
 
 

International Journal of Psychology and Educational Studies, 2023, 10(4), 896-909 

 

www.ijpes.com 

 
International Journal of Psychology and Educational 

Studies  

 ISSN: 2148-9378 

Investigation of Turkish Students' School Engagement through Random 
Forest Methods Applied to TIMSS 2019: A Problem of School Psychology 

Hikmet ŞEVGİN1, Anıl Kadir ERANIL2 
1 Faculty of Education, Van Yüzüncü Yıl University, Van, Türkiye 0000-0002-9727-5865 

2 Nevşehir National Education Directorate, Nevşehir, Türkiye 0000-0001-7804-735X 

ARTICLE INFO 
 

ABSTRACT 

Article History 
Received 18.06.2023 
Received in revised form 
13.09.2023 
Accepted 06.10.2023 
Article Type: Research 
Article 

 

 In this study, in line with TIMSS 2019 data, 8th grade students' school engagement in the Turkish 
education system and various variables in the field of science and mathematics, which are thought 
to be related to school engagement, were examined with the Random Forest method, a method 
amongst data mining methods. This research focuses on student bullying, which includes 
psychological factors at school, such as whether students like or dislike their lessons, their confidence 
in science, their self-confidence, absenteeism, and the effects of teachers' teaching methods on SE.  
The sample of the study consisted of 3872 students in the science data set and 3802 students in the 
mathematics data set, which remained as a result of the lost data deletion and assignment processes 
from 4077 students who originally participated in the application. The open-source Python 
infrastructure was used in the analysis of the data. Orange 3.32 data mining program was employed 
for model setup. The model performance criteria MSE, RMSE, MAE and R2 values obtained as a 
result of the analysis. In both areas, the variables that contribute to the prediction of students' school 
engagement were ranked according to their importance levels, starting from the most important, also 
interpreted and discussed. It was observed that the performance criteria of the established model 
have values close to zero in the field of science (MSE: 2.775 RMSE: 1.666 MAE: 1.267) and mathematics 
(MSE: 2.240 RMSE: 1.497 MAE: 1.131). Variables explain school engagement at the rate of 69.6% in 
science and 75.7% in mathematics. The order of importance of the variables in both areas showed a 
great similarity. Student bullying was obtained as the most important variable. Prospective studies 
can also be planned towards collecting more in-depth data deploying qualitative data collection 
methods under a qualitative research model that also includes the opinions of self, peers, teachers 
and parents. For the education policies that the TES should produce toward increasing SE, it is 
weighty to reduce and prevent student bullying in schools with sustainable practices. Exclusively 
school administrations should focus on student bullying with the help of counselors, diagnose the 
problems and take measures in and out of school according to the types of bullying. 
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1. Introduction 

Ensuring that students are educated as individuals who are well-equipped in all aspects of attaining academic 
success and establishing healthy social relations is an output desired by all education systems. First of all, 
students need to love school and thusly wish to spend time in the school environment. Arguably, education 
systems can achieve their goals in this way. To that end, it would be fair to say that school engagement (SE) 
has a positive effect on students, both in terms of creating and sustaining academic and social relations as 
desired. Similarly, SE is considered a solution to problems emerging on the way to reaching the goals, as it is 
closely related to increasing students' academic achievement and improving their learning skills (Ladd & 
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Dinella, 2009). In addition, students with high SE have more positive social relationships with their 
schoolmates and have higher social competencies (Demirtas-Zorbaz et al., 2018). Therefore, SE is deemed 
pivotal by researchers as it increases both the social and academic development of the student (O'Farrell et al., 
2006). 

Although not wanting to be in the school environment may arise as a student-related reason, it is oftentimes 
caused by obligations such as the environment or family conditions of the student. Thus, SE should not be 
understood as a phenomenon that is solely student-dependent. Family, peers, and the school itself are the 
three main contexts associated with SE (Fernández-Zabala et al., 2016). SE, which gains a multifaceted and 
intricate structure, then concerns each of the education stakeholders in this framework. 

All these situations are also present in the Turkish education system (TES). When the research results in TES 
are examined, it is evident that SE is a subject that needs to be investigated with various variables. Moreover, 
it is understood that school is the place where a child should be in terms of healthy development. Therefore, 
it is necessary to determine each factor that increases the child's commitment to school. The fact that SE has a 
place in the education system in practice can be considered a way to not only educate students with high 
academic success but also to educate children in schools as healthy individuals in all aspects. 

There is also a relationship between academic success and SE. According to the results of Kaya and Boyraz's 
(2020) meta-analysis research, SE has a weak positive effect on students' academic achievement. According to 
the results of Özdemir and Yalçın's (2009) research, there is a positive correlation between students' SE levels 
and their Turkish, basic mathematics, social sciences, and science scores. According to Altuntaş and Sezer's 
(2017) research results, loss of interest in school and burnout due to school activities significantly predict SE. 
They found a significant relationship between the variables of grade level, academic achievement, physical 
structure of the school, teacher satisfaction, number of friends, and SE. 

In line with all these thoughts and research, SE has a key role in education in all aspects. This research aims to 
determine the variables that explain the science and mathematics scores of the 8th grade students in TES in 
line with the TIMSS 2019 Turkey data and to examine the effects of these variables on the SE. 

SE is the broadest and most frequently used comprehensive meta-structure that analyzes students' 
relationships with their schools (Fredricks et al., 2004) and is defined as the frequency of students' participation 
in academic and non-academic school activities associated with school outcomes (OECD, 2003). Along similar 
lines, SE has multiple dimensions and multiple contexts due to its encompassing nature (O'Farrell et al., 2006). 

SE is divided into three major themes, viz., behavioral, emotional, and cognitive engagement (Fredricks et al., 
2004; Jimerson et al., 2003; Li et al., 2020). Further, according to Li, Gao, and Sha (2020), SE refers to the 
behavioral, emotional, and cognitive engagement of students in learning activities and the intensity of the 
emotions they experience during the said processes. Cognitive school engagement is intellectual progress that 
is associated with the difficulties students experience in the classroom, the activities they perform, and the 
efforts they make to achieve their learning goals (Ay, 2022). When all this technical structure is taken together, 
the three dimensions of SE in question are observable outward expressions, and the emotional reactions of a 
learner to an activity or assignment can be observed in this direction through their verbal or nonverbal 
expressions (Erentaitė et al., 2018). 

A school should have a number of attractive features for students and for professional educators so that 
dropouts decrease and SE increases. According to Kukuş and Akto (2022), students want to be educated in 
schools that are well-equipped physically and where a positive rapport is created from within, especially with 
friends and teachers of students, which yields positive feelings towards school. A similar situation remains 
valid for TES as well. According to the results of Özbilen, Eranıl, and Özcan's (2018) research, students who 
are successful in their courses are also more committed to school than those who are not successful, and as 
students' relationships with their families and friends increase, so does their commitment to school. 

SE is an eminent matter that the TES tries to assure but also carries various difficulties in this regard. This is 
echoed in the line of literature too. Arastaman (2009) declared that students' commitment to school is exam-
oriented, and students show commitment to school in order to pass their courses. The notion of SE emerges 
as one that needs to be clarified for TES in this sense. Furthermore, it holds strategic importance in that as the 
grade levels of the students go higher in TES, their commitment to school declines (Şahan & Özgenel, 2021) 
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and in that the students who come to school by bus, comprising a disadvantaged group, have higher levels of 
SE than those who do not have transportation (Uzun, 2021). Vocational high schools can also be counted as a 
disadvantaged group because students with low academic success continue their education at vocational high 
schools in order to acquire professional skills. It can be put forth here that these students do not have a bright 
academic background, particularly when thinking about their primary and secondary school lives. Taking 
these into consideration, SE in TES appears to carry a prominent role, in particular in terms of enabling 
disadvantaged students to carry on education in a formal environment. Apart from these, Ünlü, Evcin, Yılmaz, 
and Dalkılıç (2013) put forward that crime and violence tendencies in vocational high schools are more 
prevalent than in other high school types. Vis-à-vis SE, this can be further supported by the study of Özbilen, 
Eranıl, and Özcan (2018), who announced that there is a negative correlation between students' SE and 
aggression in TES. In TES, a negative correlation was found between SE, deviant behaviors, and substance use 
(Ünal & Çukur, 2011). 

TIMSS is an international test and calculates possible values for each student. Because of its focus on TIMSS 
data, this research focused on the mathematics and scores of 8th grade students in Turkey on the axis of school 
engagement. In summary, the Turkish results of the TIMSS data presenting some findings on the commitment 
of 8th graders to school may shed light on how to ensure SE in TES. Although some studies have been 
conducted on SE as a result of the research mentioned above, no study has been found that comprehensively 
investigates students' SE in the Turkish education system through the Random Forest (RF) method within the 
scope of educational data mining in line with the data obtained in the field of education. The main problem 
situation that this research focuses on is 'What are the various variables that explain the level of school 
engagement of 8th grade students in the Turkish education system through their mathematics and science 
achievement scores?' In this context, answers to the following questions are sought: 

• Based on Random Forest data mining method in line with TIMSS 2019 Turkey science scores, 
SE's'student bullying, student values science, students like learning science, instructional clarity in 
science lessons, student confidence in science, absenteeism, intended graduation level in education', 
what are the significance levels in terms of predictors? 

• Based on Random Forest data mining method in line with TIMSS 2019 Turkey mathematics scores, 
SE's'student bullying, instructional clarity in mathematic lessons, students like learning mathematics, 
students value mathematics, students confident in mathematics, disorderly behavior in mathematics 
during lessons, absenteeism, intended graduation level in education', what are the significance levels in 
terms of predictors?  

2. Methodology  

2.1.Research Model 

This research adopts a quantitative paradigm and was designed using a correllation survey model. Using 
correllation surveying, information about a large group can be received by examining a sample (Leedy & 
Ormrod, 2005). The correllation survey model refers to the correlational and regressional approach between 
the predicted variable and the predictive variables. 

2.2. Study Group 

The data for this study consists of 4077 Turkish students who participated in the TIMSS 2019 application. 
Before starting the analyses, the deletion of missing data in demographic data was performed. In this process, 
students who left the demographic variables unanswered, about which information was tried to be collected 
with a single answer, were excluded from the data set. This process was applied to six variables, 3 in the field 
of science and three in the field of mathematics. Thus, data belonging to 205 (5%) students in science and 275 
(6.5%) students in mathematics were removed from the data set by applying the deletion process via index. 
As a matter of fact, in this study, it can be stated that the change in the standard deviation and the power of 
the test were affected at a low level because the sample size was large enough and the deletion process was 
low. Due to the fact that demographic data includes deletion and data obtained at the Likert-type scale level, 
MCAR (totally unbiased loss) missing data for each scale is less than 5% in total (Tabachnick & Fidell, 2015), 
value assignment according to the mean was applied. In this process, in order not to reduce the variance and 
correlation of the variables, the averages of the items were taken into account on the basis of each item, not on 
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the basis of the variable. In Annex-1, information on the first and last mean and standard deviation values on 
the basis of each item and how many cells were assigned to each item is given in tabular form. Thus, 3872 
students in the science data set and 3802 students in the mathematics data set constitute the sample of this 
study. 

2.3. Data Collection Tools and Procedure 

The TIMSS 2019 application contains several cognitive and affective scales prepared at the scale level in the 
field of science and mathematics and items composed of demographic information about students. In this 
study, science and mathematics fields were inspected separately. What is more, the data belonging to the 
variables determined specifically for these areas on SE was delved into through the 'Random Forest' data 
mining method. 

In the model established in the field of science, SE (5 items) was the dependent variable, student bullying (14 
items), student values science (9 items), instructional clarity in science lessons (7 items), students like learning 
science (9 items), and students confident in science (8 items) were included in the model as independent 
variables. In the model established in the field of mathematics, SE (5 items) was the dependent variable, while 
student bullying (14 items), students value mathematics (9 items), instructional clarity in math lessons (7 
items), students like learning mathematics (9 items), students confident in mathematics (9 items), and 
disorderly behavior during mathematics lessons (6 items) were included in the model as independent 
variables. In addition, the categorical variables of absenteeism and intended graduation level in education 
were also included in both science and mathematics models. All variables obtained at the scale level are of the 
4-point Likert type. In the determination of these variables, the opinions of the experts were taken into account. 
Opinions of three experts in each field, including two field experts and one measurement and evaluation 
expert from each of the fields of science and mathematics, and a total of five experts were taken. The voting 
technique was used in the determination phase, and the variables that received at least two out of three votes 
were included in the model. 

In order to provide evidence for the validity of the scales, the results of the exploratory factor analysis specified 
in the TIMSS 2019 technical report were examined. Each scale has a single factor, and the lowest item is 0.51 
while the highest is 0.89 (Martin et al., 2020). It is understood that the relevant features of the items belonging 
to the scales are good representatives. Reliability indices (Chronbach alpha) presented at the scale level were 
also examined. It was observed that only the belonging to school scale (0.76) was below 0.80, and all scales had 
a reliability index above 0.80. In addition, the highest reliability was found to be 0.92 on the love of learning 
mathematics scale (Martin et al., 2020). In this study, the reliability index of the scales was recalculated due to 
data deletion and assignment operations. It was observed that the same values were obtained, with the lowest 
0.76 belonging to the school belonging scale and the highest 0.92 for the love of learning mathematics scale. In 
the related literature, 0.60≤ α ≤0.80 is considered highly reliable, and 0.80≤ α ≤1.00 is highly reliable (Özdamar, 
2013). Reliability values arrived at can be expressed as values above the accepted limit values. 

The histogram and Q-Q graphs were examined for the univariate normal distribution of the dependent 
variable SE. Evidence was also collected through skewness-kurtosis values and hypothesis testing. The fact 
that the normal distribution curve drawn on the histogram graph did not comply with the graph, while the 
points on the Q-Q graph showed direct deviations from the plot, showed a deviation from normality. The fact 
that the skewness (-1.324) and kurtosis (-1.728) values are outside the range of -1 to +1 indicates a deviation 
from normality. The fact that the p value obtained as a result of the Kolmogorov-Smirnov test, which is one of 
the hypothesis tests for normality, is lower than 0.05 indicates a deviation from normality. All this evidence 
reveals that the dependent variable does not exhibit a normal distribution. For multivariate normality, 
univariate normality must be provided. Therefore, since univariate normality could not be achieved, 
multivariate normality was not examined. In the graph showing the standardized residual values and the 
estimated values for linearity, it was observed that there was no symmetrical pattern above and below the y=0 
line, but a curved pattern, and there was no linearity between the variables. In addition, the homogeneity of 
variances was tested with Levene's test, and the p value was found to be less than 0.05. Therefore, it was 
concluded that the variances were not homogeneous. Findings related to all these assumptions show that non-
parametric tests should be preferred rather than parametric tests such as multiple linear regression. In this 
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context, the TIMSS 2019 Turkey dataset was analyzed using the 'Random Forest' method, which is a non-
parametric test type. 

Prior to the analysis, it was tested to see if there was a multicollinearity problem among the variables included 
in the analysis. In multicollinearity tests, Variance Inflation Factor (VIF) and Tolerance values of 
multicollinearity are allowed. Sould the VIF value is greater than 10 or the Tolerance value is less than 0.1, it 
is evident that there is a multicollinearity problem between the variables (Keller et al., 2012). In this study, it 
was perceived that the VIF values for the Science data set ranged from 1.042 to 2.537, the Tolerance values 
ranged between 0.394 and 0.959, the VIF values for the mathematics data set ranged between 1.144 and 2.586, 
and the Tolerance values ranged between 0.387 and 0.874. Accordingly, there is no multicollinearity problem 
between the variables used in the research. 

2.4. Data Analysis 

As in all fields, in the field of education, the preferred analysis method also changes depending on whether 
the data set is parametric or non-parametric. Recently, data mining and machine learning methods have been 
preferred in the analysis of all data sets, irrespective of whether they are parametric or not (Strobl et al., 2009). 
It can be said that it ensures richness in the variety of analysis that can be employed in the analysis of data sets 
demonstrating a non-parametric structure (Strobl et al., 2009). The random forest (RF) data mining method is 
an ensemble learning method. RF trains many classification and regression trees (C&RT) from the family of 
decision trees, randomly using the bagging method to obtain a more accurate prediction among them, and 
combines multiple C&RT trees to form a forest. This created forest is a C&RT community trained with the 
bagging method. Bagging constitutes the final classifier of the models for classification through the multiple 
voting method and the final estimator for the regression models with the average of the parameter estimates 
(Ferreira & Figueiredo, 2012). Therefore, the RF method is used in both classification and regression analysis 
(Breiman, 2001). 

RF consists of two stages. In the first stage, it creates a random forest from decision trees (C&RT, etc.). It then 
makes predictions on the generated random forest classifier. It is known to be used in many fields, such as 
econometrics, medicine, banking engineering, and education. 

That said, some 'tunning' settings need to be made during the model setup phase. First off, the value equal to 
the square root of the number of attributes (dependent and independent variables) in the data should be 
chosen for the number of variables to be randomly selected at each node (Breiman Last & Rice, 2003). Since 
the number of features in the model established for the science field is 8, the square root is approximately 2.82. 
As it is necessary to enter an integer, this number is selected as 3 by completing one on top of the other. 
Correspondingly, as the number of features in the model established for the field of mathematics is 9, this 
number has been chosen as 3 with its square root. The next step is to decide on the number of trees sufficient 
for analysis. In this case, it is significant to appoint the most suitable number of trees to form the decision 
forest. For this, the number of trees with the lowest error values indicates a sufficient number of trees (Huffer 
& Park, 2020; Probst & Boulesteix, 2017). The RF method does not need to provide the assumptions that the 
data set needs to be provided for the parametric methods to be preferred. In this respect, the RF data mining 
method is a non-parametric method that does not require assumptions such as normality, linearity, and 
homogeneity (Geneur et al., 2017; Biau & Scornet, 2016). 

In this research, the 'Random Forest' analysis method, which is one of the data mining methods, was selected 
because the data set exhibits non-parametric properties pertaining to its structure. The open-source Python 
infrastructure was referred to in the analysis of the data, and the Orange 3.32 data mining program was 
utilized for model setup.  

Model Performance Metrics 

MSE (Mean Squared Error)  𝑴𝑴𝑴𝑴𝑴𝑴 = 𝟏𝟏
𝒏𝒏
∑ (ŷ𝒊𝒊 − 𝒚𝒚𝒊𝒊)𝟐𝟐𝒏𝒏
𝒊𝒊=𝟏𝟏  

In general terms, mean square error refers to the closeness of a set of points to the regression curve MSE 
measures the amount of error of an estimator, always has a positive value, and evaluates the mean square 
difference between observed and predicted values. Estimators with an MSE close to zero perform better (Bickel 
vd., 2015). 
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RMSE (Root Mean Square Error) 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �∑ (ŷ𝑖𝑖−𝑦𝑦𝑖𝑖)2

𝑛𝑛
𝑛𝑛
𝑖𝑖=1  

It is equal to the square root of the mean square error value. It is a metric that assesses the magnitude of error 
and is often used to find the distance between an estimator's predicted values and their true values. The RMSE 
value can range from 0 to ∞. Closer to zero signals that the error has diminished. If the RMSE value is zero, it 
means that the model has not made any errors (Willmott & Matsuura, 2005). 

MAE (Mean Absolute Error)  𝑅𝑅𝐴𝐴𝑅𝑅 = ∑ |ŷ𝑖𝑖−𝑦𝑦𝑖𝑖|
𝑛𝑛
𝑖𝑖=1

𝑛𝑛
 

The mean absolute error is a measure of the errors between two continuous variables, the predicted value and 
the observed value. MAE is the average vertical distance between each true value and the line that best fits the 
data. MAE is also the average horizontal distance between each data point and the best-fit line. The MAE value 
can range from 0 to ∞. Estimators with an MAE close to zero perform better (Willmott & Matsuura, 2005). 

R2 (Coefficient of Determination) 𝑅𝑅2 = 1 − ∑ (ŷ𝑖𝑖−𝑦𝑦𝑖𝑖)2𝑖𝑖
∑ (ŷ−𝑦𝑦𝑖𝑖)2𝑖𝑖

 

The coefficient of determination (R2) is a statistical measure that represents the ratio of the variance explained 
by the independent variables in the regression model for the dependent variable (Glantz vd., 1990). 

2.5. Ethical  

The research was carried out with the approval of the Van Yüzüncü Yıl University Ethics Commission, dated 
July 25, 2022, and numbered 2022/16-03. 

3. Findings 

In this section, the findings obtained in terms of metric values are shared in order, first for the science field 
and then for the mathematics field.  

Science Score and SE: For the model established in the field of science, the most suitable number of trees to form 
the decision forest has been determined. The analysis of tree numbers was repeated for each selection as 100, 
250, 500, 750, 1000, 1500, 2000, and 3000. The results obtained are presented in Table 1. 

Table 1. Determination of the Maximum Sufficient Number of Trees According to the Metrics Obtained in Science 
Field       Number of trees MSE RMSE MAE R2 

Sc
ie

nc
e 

100 2.811 1.676 1.273 0.692 
250 2.790 1.670 1.272 0.695 
500 2.787 1.670 1.270 0.695 
750 2.775 1.666 1.267 0.696 

1000 2.776 1.668 1.269 0.696 
1500 2.776 1.666 1.267 0.696 
2000 2.776 1.667 1.268 0.696 
3000 2.778 1.667 1.268 0.696 

As can be seen in Table 1, the lowest error value was obtained for the number of 750 trees. In all subsequent 
tree numbers, it was observed that the error rate was always the same or close to it. It can be said that the 
same or close values are obtained no matter how much the number of trees increases. The analysis results 
obtained for the model established in this study were obtained with a total of 750 trees. 

The MSE value is 2.775, the RMSE value is 1.666, the MAE value is 1.267, and R2 was obtained as 0.696. 
Evidently, the MSE, RMSE, and MAE values are close to zero. The fact that these values are zero means that 
the established model does not have any mistakes. In this direction, the obtained values indicate that the error 
rate is low. It can be said that the values estimated by the method are close to the real values. The percentile 
of the coefficient of determination reveals the explained variance of the model. In this study, it was realized 
that the independent variables included in the model explain 69.6% of the dependent variable. The most 
important predictors and significance levels of these variables on the dependent variable in the established 
model are given in Table 2. 

 



International Journal of Psychology and Educational Studies 2023, 10(4), 896-909 

 

902 

Table 2. Significance Levels of Variables in Science According to the Random Forest Method 
 Variables Data type Severity level % 

1 Student bullying Continuous 0.232 23,3 
2 Students value science Continuous 0.162 16,2 
3 Students like learning science Continuous 0.161 16,1 
4 Instructional clarity in science lessons Continuous 0.155 15,5 
5 Student confident in science Continuous 0.145 14,5 
6 Absenteeism Categorical (5) 0.023 2,3 
7 Intended graduation level in education Categorical (6) 0.018 1,8 

Categorical 5: "Hardly ever" Categorical 6: "Postgraduate”  

When Table 2 is viewed, the most important predictors of SE are: student bullying, student values of science, 
students like learning science, instructional clarity in science lessons, student confidence in science, 
absenteeism, and intended graduation level in education. The scatter plots showing the relationship between 
the variables that are continuous among the independent variables and SE are presented in Figure 1. 

10 15 20 25 30 35 40 45 50 55 60

Student Bullying

4

6

8

10

12

14

16

18

20

22

Se
ns

e 
of

 S
ch

oo
l E

ng
ag

em
en

t

 
5 10 15 20 25 30 35 40

Students Value Science

4

6

8

10

12

14

16

18

20

22

Se
ns

e 
of

 S
ch

oo
l E

ng
ag

em
en

t

 
6 8 10 12 14 16 18 20 22 24 26 28 30

Instructional Clarity in Science Lessons

4

6

8

10

12

14

16

18

20

22

Se
ns

e 
of

 S
ch

oo
l E

ng
ag

em
en

t

               
(a)        (b)          (c) 

5 10 15 20 25 30 35 40

Students Like Learning Science

4

6

8

10

12

14

16

18

20

22

Se
ns

e 
of

 S
ch

oo
l E

ng
ag

em
en

t

  
6 8 10 12 14 16 18 20 22 24 26 28 30 32 34

Students Confident in Science 

4

6

8

10

12

14

16

18

20

22

Se
ns

e 
of

 S
ch

oo
l E

ng
ag

em
en

t

 
(d)          (e) 

Figure 1. Scatter Plots Displaying the Relationships Between the İndependent Variables in Science and the Dependent 
Variable (SE) 

As can be seen in Figure 1a, there is a negative relationship between student bullying and SE. SE decreases as 
long as student bullying increases. In Figure 1b, SE increases as student values of science increase. In Figure 
1c, the SE increases as the instructional clarity in science lessons increases. Similarly, SE increases as students 
like learning science increase (Figure 1d). Finally, the SE increases as student confidence in science increases, 
albeit at a low level. 

Mathematic Score and SE: For the model established in the field of mathematics, the most appropriate number 
of trees has been determined to create the decision forest. In this frame, the analyses were repeated for each 
selection, with tree numbers of 100, 250, 500, 750, 1000, 1500, 2000, and 3000. The results reached are presented 
in Table 3. 

As can be accessed through Table 3, the lowest error value was obtained at the number of 1000 trees. In all 
subsequent tree numbers, it was unearthed that the error rate was always the same or close to it. This can be 
accounted for by the fact that the same or close values are obtained no matter how much the number of trees 
rises. The analysis results obtained for the model established in this study were obtained with a number of 
1000 trees. 
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Table 3. Determination of the Maximum Sufficient Number of Trees According to the Metrics Obtained in the Field of 
Mathematics 

Field Number of trees MSE RMSE MAE R2 
M

at
he

m
at

ic
s 

100 2.300 1.517 1.143 0.750 
250 2.251 1.500 1.135 0.756 
500 2.266 1.505 1.136 0.754 
750 2.250 1.500 1.132 0.756 
1000 2.240 1.497 1.131 0.757 
1500 2.240 1.500 1.133 0.756 
2000 2.241 1.497 1.131 0.757 
3000 2.242 1.499 1.132 0.756 

The MSE value is 2.240, the RMSE value is 1.497, the MAE value is 1.131, and R2 was obtained as 0.757. It is 
noticed that the MSE, RMSE, and MAE values are close to zero, so one may say that the obtained values have 
a low error rate. As a result, the model verifies that the values estimated by the method are close to the true 
values. On top of these, it is contemplated that the independent variables included in the model explain 75.7% 
of the dependent variable. The most important predictors and significance levels of these variables on the 
dependent variable in the established model are communicated in Table 4. 

Table 4. Significance levels of variables in the field of mathematics according to the random forest method 
 Variables Data type Severity 

level 
% 

1 Student bullying Continuous 0.173 17,3 
2 Instructional clarity in math lessons Continuous 0.170 17,0 
3 Students like learning mathematics Continuous 0.166 16,6 
4 Students value mathematics Continuous 0.127 12,7 
5  Student confident in mathematics Continuous 0.123 12,3 
6 Disorderly behavior during mathematics lessons Continuous 0.118 11,8 
7 Absenteeism Categorical (5) 0.018 1,8 
8 Intended graduation level in education Categorical (6) 0.015 1,5 

When Table 4 is scanned, the essential predictors of SE are, respectively, flows: student bullying, instructional 
clarity in mathematic lessons, students like learning mathematics, students value mathematics, students are 
confident in mathematics, disorderly behavior during lessons, absenteeism, and intended graduation level in 
education are variables. Figure 2 illustrates the scatter plots showing the relationships between the continuous 
variables, which are independent variables, and the SE. 
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Figure 2. Scatter Plots Showing the Relationships Between Independent Variables in Mathematics and the Dependent 
Variable (SE) 
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As can be seen in Figure 2a, SE goes down as long as student bullying goes up. Put differently, there is a 
negative relationship between them. In Figure 2b, it was noted that SE increased with intensified instructional 
clarity in math lessons. In figure 2c, students’ liking for learning mathematics increases as the SE multiplies. 
Uniformly, in figure 2d, SE augments as the students’ mathematical value progresses. The SE of students 
confident in mathematics heightens, albeit to a small extent. Finally, there is a negative relationship between 
disorderly behavior during mathematics lessons and SE. It was noted that the SE decreased as the disorderly 
behavior during mathematics lessons increased. 

4. Conclusion and Discussion  

Within the scope of this study, the SE of 8th grade students participating in the TIMSS 2019 application from 
Turkey and various variables in the field of science and mathematics, which are included in the application 
and are thought to be related to SE, were examined using the Random Forest method, a data mining method. 
Variables related to school attachment (SE) were included in the model separately for the science and 
mathematics fields, and analyses were executed. In this regard, the relationship between various variables that 
explain the level of SE of 8th grade students in the TES in the fields of mathematics and science was dwelled 
upon. Moreover, the ways in which these variables serve SE or dropout were paid attention to in light of the 
available data. It might be concluded that each variable included in the model significantly contributes to the 
prediction of students' commitment to school (SE). 

The order of the significance levels obtained as a result of the analysis of the variables included in the model 
in science and mathematics is quite similar. In both, student bullying is obtained as the most important 
variable. In other words, according to the first result of the research,'student bullying' is ranked at the top in 
both fields, and it is the variable that contributed the most to predicting students' SE. Reducing student 
bullying significantly amplifies students' SE. SE is a complex development process (Perdue et al., 2009). 
Knowing that, it may be argued that a student's SE is also affected by numerous situations, such as the school 
environment, friend relations, teacher relations, and family structure. Family support and student-family 
relations are among the most important factors that impact students' SE (Atoum et al., 2019; Erol & Turhan, 
2018; Mehta et al., 2013; Mo & Singh, 2008; Murray, 2009; Revuelta et al., 2018). 

Li, Chen, and Li (2020) emphasized in their study that it is paramount to develop students' sense of SE against 
peer bullying because, according to Yang (2015), one of the most negative consequences of student bullying is 
school dropout Then, the development of the sense of SE, which is a complex structure, attracts the attention 
of educators (Li et al., 2020; Luo et al., 2020; Önen, 2014). This hints at the fact that, on account of student 
bullying in the school environment, the student does not feel comfortable or safe at school, and their 
commitment to school degrades. Consonantly, Özdemir and Yalçın's (2019) study recorded a positive 
relationship between students' perceptions of school safety and their Turkish, mathematics, and science scores. 
According to Aulia (2016), when students are bullied at school, they develop negative emotions and are 
exposed to physical and verbal bullying in their relationships with their peers. How the child feels at school 
emerges as an exigent parameter in this context. According to Reschly, Huebner, Appleton, and Antaramian 
(2008), children who feel positive at school are more willing to learn, while those who feel negative develop 
less SE. Alongside these, children who are involved in bullying behaviors are also prone to harmful behaviors 
such as drinking alcohol and smoking (Cosma et al., 2015). 

The quality of friendship and peer support of a child with peers advance SE (Perdue et al., 2009). Along with 
this, teacher bullying and peer bullying significantly influence student behavior (Najam & Kashif, 2018). Peer 
social support can be considered the opposite of peer bullying, and peer social support affects students' school 
adjustment more strongly than teacher social support (Wang & Eccles, 2012). Similarly, Mehta, Cornell, Fan, 
and Gregory (2013) underpinned in their study that peer bullying is effective on students' school participation. 
Han, Kang, Choe, and Kim (2021) uncovered a negative relationship between peer bullying and students' SE 
feelings in the study they conducted with students from the Northeast Asian region and the United States who 
participated in the PISA 2015 application. It can be deduced that the results of this research and the literature 
information are similar. Lowering peer bullying both adds to the SE of students, resulting in contributions to 
their academic development. In like manner, according to the results of the research, there is a positive 
relationship between SE and students' academic desire and development (Veiga et al., 2014). 
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The quality of a child's friendship with peers and peer support are influential factors in school engagement 
(Perdue et al., 2009). Teacher bullying as well as peer bullying significantly impact student behavioral 
participation (Najam & Kashif, 2018). Peer social support can be considered the opposite of peer bullying, and 
peer social support influences students' school adjustment more strongly than teacher social support (Wang 
& Eccles, 2012). Along similar lines, Mehta, Cornell, Fan, and Gregory (2013) articulated that peer bullying has 
an effect on students' school participation. 

Han, Kang, Choe, and Kim (2021), in their study on students from Northeast Asia and the United States who 
participated in the PISA 2015 application, documented that peer bullying had a negative relationship with 
students' sense of school belonging. It can be asserted that the results of this study and the results in the 
literature are similar. Lessening peer bullying proliferates students' commitment to school and, as a 
consequence, paves the way for academic development. Consistently, according to the results of the research, 
there is a positive relationship between school engagement and students' academic desire and development 
(Veiga et al., 2014). 

According to the second series of results of this research,'student values lesson' is ranked second in science 
and fourth in mathematics among the variables contributing to students' SE prediction. The fact that students' 
levels of valuing lessons are high also strengthens the feeling of SE. Together with this,'students like learning 
lessons' is ranked third in both fields (science and mathematics) according to their level of importance. Similar 
to this result, Smith, Walker, Chen, and Hong (2020), in their study on the data from the TIMSS 2015, came to 
know that students' love of science and mathematics was a significant and positive predictor of SE. Japelj 
Pavešić, Radović, and Brese (2022) enunciated in their study on the data obtained from the countries in the 
Dinaric region participating in the TIMSS 2019 that the students with a high sense of SE also had a high love 
for science and mathematics lessons. It can be proffered that the student's liking and valuing of the lesson 
increases the SE. Love and value can also be strengthened by the student's positive perceptions of the school 
environment. According to Wang and Eccles (2013), students' perceptions of the school environment increase 
their motivation for success. By the same token, students' emotional commitment to school is also predicted 
by the teacher's trust in parents and students (Ahmed et al., 2021). According to the results of Gunuc's (2014) 
research, it was recognized that lesson engagement predicts academic success and explains it by 10%. 

According to the final group of results of this study, 'instructional clarity in lessons' is ranked fourth in science 
and second in mathematics among the variables contributing to students' SE prediction. 'Student confident' 
ranked fifth in both fields according to the level of importance.  

Beyond this, unlike the science field, the 'disorderly behavior during mathematics lessons' obtained in the field 
of mathematics is ranked sixth in the field according to the level of importance. In view of this, when the 
literature is searched, SE and school burnout are momentous variables that affect students' personal, academic, 
and social adaptation (Demirci et al., 2020). In the study of Fernández-Zabala, Goñi, Camino, and Zulaika 
(2016), the teacher's support for the student was also found to have the strongest correlation value. On this 
basis, the student's lack of self-confidence can also be interpreted as a behavioral disorder and may be 
negatively affecting SE. According to Atilola, Abiri, and Ola (2022), behavioral disorders have a negative 
impact on young people's participation in school and incorporate a potential barrier to the conduct of 
educational activities. Disadvantaged students can also be evaluated from this perspective, because according 
to Köse (2019), the quality of life of the school for disadvantaged students and teachers is a central predictor 
of SE. 

5. Suggestions 

In this study, inferences were made in light of the data from large-scale applications. Prospective studies can 
also be planned towards collecting more in-depth data by deploying qualitative data collection methods under 
a qualitative research model that also includes the opinions of oneself, peers, teachers, and parents. For the 
education policies that the TES should produce toward increasing SE, it is important to reduce and prevent 
student bullying in schools with sustainable practices. Exclusively, school administrations should focus on 
student bullying with the help of counselors, diagnose the problems, and take measures in and out of school 
according to the types of bullying. In order for students to like their lessons, the curriculum should be arranged 
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according to the interests and needs of children. Educating teachers in a more professional way, helping them 
make their students love their lessons, and respecting their work may increase their commitment to school. 

Limitation of the Research 

The data for this research is limited to the TIMSS Turkey 2019 data of 8th grade students. 
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