the exam in the researched countries. Moreover, the future
science achievement averages of the countries were esti-
mated at the high-performance level with the same algo-
rithms. In addition, the results revealed important findings
that can be used in the development of educational
strategies in the countries surveyed, especially considering
the importance of the factors investigated.

Increasing the number of different and significant input
variables that greatly affect science success, not using
variables with low importance in success level in the
machine learning process, and developing machine learn-
ing processes with hybrid methods can help further develop
this study and make predictions with higher accuracy.
However, it should be noted that the machine learning
process and the prediction periods will be longer in that
case. We recommend these issues be taken into consider-
ation for future studies.
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