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Structural Equation whether it is possible to use the MARS method, which is a more flexible method
Model, compared to SEM, taking both methods into account. Regarding this goal, the
Data mining, SEM model was created with the program R using the affective data and the
TIMMS. achievement variable picked from TIMMS 2019 data. Then, the MARS method

was created using the SPM (Salford Predictive Modeler) program. The results of
the study showed that at certain points the MARS model gave similar results to the
SEM model and MARS model is more compatible with the literature.

1. INTRODUCTION

TIMSS (The Trends in International Mathematics and Science Study) is an international and
large-scale examination. The 4" and 8" grade students are able to participate into the
examination organized in a four-year period. TIMMS 2019 was the 7" administration of the
exam for the candidates from 58 different countries at the 4th-grade and the ones from 39
countries at the 8th-grade (MEB, 2019). Since TIMMS is administered at the international level,
it also offers researchers the opportunity to make some possible comparisons among the
countries, as well as the opportunity to make the evaluation of their educational systems. The
TIMMS exam includes the surveys for the students, teachers and school administrator as well
as the achievement tests. In these surveys, the affective traits of the student such as their
attitudes towards the schools and the classes, their role in the family, their experience of
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bullying at school are also measured. The factors underlying students' achievement may be
cognitive, affective. Many related studies show that achievement is associated with affective
traits (Giingor et al., 2007). This reveals that the affective aspect of learning is of great
importance (Lehman, 2006). The data obtained from such examinations provide an opportunity
to reveal the reasons why students succeed or fail from different perspectives. In the various
studies conducted on this subject, the impact of various affective traits on mathematics
achievement has been examined (Demir & Kilig, 2010; Wang, 2007; Zakaria & Nordin, 2008).
The results are also important to show the extent to which affective traits affect achievement.

The analysis of TIMSS, which has a high number of variables and specific features, and similar
large-scale exam data, can be complex. Data science provides convenience that can be
advantageous in the analysis of such large-scale examinations. Accordingly, data means a piece
of information and the smallest constituent that carries information (Orug, 2019). Technology
helps multidimensional and wide-ranging data develop; therefore, it has been inevitable that
new means of analysis have emerged to add various meanings and dimensions to data, to extract
new information that has never been extracted before from the data, and to consider data from
different angles.

Data mining means using special algorithms in extracting significant models or relationships
from large data stacks (Fayyad et al., 1996). Large data refers to a high amount of information
with its density and volume. In other words, how big the data is, how much information it
carries about the person or the item it informs, and the information it gives in a second refers to
the size of the information. Data has transformed into a subject that concerns not only academics
but also everyone in the 21st century. The data is gradually growing. With the use of
information communication technologies in almost every corner of life, rapid technological
developments trigger an increase in the size and types of data (Emre & Erol, 2017). Data mining
includes automatic data extracting, processing, and modeling through a set of methods and
techniques (Plotnikova et al., 2020). Methods such as ANN (Artificial Neural Networks), SVM
(Support Vector Machines), CART (Classification &Regression Trees), CHAID (Chi-square
Automatic Interaction Detector), MARS (Multivariate Adaptive Regression Splines) can be
given as an example to the methods used in data mining. MARS data mining method, one of
the data mining methods, was used in the study.

The MARS (Multivariate Adaptive Regression Splines) technique was first developed in 1991
by physicist Jerome Friedman at Stanford. The MARS model has many advantages for
researchers. It is a nonparametric regression method that does not have any assumptions under
the functional relationship between dependent and independent variables. MARS analyzes the
effect of independent variables on the dependent variable, the interactions of independent
variables with each other, and the effects of these interactions on the dependent variable
together (Zhang & Goh, 2016). The interaction of independent variables with each other, which
is seen as a problem of multicollinearity in regression analysis, is not considered a problem in
the MARS method (Lee & Chen, 2005). The MARS model is a stepwise regression method
(Ozfalci, 2008). The stepwise regression method can be considered as an advanced method of
forwarding selection (Anil, 2010). According to this method, the variables that may have the
highest contribution to the prediction model based on the correlation between the dependent
variable and the independent variable are selected and the trivial ones are eliminated. Thus, the
deviations in the model are reduced and a model with a higher prediction accuracy is obtained.
Regarding the correlation coefficient between dependent and independent variables, the
independent variable with the highest correlation coefficient is first included in the model. The
stepwise regression model produces the least erroneous prediction model with the highest
accuracy (Zateroglu & Kandirmaz, 2018).
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Structural Equation Modeling (SEM) is a model that needs a strong theoretical structure (Kline,
2015). SEM; it is a method that is successful in the testing of complex models and performs
many analyses at once. Suggests new arrangements if any, for the network of relationships in
the model under examination. It is also a method used in the testing of many theories and the
development of new models, since it facilitates to look over the mediation and moderation
impacts, and it considers the measurement errors (Dursun & Kocagdz, 2010). Thanks to the
many advantages and conveniences it provides, SEM is a common method used in many areas
such as marketing, education, psychology, and health. The main feature of SEM is that it
decides on the models supported by experimental data; if the data model is not supported, the
model is set up and tested again; meaning that a theoretical model is both setup and developed
(Candemir, 2018). SEM has a strong theoretical background based on which the regression
analysis of the observed variables and the factorial analysis of implicit variables lay (Kline,
2015). SEM is a statistical method that involves intensive assumptions. As with many methods
of analysis, it is necessary to verify that various assumptions and requirements are met before
analysis also in SEM.

Although there is little studies comparing the results of MARS and SEM, there are some studies
comparing MARS with different statistical analysis methods. Deichnmann et al., (2002) made
a comparision between a logistic regression and MARS in their studies. It can be concluded
that MARS almost all cases produces better results than logistical regression though it is also
stated that MARS gives better results when MARS and logistic regression are compared.
Another study found out that prediction models created with MARS can be more reliable
(Orhan et al. 2018). In the studies conducted so far, MARS has been seen as a strong regression
model.

Nonlinear strong prediction models can be established and the relationships between variables
can be analyzed and interpreted through MARS (Temel et al., 2010). In this study, the
interactions of the affective variables were examined. In a study on the prediction of the MARS
model (Zhang & Goh 2016), the advantages of MARS in the BNN method were found out and
it is emphasized that the MARS prediction equation is advantageous. Furthermore, it is shown
that MARS can replace many types of regression so it can completely ease the analysis and
interpretation.

Bolder & Rubin (2007) noted that the MARS method yielded more successful results compared
to ordinary least squares, non-parametric Kernel regression, and projection pursuit regression.
AL-Qinani (2016) stated that the MARS model showed a noticeable improvement in the
accuracy of prediction compared to the multiple linear regression (MLR) method, while Muzir
(2011) reported that the MARS method revealed more successful results compared to the binary
logistic regression and the theory of artificial neural networks. Moroever, in another study, the
results of MARS and CART were compared and it was emphasized that the two types of
analysis were more advantageous than other types of regression (Lee and et al., 2006). The
result of another study shows that the MARS model makes a more accurate prediction at the
point of the accuracy of prediction and regression than models such as artificial neural
networks, regression models, regression tree models, and gives as reliable results as other
models (Zhou & Leung, 2017). Furthermore, artificial neural networks and the MARS model
were compared and the MARS model gave slightly better results considering the procedure
than artificial neural networks, and as a result of this study, the MARS model was a strong
predictor (Parsai et al., 2016). Abde-Aty and Haleem (2011) used MARS to predict traffic
accidents in their study. It has been noted that the MARS model creates strong prediction
equations and is an important predictor in predicting traffic accidents.

The data we obtain in international examinations or through data collection methods may tend
not to provide the necessary assumptions. If these assumptions are not provided, various
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statistical methods cannot be used. Appropriate estimation method should be chosen according
to the structure and distribution of the data. The maximum likelithood method is an estimation
method that can be used for data measured at least on an equal interval scale with regard to the
normal distribution; however, when these assumptions are violated, analyzes can be carried out
using the estimation methods that will be preferred for data that do not show categorical and/or
normal distribution (Finney et. al, 2006). In this case, the researchers may experience
limitations statistically. In nonparametric data, the situation is different. Therefore, in cases
where these assumptions are not provided, it is considered important to be able to use
nonparametric methods. Data mining methods can be applied in a group of data that do not
provide the necessary assumptions in the field of education and social sciences. In this study, it
is planned to perform the analyses via SEM and one of the alternative nonparametric methods,
MARS, and to discuss these two methods in terms of their advantages and limitations in the
practice.

1.1. Purpose of Study

The general purpose of the present study is to examine various affective factors affecting
mathematics achievements in the TIMMS 2019 study and the possible relations of such factors
with achievement through MARS and SEM analysis methods over the established model. One
of the regression-based methods, Structural Equation Modeling (SEM), is quite well-known for
social sciences due to its various benefits; however, it requires very intensive assumptions.
MARS method, on the other hand, multivariate and adaptive nonparametric statistical
regression method used for data classification and modeling. MARS does not need any
assumptions such as normality, linearity, and homogeneity. It allows variables that do not
provide linearity to be included in the analysis. Comparisons of different statistical methods
with MARS are found in the literature (AL-Qinani, 2016; Bolder & Rubin, 2007; Deichnmann
et al., 2002; Lee et al., 2006; Muzir, 2011; Zhang & Goh, 2016; Zhou & Leung, 2017) but no
comparison of MARS and SEM methods in terms of their advantages and limitations in
practice, has been found. The present study seeks an answer to the question if it is possible to
use the MARS method, which is a more flexible compared to SEM, taking both methods into
account.

MARS can make it possible to study both the data obtained from large-scale exams and the
complex relationships in multi-pattern research (Sevgin, 2020). With this aspect, MARS is an
efficient method of analysis not only for educational sciences but also for many disciplines. For
this reason, in the present study, the results of MARS, which can be considered a relatively new
method, were tried to be compared with those of SEM, a conventional method. This comparison
may provide convenience to the researchers in social sciences from various aspects and add
perspective to analyses. This aspect of the study is expected to contribute to the literature.

Considering the TIMMS 2019 report, it was seen that the measurement of cognitive traits was
addressed in general. The subject distributions in mathematics and science were given and the
performance of Turkey in such distributions was stated (MEB, 2019). It was noted that
cognitive traits were considered in general in the TIMMS assessments; however, the affective
traits were not included enough. The effects of the affective constructs on education and the
interactions among these contructs are not adequately examined (Meteroglu, 2015). It is highly
believed that the current study can contribute to the affective assessments of TIMMS.

1.2. Research Problem

In this study, the impact of various affective traits on mathematics achievement was examined.
These affective traits were “interest in mathematics”, “attitude towards school”, “attitude
towards teachers” and “bullying”. For this purpose, the following question was identified as

the main research question:
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Do the various affective factors affecting the mathematics achievement in the TIMMS 2019
study and their possible relations with achievement have predictive differences when analyzed
by MARS and SEM analysis methods?

Sub-problems
1. How are the variable interactions when data is analyzed with SEM?
2. How are the variable interactions when data is analyzed with MARS?

To respond to sub-problems, the following hypotheses have been established in light of the
literature on the affective data of TIMMS 2019 in the model established.

H1: Bullying significantly affects the math achievement of the students.

H2: The students’ attitude towards the school positively affects the math achievement at a
significant level.

H3: The students’ attitude towards the teachers positively affects their math achievement at
a significant level.

H4: The students’ interest in mathematics positively affects their math achievement at a
significant level.

HS: A statistically significant impact was considered on the math achievement in the
mediator variable of the interest in mathematics between the attitude towards the school and
the attitude towards the teacher.

H6: For the moderation, a statistically significant impact was considered on the math
achievement in the moderator variable of bullying between the attitude towards the school
and the attitude towards the teacher.

H7: A statistically significant impact was considered on math achievement in the mediator
variable of interest in mathematics and the moderator bullying variable between the attitude
towards the school and the attitude towards the teacher.

2. METHOD
2.1. Research Method

The present study bears the characteristics of basic research as it aims to conduct comparative
data analysis using the TIMMS 2019 assessment and in doing so, it uses the ready-made
package programs. Basic research refers to experimental or theoretical investigations that have
no specific applications or purposes and are carried out to gather new information, primarily
about the foundations of situations and observable incidents (Karasar, 2015). Basic research
is experimental or theoretical research that helps discover information focusing on the process
rather than the result, and that has the goal of discovery and allows us to better understand and
make sense of the world. In addition, the research where the results of the MARS data mining
model and SEM analysis is based on a relational scanning model.

2.2. Population and Sample of Research

Turkey participated in the TIMMS 2019 with 180 schools and 4,028 students at the 4th-grade
level. At the 8th-grade level, the application was conducted with 4,077 students at 181 schools.
The sample of the present study includes the items selected among the answers of these students
given to the affective survey who participated into the mathematical assessment of TIMMS
2019 and the BSMMATO1-05 variables showing the level of achievement (plausible values).
(MEB, 2019).

2.3. Data Collection Tools and Process

All data used for the study have been taken from the official site of the TIMMS exam
(https://timss2019.org/international-database/). TIMMS 2019 was conducted with the fourth
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and eighth grade students in mathematics and science. The exam included the achievement tests
and the affective surveys. In the exam, the questions on mathematics and science were asked
as a part of the achievement test. The affective surveys were five-point Likert-scale ones that
measure the socio-economic level of the student, the attitude towards the teacher, the students’
interest and motivation towards the course, and the level of bullying for the students suffered.
These affective surveys were prepared not only for the students but also for the teachers and
the school administrators. In this study, data consisted of the items selected from the affective
surveys of the 8th-graders who participated in the TIMMS 2019 and their achievement scores.
The items selected and the factors represented by these items are all given in Table 1, and in
the other parts of this study, these items are given with their codes as below.

Table 1. Selected items for the model.

Factors Items
BSBM16C Maths is boring.
BSBMI16E I love maths.
BSBM16G I love maths problems.
BSBM16B I wish I did not study maths
BSBM17A Teacher expects us to do.
BSBM17B Teacher explains clearly.

Attitude Towards Teacher BSBM17C Teacher has clear answers.
BSBM17G Teacher explains again.
BSBM17F Teacher is associated with the course.
BSBG13A I am present at school.
BSBG13B I feel safe at school.
BSBG13C I feel that I belong to the school.
BSBGI13E I am honored to attend this school.
BSBG14B Lies about me have spread.
BSBG14K I was threatened.
BSBG14M I was excluded from society.
BSBGI14L I was hurt.

Interest in Mathematics

Attitude Towards School

Bullying

2.4. Analysis of Data

Analysis of the data took place in three steps. First, the suitability of the data for analysis was
tested and the data was made suitable for analysis. Later, the established model was analyzed
by SEM and MARS methods. Finally, the results of the two analyses were interpreted. For
affective data, first of all, an explanatory factor analysis (EFA) was performed. A confirmatory
factor analysis was then performed to confirm the model.

For the analysis, explanatory factor analysis was performed primarily for affective variables
taken from the TIMMS 2019 exam. Later, the analysis was continued with confirmatory factor
analysis. EFA and parallel analyzes were carried out with the Jamovi (The Jamovi Project,
2021). According to the KMO results (KMO=0.831) and Barlett Sphericity test results (p<0.05)
for EFA analysis, it was decided that the data was suitable for factor analysis.

Given the parallel analysis results provided with the scree plot in Figure 1, it is seen that the
model is 4-dimensional and after point 4, the Eigenvalues are similarly distributed. These values
account for 54.57% of the variance.



Int. J. Assess. Tools Educ., Vol. 9, No. 2, (2022) pp. 337-356

Figure 1. Scree plot.
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Table 2. Measurement model dimension matrix.
1 2 3 4
BSBGI13A 0.483
BSBG13B 0.558
BSBG13C 0.810
BSBGI13E 0.669
BSBG14B 0.445
BSBG14K 0.563
BSBG14L 0.598
BSBG14M 0.435
BSBM16B -0.679
BSBM16C -0.840
BSBMI16E 0.842
BSBM16G 0.737
BSBM17A 0.448
BSBM17B 0.723
BSBM17C 0.748
BSBM17F 0.551
BSBM17G 0.565

When conducting EFA analysis principal axis factoring extraction method was used in
combination with promax rotation. As a result of the EFA analysis, it was continued with 17
items. There were 4 items in the interest variable for mathematics; 5 items in the attitude
variable for the teacher, 4 items in the interest variable for mathematics, and 4 items in the
bullying variable. The achievement variable had 5 sub-dimensions. The dimensions were called
“Interest in Mathematics”, “Attitude towards Teacher”, “Attitude towards School” and
“Bullying”. The analysis continued later on with 17 items and 5 dependent variables. As seen
in Table 2, two items have negative factor loads. When calculating the total score, the item
scores are added together to obtain the total score. These two items should not be included in
the total score due to their negative factor loads. Since this study was not carried out on total
scores, the negative factor loads of the items could not be taken into account. The analysis was
proceeded with confirmatory factor analysis (CFA). The values of fit indices are given in Table
3 and CFA model estimations are given in Table 4.
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Table 3. Measurement model fit indices.

Fit Index Calculated Value
X? p<0.05
X/ sd 2.90
RMSEA 0.041
SRMR 0.045
GFI 0.97
TLI 0.97
CFI 0.98

Table 4. CFA model estimations.

Estimate  Std.Err z-value P
Interest in Mathematics =~
BSBM16B 1.000
BSBM16C 1.092 0.051 21.438 0.000
BSBMI16E -1.014 0.045 -22.673 0.000
BSBM16G -0.969 0.045 -21.575 0.000
Attitude Towards Teacher =~
BSBM17A 1.000
BSBM17B 1.219 0.084 14.565 0.000
BSBM17C 1.126 0.078 14.448 0.000
BSBM17F 0.999 0.078 12.813 0.000
BSBM17G 0.615 0.05 12.377 0.000
Bullying =~
BSBG14B 1.000
BSBG14K 0.395 0.044 9.007 0.000
BSBG14M 0.258 0.036 7.212 0.000
BSBG14L 0.505 0.056 9.017 0.000
Attitude Towards School =~
BSBGI13A 1.000
BSBG13B 0.958 0.066 14.586 0.000
BSBG13C 1.219 0.079 15.488 0.000
BSBGI13E 1.157 0.076 15.277 0.000

As shown in the table, it seems that the degree of fit is excellent or acceptable. The model
established in this part, where the four-factor structure is tested, is confirmed. The research
model established after factor analysis is presented in Figure 2.

According to the research model, the following hypotheses have been established in light of the
literature on the affective data of TIMMS 2019.

H1: Bullying significantly affects achievement.

H?2: The attitude towards the school positively affects the achievement at a significant level.
H3: The attitude towards the teachers positively affects the achievement at a significant level.
H4: The interest in mathematics positively affects the achievement at a significant level.
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Figure 2. Research model.
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According to the model, the interest and attitude variables have a significant positive
relationship with achievement, while bullying variables have a significant relationship. In other
words, the students with a high level of interest towards the course, their attitudes towards the
course, and the school also have a high level of achievement (H2, H3). The students who are
subjected to bullying have significantly lower achievement levels (H1).

It was thought that mediator and moderator effects should also be examined in the model. A
mediator variable is a cause variable that has the potential to affect the result, while a moderator
variable is a third variable that has the potential to affect the result. In this line, the interest in
mathematics was considered as a mediator variable, while bullying was a moderator variable.
The reason why these variables are selected is because the interest variable can be a cause
variable that can affect the achievement, and the bullying variable can be an effect variable that
can affect the achievement. The hypotheses are as follows:

H5: A statistically significant impact was considered on the math achievement in the mediator
variable of interest in mathematics between the attitude towards the school and the attitude
towards the teacher.

Ho6: A statistically significant impact was considered on math achievement in the mediator
variable of interest in mathematics between the attitude towards the school and the attitude
towards the teacher.

H7: A statistically significant impact was considered on the math achievement in the mediator
variable of interest in mathematics and the moderator bullying variable between the attitude
towards the school and the attitude towards the teacher.
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3. RESULT
3.1. Results of the First Sub-Problem

In this section, the first research question “How are variable interactions when data is analyzed
with SEM?” is dealt with.

Mediator variable analysis: Mediator analysis can be defined as the explanation of the
relationships between variables that are related to another mediator variable. Mediator analysis
can be explained as a process in which the variable X affects the variable Y and, accordingly,
also affects the variable Z. In this case, the mediator variable Y is the cause variable. First, the
predictor value between X and Z is checked, and then when the variable y intervenes, it is
checked whether a certain part of this predictor value will be explained by this variable. The
mediator variable is the one that affects the dependent variable (Sen, 2020). The "Interest in
Mathematics" variable was determined in terms of comparison with the MARS model as a
mediator variable. In the MARS model, this variable was the most interacting variable in the
SPM (Salford Predictive Modeler) program. Since this variable is associated with other
variables, it has been considered to what extent it predicts math achievement as a mediator.

Interest in mathematics variable has been taken as a mediator variable. The goodness of fit
values of the mediator model are ()(2 :0.00, df:0, RMSEA:0.000, CFI:1.00, TLI:1.00, SRMR:

0.000). Given the model data-fit indices, it can be seen that model data fit provides the necessary
criteria. The regression equation is as follows:

Achievement = interest x -. 393 — attitude x 5.56 + school x 6.37 + bullying x 2.81

Moderated variable analysis: A moderator variable also acts as a dependent variable and the
relationship between a dependent variable and an independent variable is affected by a third
variable. This third variable is called the moderator variable. The effect that occurs in moderator
variable analysis occurs only in the presence of this variable (Sen, 2020). The “bullying”
variable has been set as the moderator variable.

The goodness of fit values of the moderator model are ( x°:0.000, df:0, RMSEA:0.000,

CFI:1.00, TLI:1.00, SRMR:0.000). Given the goodness of fit values, it is possible to say that
the model-data fitness has been ensured.

The regression equation is as follows:
Achievement = interest~attitude x 1.156 + interest~bullying x 1.467.

Mediated moderation analysis: In the mediator analysis, the impact of the attitude towards
teacher and bullying interaction on achievement over the interest in mathematics.

As a result of the analysis, the impact of the attitude towards the teacher, interest in
mathematics, and bullying variables on achievement over the attitude towards school variable
was not found statistically significant (p>0.05). H7 was rejected. Since it consists of a
combination of two analyses, it is not specified in the hypothesis table.

The overall results of the established model are given in Table 5. Among the hypothesis
established, H3, H4, H5, H7 resulted in rejection and all the other hypotheses were accepted.
Since H7 is a combination of both methods, it is not included in the table. In other words, the
interest variable for mathematics is not a statistically significant variable that predicts
achievement. The bullying variable is selected as the mediator variable. When the bullying
variable is included in the analysis, it affects the significance of the analysis.
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Table 5. SEM results.

Variable p Hypothesis
Moderator Analysis Interest~ attitude towards teacher 0.248 H6 Accepted
Interest~bullying 0.142 H6 Accepted
Interest~ attitude towards teacherxbullying 0.350 H4 Rejected
Mediator Analysis  Achievement~attitude towards teacher 0.908 H2 Accepted
Achievement~attitude towards school 0.000 H2 Accepted
Achievement~bullying 0.842 H1 Accepted
Achievement~attitude towards teacherxbullying 0.381 H3 Rejected
Achievement~interest in Mathematics 0.676 H3 Rejected

Note. p<0.05; Interest: interest in Mathematics

3.2. Results of the Second Sub-Problem

This part focuses on the results of the second research question “How are variable interactions
when data is analyzed with MARS?”.

At this stage, the SPM program was used to establish the MARS model. At the establishment
stage of the model, variables were included in the model as 17 categorical (affective variables)
and 5 continuous data (achievement variables). The same model established in SEM is also set
here.

Table 6. Mars model variable interactions.

Variables Basic Function Value Coefficient
Attitude Towards teacher 1 49.97
Attitude Towards School 3 -36.23
Attitude Towards teacher 5 26.52
Bullying 7 -21.30
Interest in Mathematics 9 -49.27
Attitude Towards School 11 -19.00

The contribution of variables to the analysis was primarily studied. Table 6 shows the effects
of variables on the achievement-dependent variable. The attitude variable exists with
interaction values 49.97 and 26.52 in the basic equation values 1 and 5. The school variable
exists with interaction values of -36.23 and-19.00 in the basic equation values of 3 and 11. The
bullying variable exists with an interaction value of -21.30 in the basic equation value of 7. The
interest variable exists with an interaction value of -49.27 in the basic equation value of 9.

Results of the MARS model are given in Table 7. The MARS model is a stepwise regression
method and primarily analyzes all variables, and at the trimming stage, only variables that affect
the dependent variable are included in the analysis. Thus, the variables that most affect the
dependent variable remain in the analysis, and the others are eliminated. In other words, it does
not include the variables that do not affect the dependent variable or variables that have little
effect on the analysis. These variables are sorted out under the name of the importance table. It
can be said that the variable taken into the final model has a statistically significant impact on
the dependent variable. Here are the regression table and the relationship table formed in this
way. In summary, the variable that the MARS model receives in the final model has a
significant effect on the dependent variable and the level of relationship with the dependent
variable is significant. Thus, “bullying significantly affects achievement.” HI hypothesis is
accepted.
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Accordingly, the hypothesis that “attitude towards school significantly affects achievement in
a positive way" can be explained as follows: the MARS model does not yield a positive or
negative relationship. It only gives a statistically significant relationship. In this respect, the
level of a relationship, such as positive or negative, can be determined in the analysis such as
correlation or others. MARS gives zero to the variables which it does not take into the
interaction model. It is therefore considered that the acceptance of this hypothesis is not correct.
Although the variable yields a statistically significant effect, it cannot be commented on its
direction, therefore the A2 hypothesis is rejected. Likewise, the hypothesis A3 "attitude towards
teacher positively affects achievement at a significant level” is also rejected. The hypothesis
that “interest in mathematics positively affects achievement at a significant level” is also
evaluated in this context and the H4 hypothesis is also rejected.

Table 7. Results of the Mars model.

Models R’ GCVR-SQO
MARS Model
Mediator Analysis 0.08370 0.06397
Moderator Analysis 0.07488 0.06517
Mediated Moderation Analysis 0.07743 0.06012
Variable Importance Table Scores
Mediator Analysis
Attitude Towards Teacher 100
Attitude towards school 94.20
Moderator Analysis
Attitude Towards Teacher 100
Attitude towards school 84.50
Mediated Moderation Analysis
Attitude Towards Teacher 100
Attitude towards school 90.81
Interest in Mathematics 33.49

Mediation analysis in the MARS model: In the MARS model, the “interest in Mathematics”
variable is regarded, which actively interacts in many analysis as a mediator variable and has a
high coefficient.
Basic function equations for MARS;
Bfl =Max (0, attit.to.teacher - 7); Bf4 = Max (0, 7 — attit.to.school); Bf6 = Max (0, 8 — attit.to.teacher)
x Bf4; Bf8 = Max (0, 6 — attit.to.teacher) x Bfl
Y =533.548 - 13.7375 x BF1 - 43.8386 x BF4 + 11.4032 x BF6 +20.3738 x BF8
Model Mat. average = Bfl Bf4 Bf6 Bf8

Basic function values are equations that aim to reveal the relationships among the variables.
The variable constant is 533.54; the interaction of the first basic equation is -13.73; the
interaction of the second basic equation is 43.83. Based on this, the relationship between the
attitude towards the school and the attitude towards the teacher is 11.40. The attitude towards
teacher and the attitude towards school relationship value is 20.37. The model average for the
relationship value is 139.74. The relationship level here is contribution-based. A relationship
level like correlation is not considered.
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The amount of contribution of variables to the model can be seen in Table 6. According to the
table, the contribution of the variable of attitude towards teacher to the dependent variable result
is 100; while the contribution of the variable of attitude towards school is 94.20. After the
variable of interest in mathematics was included in the analysis as a mediator variable, the
significance of the variable and the changes in the value of the variable are indicated in Table
6. The coefficients changed after the mediator variable was included in the analysis.

Basic Function Equations for MARS Mediator Variable Analysis;

Bf1 =Max (0, attittoteacher - 7); Bf4 = Max (0,7 - attittoschool); Bf6 = Max (0,8 - attittoteacher)
x Bf4; Bf8 = Max (0,6 - attittoschol) x Bfl

Y =533.014 — 13.6083 x Bfl —44.1021 x Bf4 + 11.5904 x Bf6 + 20.6042 x Bf8
Model Mat. average = Bf1 Bf4

The attitude towards the teacher variable decreased from a coefficient of -13.73 to 13.60, and
the attitude towards the school variable decreased from -43.83 to -44.10. The first interaction
value increased from 11.40 to 11.59 and the second interaction value increased from 20.37 to
20.60. Here, it can be seen that the corresponding variable explains part of the relationship. On
the other hand, the node values were 7 and 8 in the first case, while they were 6, 7, and 8 here.

After including the corresponding variable in the analysis, the basic function values also
changed. The variable constant decreased from 533.548 to 533.014. The first variable value
was 13.60; the second variable value was 44.10; the first interaction value was 11.59, and the
second interaction value was 20.60. The average relationship value of the model was 238.75.
After including the corresponding variable in the analysis, the significance table in which the
contribution levels of the variables were determined also changed. The attitude towards the
teacher increased from 100; the attitude towards the school increased from 94.20 to 95.82.

In conclusion, there was a 0.08344-degree interaction between the attitude towards the school
and the attitude towards the teacher variables at first, while this interaction was 0.08370 when
the variable of interest in mathematics was included in the analysis. The level of variable
interaction was increased slightly. Therefore, it is possible to talk about mediation. Including
the corresponding variable in the analysis reduced some values but increased some of them.
The reason it increased slightly may be because of the low number of variables and the low
variance described. As mentioned above, the amount of variance described in international
exams is generally low. In this case, this can be shown as the cause of such a slight decrease.
Consequently, hypothesis H5 stating that "there is a statistically significant impact on
achievement in the mediator variable of interest in mathematics between the attitude towards
the school and the attitude towards the teacher" was accepted.

Moderator analysis in the MARS model: The “bullying” variable was analyzed as the moderator
variable in the MARS model. It is seen in Table 6 that the model determinant value decreases
when the bullying variable is analyzed (R?=0.074). The estimated error value is also 0.06517.
The lower this value, the lower the error amount. The bullying variable can be said to have a
statistically significant impact on achievement. This effect is in the direction of reducing
achievement.

Basic Function Equations for MARS Moderator Variable Analysis are as follows;
Bf2 = Max (0, 8- Attittoteacher); Bf4 = Max (0, 7- Attittoschool)

Y =487.802 +20.8284 x Bf2 - 17.5118 x Bf4

Model Mat. average = Bfl Bf4

Looking at the basic function equations, it can be seen that the fixed term value is 487.802. The
attitude value towards teacher is 20.82. The attitude value towards school is 17.51. These values
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are relationship coefficients. After the bullying variable is included in the analysis, it can be
seen that many values, including the constant variable, has changed. Given the interaction
information in Table 5, the decrease in achievement was statistically confirmed when the
bullying variable was included in the analysis. Bullying has also been a mediator variable for
the MARS model. Consequently, hypothesis H6 stating that "there is a statistically significant
impact on achievement in the moderator variable of bullying between the attitude towards
school and the attitude towards teacher" was accepted.

Mediated moderation analysis in MARS model: The effect of the variables of attitude towards
school and attitude towards teacher in mediator variable of bullying and interest in mathematics
was analyzed. Table 6 shows the results.

In moderator and mediator analysis, both mediating and moderating variables were analyzed.
Here, the model determinant value was found to be 0.07743. It can be seen that the value R?
decreased due to bullying; however, it did not lose much value in mediator interest in
mathematics. This analysis also shows that it is the right decision for the bullying variable to
participate in the analysis as the moderator variable and the variable of interest in mathematics
as the mediator variable.

Basic function equations for MARS analysis are as follows;
Bf1l = Max (0, Attittoteacher- 5); Bf2 = Max (0, Attittoschool- 4); Bf4
= Max (0,7- Interestinmaths); Bf5 = Max (0, Interestinmaths- 10)
Y =501.186- 12.278 x Bfl + 10.9823 x Bf2- 30.4638 x Bf4- 16.1954 x Bf5

In the variable significance table in Table 6, the attitude variable towards teacher remained the
same. The attitude variable towards school was 90.81. The interest variable for mathematics 1s
33.49. Regarding the coefficient ranking, it is observed that the highest coefficient belongs to
the variable of attitude towards the teacher and the lowest coefficient belongs to the variable of
interest in mathematics. Since bullying is a weighted variable, it is not specified in the table.
Consequently, hypothesis H7 stating that "there is a statistically significant impact on
achievement in the mediator variable of interest in mathematics and moderator variable of
bullying between the attitude towards school and the attitude towards teacher" is accepted.

The statistical analysis result comparison of SEM and MARS model is as follows;

Table 8. Comparison of hypotheses.

Hypotheses SEM MARS
H1 Accepted Accepted
H2 Accepted Rejected
H3 Rejected Rejected
H4 Rejected Rejected
H5 Rejected Accepted
H6 Accepted Accepted
H7 Rejected Accepted

As shown in Table 8, it is clear that the results of the hypotheses except H2, H5, H7 are the
same. The difference here may be due to the fact that the MARS program does not provide
direction information. As a result, although there are some differences between SEM and
MARS, it seems they often give similar effects to the same hypotheses.
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4. DISCUSSION and CONCLUSION

The purpose of the present study is to examine various affective factors affecting mathematical
achievements in the TIMMS 2019 study and the possible relations of such factors with the
achievement through MARS and SEM analysis methods over the established ones. For this
purpose, the following results have been reached.

As a result of the study, a significant relationship between bullying and achievement was found
according to SEM and MARS analyses, and the hypothesis HI “Bullying significantly affects
math achievement” is accepted. Pekel (2015) noted that the academic achievement of children
who were bullied fell. Also, Kestel and Akbiyik (2016) expressed that bullying negatively af-
fected the academic achievements of the students, as well as their emotional difficulties.
Ozdinger and Savaser (2009) stated that bullying in school was a variable that negatively af-
fected the student's academic achievement. In a research thesis by Sarier (2020), it was stated
that not only the academic achievements of the students bullied but also their social and psy-
chological were negatively influenced. In addition, Karatas (2011) agreed the negative effects
of bullying and added that this effect might continue for many years. The findings in the liter-
ature support the accuracy of both models. Both of the models have similar results to each other.
This study concluded that achievement rates decreased significantly when the bullying variable
was analyzed in the relationship between the attitude towards the school and the attitude to-
wards the teacher in the frame of the results of the analysis conducted through both SEM and
MARS methods. In both methods, the hypothesis H6: For the moderator variable, the attitude
towards the school and the attitude towards the teacher have a statistically significant impact
on math achievement in the moderator variable of bullying has been accepted. In the literature,
there has been no study in which bullying is a moderator variable, interest in mathematics is a
mediator variable, and they are present together (mediator-moderator).

According to the results of the SEM analysis in the study, it was concluded that the positive
attitude of the student towards school positively affects achievement at a significant level and
the hypothesis H2” The attitude towards the school positively affects math achievement at a
significant level” is accepted. The result of the MARS analysis indicated that the student's atti-
tude towards the school significantly affected their achievement. However, the hypothesis was
rejected even if it gave statistically significant results in the established MARS model so no
comment on this finding could be made. Adigiizel and Karadas (2013) stated that the attitude
towards the school significantly predicted the achievement in their study, while Bahgetepe and
Giorgetti (2015) stated that the school variable significantly predicted the achievement in their
study. Atik (2016) stressed that attitude towards school significantly affected the course
achievement. These findings in the literature support both models. Both models significantly
explained the impact of the attitude towards school on the student achievement.

According to the results of the SEM study, a negative relationship between attitude towards
teacher and achievement was found and the hypothesis H3 “Attitude towards teacher positively
affects math achievement at a significant level” is rejected. MARS analysis gave this hypothesis
a significant relationship, but since no comment can be made on the direction of this relation-
ship, the H3 hypothesis was again rejected. His study (Cumhur, 2018) concluded that the atti-
tude towards the teacher positively affected the achievement. Giines et al., (2012) found in their
study that the attitude towards the teacher significantly predicted the achievement. Eraslan
(2009) emphasized that educating teachers was important in the achievement in his work on
PISA. Huyut (2017) stated in his study that the teacher is an important factor in the student
achievement. Regarding the findings of studies in the literature, it can be said that the MARS
model gives more accurate results than SEM and gives a more consistent result with the litera-
ture. In addition, based on the significance table, it can be seen that the MARS model makes a
higher contribution to this variable.
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According to the results of the SEM analysis, it was concluded that interest in mathematics does
not positively affected the achievement at a significant level. According to the results of the
MARS analysis, it was concluded that interest in mathematics affected achievement, but it
could not be commented on whether it was in a positive direction. According to both methods,
the hypothesis H4 “Interest in mathematics positively affects math achievement at a significant
level” was rejected. In his study, Giizel (2014) found that interest in mathematics significantly
predicted mathematical achievement. To conclude, it can be said that the results of SEM anal-
ysis are inconsistent with the literature, while the results of MARS analysis give more consistent
results with the literature.

As aresult of the SEM analysis, a statistically significant impact was not found on achievement
in the mediator variable of interest in mathematics between the attitude towards the school and
the attitude towards the teacher. In other words, it was concluded that the interest in the course
does not predict achievement and the hypothesis H5 “A statistically significant impact was
found on math achievement in the mediator variable of interest in mathematics between the
attitude towards school and the attitude towards teacher” was rejected. As a result of the
MARS analysis, a statistically significant impact was found on the achievement in the mediator
variable of interest in mathematics between the attitude towards the school and the attitude
towards the teacher, and the hypothesis H5 was accepted. In other words, it was concluded that
interest in the course predicts achievement in the relationship between attitude towards school
and attitude towards teacher.

Considering the advantages of the MARS method, the following can be said: The MARS model
does not require an assumption in the cause-effect relationship and does not seek any mathe-
matical relationship. On the contrary, MARS establishes these relations itself. There are no
definite judgments about the variables in the MARS model. Variables can be categorical or
continuous. In addition, although various assumptions such as normality, linearity and homo-
geneity are sought in other regression models, assumptions are not sought in the MARS model.
MARS is less affected by the multicollinearity problem and enables the model to be established
quickly (Le et al., 2009). The MARS algorithm constructs flexible models by using simpler
linear regression and data-driven stepwise searching, adding, and pruning. Furthermore, the
MARS models developed are easier to interpret (Zhang & Goh, 2016). In addition, it can be
said that the use of a package program for MARS analysis is limited as a disadvantage.

The results of this study showed that at certain points the MARS model gave similar results to
the SEM model. Considering the advantages of MARS mentioned above, this comparison may
be useful for the social science researchers in a variety of ways, including adding perspective
to the analyses. Nonetheless, as this study is limited to the analysis of the current data, it is not
valid to make a comparison about the estimations, the coefficients or the power of the study.
Many other studies show that the MARS model is a powerful predictor but simulation studies
are required to make the certain comparisons between SEM and MARS methods.
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