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Abstract: Research on the applicability and effectiveness of data obtained from educational environments using data 

mining techniques has a guiding feature for educational stakeholders and policy makers. This study aims to model 

students' academic performance in a mathematics course by using interaction data in an e-learning environment, 

survey data containing student information, and data obtained from attitude and anxiety scales towards mathematics. 

The participants in the study were 112 students in the 5th, 6th, 7th and 8th grades of secondary school. The students 

used the e-learning environment for extra-curricular activities and face-to-face classes throughout the semester. In 

addition, the socio-demographic status of the students was determined through a questionnaire, and their attitudes 

and anxieties towards mathematics were determined through scales. The data obtained were analysed using data 

mining techniques. According to the results of the study, the regression type with the best parameter values in 

predicting students' final scores compared to other regression types is the elastic net regression. In the regression 

model, the placement test score, the average academic performance of the previous year and the percentage of 

completion of the content sent to students online are the variables that make the highest positive contribution to the 

model. In the classification problem, logistic regression has better parameter values than other classification 

algorithms. In the model built with the logistic regression algorithm, 85% of the students were correctly classified at 

the end of the semester. 
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1. INTRODUCTION  

With the acceleration of technological development, access to data has become easier than 

ever. The proliferation of the Internet, the growth of mobile devices, and the digitalization 

process have enabled individuals and institutions to produce and access vast amounts of data 

effortlessly. This development has led to the emergence of the concept of data mining. Over 

time, the importance and application of data mining have significantly increased. Data mining 

(DM) is defined as the process of discovering hidden patterns and structures within raw data 

obtained from various sources and transforming it into meaningful and actionable information 

for research and applications (Baker & Siemens, 2014; Romero & Ventura, 2010). 

 

The data mining approach is used in a wide range of fields, from financial markets to marketing, 

from engineering to health sciences. In recent years, rapid advances in information technology 
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have enabled schools to digitally store student demographic and academic data through 

information systems. This provides educators and school administrators with the opportunity 

to easily access, analyse and use student data in information processes (Polat, 2021). In 

particular, the analysis of collected educational data for predicting student achievement has 

recently gained significant importance (Koyuncu, 2018). Educational data mining (EDM) 

stands out as a discipline that aims to improve student behaviour, learning processes and 

educational outcomes by analysing this data. 

Romero and Ventura (2007) stated that EDM is an iterative cyclical process and defined the 

components of the process as generating, testing and developing educational hypotheses. 

Educational stakeholders are responsible for designing, planning and developing educational 

systems. As students interact with these systems, educational data mining techniques can be 

used to analyse data such as student personal information, grades, absenteeism and 

achievement status. These analyses can be used for purposes such as determining factors that 

affect student achievement, improving achievement levels, reducing absenteeism, providing 

guidance in course selection, and providing suggestions for career planning (Rizvi, Rienties, & 

Khoja, 2019). In addition, data mining techniques are an effective tool for forming groups 

according to students' personal characteristics and learning styles, identifying problems such 

as low motivation, absenteeism, dropping out of school or not following school rules, and 

predicting these problems and taking preventive measures (Aksoy, 2014). Identifying problems 

that may arise in educational processes in advance and developing these processes is one of the 

important benefits of these techniques (Can, 2017). 

The Education Information Network (EBA), which is provided free of charge by the Ministry 

of National Education in Türkiye, plays an important role in providing digital educational 

materials and teaching resources to students, teachers and parents. It can be said that there are 

many studies on EBA in the literature. Some of these studies examine the effects on students' 

academic achievement, attitudes, interests and opinions by using the content on EBA in the 

teaching process. Quasi-experimental studies have been conducted in almost every discipline 

to determine the effectiveness of EBA-supported teaching. In addition, there are studies that 

look at the views of teachers, pupils and parents on the frequency of use, purposes, benefits 

and challenges of EBA. In this context, the views of primary, secondary and higher education 

students and teachers from different sectors on EBA have been investigated. However, there is 

no study in the literature on modelling student achievement using EBA as an online learning 

environment with EDM techniques. There are studies in the literature that aim to model student 

achievement with e-learning environments other than EBA.  In the study conducted by Koca 

(2019), an attempt was made to model student achievement with data from an e-learning system 

used in a private school. As a result of the study, it was found that some of the variables created 

with the system data were effective in modelling student achievement in Turkish and 

mathematics. EBA provides a rich resource for educational data mining studies by creating a 

large data pool thanks to its extensive educational content and user interactions. Analysing the 

data on EBA has great potential for increasing student achievement, improving the learning 

process and developing educational policies. 

http://oapub.org/edu/index.php/ejes
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The e-learning environment used in this study, which aims to model the mathematics 

performance of middle school students, is the EBA platform. Interaction data related to the 

students' learning processes were collected from this environment. In addition to the EBA data, 

a readiness test, a socio-demographic questionnaire, maths attitudes and anxiety scales were 

used as data collection tools. With the data obtained from the questionnaire, the scales and the 

e-learning environment, mathematics performance was predicted using classification and 

prediction regressions, which are commonly used in educational data mining. The model was 

created by optimising the regression algorithms with the best parameter values. At this point, 

the research sought to answer the question: What is the success of different predictive and 

classification models created using student data from the questionnaire, the scale and the e-

learning environment in predicting mathematics course performance? 

 

2. LITERATURE REVIEW 

2.1. Data Mining  

Data mining (DM) can be defined as the process of making future predictions by extracting 

meaningful relationships from large data sets (Baker & Siemens, 2014; Romero & Ventura, 

2010; Şentürk, 2006). The research underlying the concept of data mining emerged in the 1960s 

with the computerisation of data (Ledley, 1960). Initially, simple data models were developed; 

over time, entity-relational, relational and object-oriented data models were developed as the 

needs increased. In the 1990s, the growth of databases with the widespread use of the Internet 

led to the need to analyse this data, and in this context the concept of data mining was 

introduced by computer scientists (Efron & Tibshirani, 1991). Today, the applications of data 

mining are becoming more and more widespread. It has become inevitable that DM, which is 

used in many different fields from health to banking, from law to commerce, will also be used 

in education. The use of DM in education has led to the concept of Educational Data Mining 

(EDM).  The diagram in Figure 1 shows the relationship between data mining and educational 

data mining.  

 

 
Figure 1. Interdisciplinary Diagram of EDM (Romero&Ventura, 2013) 

 

 

 

 

http://oapub.org/edu/index.php/ejes


Koray AKDENİZ & Bahadır YILDIZ 

Modeling the Mathematical Performance of Secondary School Students Using E-Learning Environment Data 

 

   

 Technology, Innovation and Special Education Research - Volume 4 │Issue 2 │ 2024                                            195 

2.1.1. Educational Data Mining  

In e-learning environments, the discovery of 

patterns from the traces left by learners, such as 

video viewing and the number of clicks on content, 

has become possible with the use of EDM (Şahin & 

Yurdugül, 2020). García et al. (2011) define EDM 

as the process of organising the raw data obtained 

in educational environments and transforming it 

into information that can be utilised by educational 

software, developers, teachers and researchers. 

Bousbia & Belamri (2014) posit that the EDM 

process comprises seven stages, as illustrated in 

Figure 2. 

 

The components of this process are explained by Şahin & Yurdugül (2020) as follows; 

 E-learning environment: Online environments where learners undergo learning 

processes. Examples of these environments are massive open online course 

environments (MOOCs), learning management systems, adaptive hypermedia 

environments. 

 Raw data: the initial, unprocessed form of all interaction data collected from learners 

within an e-learning environment. This data can also be defined as "unstructured data." 

 Data preprocessing: It is the process of making the data obtained from e-learning 

environments ready for analysis by conducting structuring studies such as missing data, 

noise removal and dimension reduction.  

 Modifying the data: This is the process of making the data ready for analysis so that it 

can be used in EDM algorithms. At this stage, operations such as boxing, 

categorization, etc. can be performed. 

 Use of EDM algorithms: The use of classification, clustering and association rules 

algorithms on the data prepared for analysis in a purposeful way. 

 Modeling: It is the process of modeling the data at the end of the analysis and revealing 

patterns. 

 Evaluation / Interpretation: These are the evaluations presented to the researchers for 

how and for what purpose the obtained models and patterns will be used. 

 

2.2. Education Information Network (EBA)  

The Ministry of National Education has made significant progress in recent years with regard 

to the establishment of technological infrastructure in schools. Nevertheless, the mere 

establishment of technological infrastructure is insufficient for the comprehensive utilisation 

of technology in education. Accordingly, the EBA was developed in accordance with the 

necessity for educational materials to facilitate the utilisation of this infrastructure (Tüysüz & 

Çümen, 2016).  EBA is a social education platform that provides a secure and personalised 

learning environment for students at all levels, from kindergarten to 12th grade. The platform 

Evaluation/ Comment

Modelling

Using EDM algorithms

Modification of data

Verinin modifiye edilmesi

Data preprocessing

Raw data

E-Learning environment

Figure 2. EDM Process 
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provides users with curriculum-compliant course content and personal and professional 

development guidance services. EBA offers a plethora of resources, including interactive 

books, textbooks, applications and tests, video or interactive lectures on a multitude of topics 

and learning outcomes, practice questions, infographics, summaries and project documents at 

each course level. Furthermore, there are numerous instructor-specific content types. In 

addition to course content, there is a library area that contributes to the personal development 

of students, teachers, and parents, and is designed to be engaging and enjoyable to use (MoNE, 

2020). 

The EBA is an educational platform that is accessible to all students, teachers and parents. The 

number of users and shares is on a steady upward trajectory. The principal objective of EBA is 

to furnish users with efficacious materials and a plethora of rich content, irrespective of location 

(Sarıkaya & Aydın, 2020). 

The content on the EBA platform is presented to students through an intelligent 

recommendation system. The personalisation approach adopted by EBA ensures that the 

system is designed according to the specific interests and content preferences of each student. 

The social education platform feature enables students and teachers to interact, create posts on 

their own pages, participate in discussions and polls, and exchange messages. Teachers can 

utilise the platform to send homework assignments to their students and analyse reports to 

determine the extent to which students are completing those assignments successfully (MoNE, 

2020). 

 

3. METHODOLOGY 

3.1. Research Method 

In this study, the steps of the CRISP-DM process model were used to predict student 

achievement. CRISP-DM is a methodology used in data mining applications and consists of 

sub-processes such as understanding business processes, understanding data, data preparation, 

modeling, evaluation, and dissemination (Marinez Plumed, 2019; Schröer, Kruse & Gómez 

2021). This model was preferred in this study as it allows the EDM model to be used in 

independent studies and includes EDM implementation steps. Figure 3 shows the stages of the 

applied business model. 

http://oapub.org/edu/index.php/ejes
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Figure 3. The Process Followed in the Research 

 

This section is intended to provide a comprehensive account of the methodologies, materials, 

collaborative partners, and participants involved in the study. The protocols utilized for data 

acquisition, techniques and procedures, investigated parameters, methods of measurement, and 

apparatus must be described in sufficient detail to allow other scientists to comprehend, 

analyze, and compare the results. The number, age and sex of the study subjects and 

participants should be provided. A detailed description of the statistical methods employed 

should be provided to facilitate verification of the reported results. This section may include a 

separate subsection that provides an explanation of the abbreviations used in the study. 

During the research process, data were collected from the e-learning environment, 

questionnaires, and lecture notes. These data underwent preprocessing, where variables 

anticipated to predict end-of-semester course success were selected. Subsequently, the data 

were formatted for Educational Data Mining (EDM) analysis and analyzed using classification 

and prediction regressions commonly employed in data mining. The obtained results were then 

reported.  

 

3.2. Participants 

The participants of the study were 5th, 6th, 7th and 8th grade students studying in the middle 

school where the researcher works. Before starting the application, a meeting was held with 

the students and information about the study and its scope was given. Then, 157 students were 

selected on the basis of volunteerism and permission was obtained from their parents with 

parental consent forms. Although the participant group initially consisted of 157 students, it 

was determined that 45 students did not log in to EBA during the research process due to 

technical limitations and student preferences. Since the main focus of the study was to model 

student achievement with EBA data, these students' data were not included in the analysis 

process.  Therefore, the participant group of the study consisted of 112 middle school students. 

Information about the study group is given in Table 1. 
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Table 1. Information about the Participants 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

When Table 1 is examined, it is seen that most of the students in the grade levels included in 

the study are in the seventh grade (f:33, 29.4%). In addition, the majority of the research 

participants were male students (f:66, 58.9%). In general, the sample size required for 

regression analysis should be at least 5 observations for each independent variable 

(Sümbüloğlu & Sümbüloğlu, 2005). In this study, 10 independent variables were used in 

regression algorithms and 18 independent variables were used in classification regressions. The 

participant group of 112 students was suitable for data analysis. 

 

3.3. Data Collection 

Data were collected from three different categories of data sources. 

 

3.3.1. E-Learning Environment Data 

The first data source is the EBA environment designed by the General Directorate of Innovation 

and Educational Technologies (YEĞİTEK);  

- EBA Score (the score given to students by the platform as a result of the interactions made 

by students in the EBA environment),  

- Number of students' discussion, voting and message interactions,  

- Percentage of completion of the content sent by the teacher-researcher,  

- Percentage of overall performance in mathematics,  

 -Data on students' individual content completion percentages in mathematics course.  

These data were used in digital environment and in line with the permission of YEĞİTEK, in 

order to perform data analysis in accordance with the Law on the Protection of Personal Data. 

 

Class Level f % 

5 th grade 27 24.1 

6 th grade 21 18.8 

7 th grade 33 29.4 

8 thgrade 31 27.7 

Total 112 100 

Gender f % 

Male 66 58.9 

Female 46 41.1 

Total 112 100 
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3.3.2. Scales 

The second category of data sources comprises the student information questionnaire and the 

scales utilized to ascertain students' attitudes and concerns. Ethical permissions for the use of 

these data sources were obtained by the developers. Furthermore, the readiness examination 

administered at the outset of the academic term represents an additional data source within this 

category.  

The student information survey is a questionnaire prepared by the researcher that includes a 

range of student-related information, such as study time, the number of siblings, and the status 

of academic support. The survey is designed to determine the impact of students' socio-

demographic status on academic achievement.  

The attitude scale is comprised of the following items: In order to ascertain the attitudes of 

students towards mathematics, the five-point Likert-type Mathematics Attitude Scale, 

developed by Aşkar (1986), comprising 20 items, was employed. The scale was evaluated 

based on the following response options: "Strongly Agree," "Agree," "Undecided," "Disagree," 

and "Strongly Disagree." Responses were assigned a value of 5 for "Totally Agree," 4 for 

"Agree," 3 for "Undecided," 2 for "Disagree," and 1 for "Strongly Disagree." The scale was 

found to have a unidimensional structure, with a Cronbach alpha reliability coefficient of 0.96 

in the development phase (Aşkar, 1986). 

The Anxiety Scale is a psychometric instrument designed to assess the extent to which an 

individual experiences anxiety. The Mathematics Anxiety Scale (MAAS), developed by 

Erktin, Dönmez, and Özel (2006), is a four-point Likert-type assessment tool comprising 45 

questions. The factor analysis yielded the identification of the sub-dimensions of the scale and 

the delineation of four distinct dimensions of mathematics anxiety: fear of examinations and 

assessments, avoidance of mathematics lessons, utilization of mathematics in daily life, and 

self-confidence in mathematics. The items comprising the scale were assigned a value of 1, 2, 

3, or 4, respectively, depending on the frequency with which the respondent indicated the 

occurrence of the behavior in question. The Cronbach alpha reliability coefficient for the scale 

was determined to be 0.92. 

The readiness exams consisted of valid and reliable questions from the questions of the 

scholarship exams and the placement test (Seviye Belirleme Sınavı [SBS]) exams conducted 

by the Ministry of National Education in previous years. The distribution of the questions was 

determined by taking into account the time allocated to learning areas in the mathematics 

curriculum. Then, three mathematics education experts, one measurement and evaluation 

expert and one Turkish language expert were consulted. For each question, the field experts 

stated whether the question was appropriate for the learning outcome, the language expert 

stated whether the question was appropriate in terms of language expression, and the 

measurement and evaluation expert stated whether the question was appropriate in terms of 

measurement and evaluation principles. The content validity ratio (CVR) was calculated for 

each item to quantitatively present the evaluation results from the experts.  
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CVR = 
𝑁𝐴

𝑁/2
 – 1                                     NA: Number of experts who approved the article 

                                                               N: Total number of experts 

 

Items with a CSR > 0 are items that are considered appropriate by at least half of the test experts 

(Yurdugül, 2005). As a result of the expert feedbacks, the CSR ratio was calculated more than 

0 for all items and the achievement test was applied to the students after it was finalized. 

 

3.3.3 E-School Data 

E-School is a digital system that facilitates the management of student data and school 

processes in institutions affiliated with the Ministry of National Education. It enables the digital 

recording of information as outlined in the Ministry of National Education Regulation on 

Primary Education Institutions (2007). At this juncture, the end-of-term mathematics course 

grades, number of absences, and academic grade point average data from the previous year, 

obtained from the participants' E-School environment, were utilized as the third data source in 

the study. 

 

3.4. Data Analysis 

The data obtained from the data collection tools within the scope of the study were initially 

collected as raw data and variables were identified within the context of educational data 

mining processes. The determination of variables is of significant importance for the model to 

yield accurate results. The utilization of incorrect or irrelevant variables may result in the 

generation of erroneous results. Consequently, the following variables were determined from 

the measurement tools, and their characteristics are presented in Table 2.  
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Table 2. Variables Used in the Study and Their Characteristics 

Data Source Variable Variable Name Variable Type 

E-School 
Y Student end of semester score Continuous 

Y1 End of semester passing status Categorical 

Achievement Test X1 Readiness score Continuous 

Attitude Scale 

Towards 

Mathematics 

(Aşkar, 1986) 

X2 Attitude scale score Continuous 

Mathematics 

Anxiety Scale 

(Erktin, Dönmez & 

Özel ,2006) 

X3 Anxiety scale score Continuous 

E-School 
X4 Previous year success score Continuous 

X5 Number of absences Continuous 

 

 

 

E-Learning 

Environment 

X6 EBA point Continuous 

X7 Total number of Discussion-Vote-

Message interactions 

Continuous 

X8 Mathematics course general exam 

performance percentage 

Continuous 

X9 Submitted content completion 

percentage 

Continuous 

X10 Percentage of non-homework 

(individual work) content 

Continuous 

 

 

 

 

Demographic Scale 

X11 Number of people living in the 

same house 

Continuous 

X12 Financial situation Categorical 

X13 Having a room of one's own Categorical 

X14 Study time Categorical 

X15 Status of receiving academic 

support 

Categorical 

X16 Mother's education leve Categorical 

X17 Father’s education leve Categorical 

X18 Family unity status Categorical 

 

The RStudio program was employed for the purpose of data analysis. In the initial phase of 

data preprocessing, an analysis of missing data was conducted, which revealed that no instances 

of missing data were present. An outlier analysis was conducted on each variable in the dataset 

using the boxplot method. Outliers were observed between 5-12 for each variable. In case of 

possible data loss, outliers were not deleted due to the inability to reach a sufficient sample for 

regression analysis and to obtain reliable results. With the suppression method, first quartile 

values were assigned instead of values smaller than the mean of the variables and third quartile 

values were assigned instead of values larger than the mean. The reason for choosing this 

method is that the closest values to the actual values of the variables with outliers are the 
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average values of the quartiles to which they are connected.  In order to improve the 

performance of the model, the “standardscaler” method was used to scale the data by 

converting the data into a data format with a mean of zero and a standard deviation of one. This 

method was chosen because the research variables are on different scales. While some data 

measured academic achievement between 0-100, variables such as the number of siblings, daily 

study time, etc. took values in very different ranges from this range. This causes the model to 

behave biased in algorithms such as support vector machines, logistic regression, etc. The 

StandardScaler method allows for a fairer comparison of attributes with different units of 

measurement. This prevents unnecessary dominance of certain features in the decision 

mechanism of the model. After the data scaling process, the data analysis phase started and 

regression algorithms such as multiple linear regression, ridge regression, lasso regression and 

elastic-net regression, and classification algorithms such as K-nearest neighbor, support vector 

machine, artificial neural network, classification and regression trees, random forest and 

logistic regression were used. Students' end-of-semester achievement scores were used as the 

dependent variable for predicting achievement status. In the classification algorithms, if the 

end-of-semester achievement score was less than 50 points, it was coded as “Failed” and if not, 

it was coded as “Passed”. The reason for this is that the passing grade for the Turkish course is 

at least 70 points and the passing grade for other courses is at least 50 points (MoNE, 2023). 

 

3.5.Ethics Committee Approval 

 Approval for this study was granted by the Ethics Committee of Hacettepe University on 

14/04/2022 under registration number 2136407. 

 

4. FINDINGS 

4.1. Descriptive Statistics 

Table 3 below displays the fundamental descriptive statistical information pertaining to the 

dependent and independent continuous variables employed in this investigation. The aim of 

this study is to predict students' end-of-semester achievement scores based on the data obtained 

from the online environment and scales. 
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Table 3. Descriptive Statistics of Variables 

Variable n Mean Median Min  Max Standard 

Deviation 

Skewness Kurtosis 

Y 112 68.02 66.85 25.7 100 19.41 -0.08 1.92 

X1 112 40.98 40 10 100 17.17 0.89 3.71 

X2 112 74.72 79 25 100 18.34 -0.82 2.74 

X3 112 85.94 81.5 45 154 23.19 0.72 3.46 

X4 112 93.5 93.5 58.1 100 7.55 -1,68 6.65 

X5 112 2.32 2 0 14 2.57 1,59 6.15 

X6 112 130.01 70.5 1 787 163.95 2.17 7.84 

X7 112 1.87 0 0 13 3.16 1.61 4.63 

X8 112 16.53 0 0 100 28.39 1.51 3.99 

X9 112 7.25 0 0 100 31.17 3.15 14.37 

X10 112 4.85 2 0 51 8.15 3.3 15.99 

X11 112 4.58 5 2 9 1.18 1.08 2.79 

 

As indicated in the table above, the mean score for the students' end-of-semester assessments 

(Y), which serves as the dependent variable in this study, is 68.02. The lowest end-of-semester 

score observed among the participants in the study was 25.7 points, while the highest score was 

100 points. Moreover, the skewness and kurtosis values of the student scores align with the 

characteristics of a normal distribution. It can be stated that the independent variables X4, X5, 

X6, X7, X8, X9, and X10 deviate from the normal distribution, as evidenced by their skewness 

values exceeding -1 or 1 and kurtosis values exceeding 3. To ensure that the variables in the 

table deviate from the normal distribution and that the variables are on the same scale, data 

scaling was performed on the independent variables using the "scale" function in the Rstüdio 

program. Subsequently, regression analyses were conducted on the new values of the variables. 

Table 4 presents the numerical code values and frequencies of categorical variables. 
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Table 4. Frequencies of Categorical Variables 

Variable Variable Value f % Total % 

YS Failed 25 22.3 22.3 

Passed 87 76.7 100 

X12 0-3000 TL 42 37.5 37.5 

3000-6000TL 44 39.2 76.7 

6000-10000 TL 15 13.3 90 

+10000 TL 11 10 100 

X13 None  40 35.7 35.7 

Yes  72 64.3 100 

X14 0-1 hour  35 31.3 31.3 

1-3 hour 64 57.1 88.4 

3-6 hour 13 11.6 100 

6-10 hour 0 0 100 

X15 No support  90 80.3 80.3 

Private classroom 17 15.2 95.5 

Privete tutoring 5 4.5 100 

X16 Primary School 24 21.4 21.4 

Middle School 23 20.5 41.9 

High School  45 40.2 82.1 

License 19 17 99.1 

Postgraduate 1 0.9 100 

X17 Primary School 11 10 10 

Middle School 21 18.7 28.7 

High School  41 36.6 65.3 

License 37 32.9 98.2 

Postgraduate 2 1.8 100 

X18 Together  99 88.4 88.4 

Seperate 13 11.6 100 

 

As is evident from the data presented in the above table, the majority of the students who 

participated in the study (n = 87; 76.7%) successfully completed the mathematics course at the 

conclusion of the semester. It can be posited that the income of the student families in question 

typically falls within the range of 3,000 to 6,000 Turkish Lira. The majority of students (64.3%) 

had their own room, while the majority of students (80.3%) did not receive any academic 

support. Additionally, the data indicates that the majority of students (57.3%) study between 

one and three hours per day. Furthermore, the data on the parents of the students reveals that 

the majority of parents had completed high school, and a significant proportion of students 

resided with their parents (88.4%). 

 

4.2. Regression Results 

Correlation analysis was conducted with the scaled data in order to determine the relationships 

between the variables. The data obtained are shown in Figure 4.  
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Figure 4. Correlation Matrix of Independent Variables 

 

Figure 4 illustrates a strong negative correlation between the X2 and X3 variables (-0.8) and a 

robust positive correlation between the X8 and X10, as well as the X9 and X10 variables (0.7). 

Subsequent to this, a multiple linear regression analysis was conducted, and variance inflation 

factors (VIF) were examined to ascertain the presence of multicollinearity between the 

variables. Moreover, the optimal multiple linear regression model was identified by 

partitioning the data into training and test sets at varying proportions. 

 

Table 5. Statistics of Multiple Linear Regression Models according to Different Training 

Data 

Regression 

Type 

Percantage 

of traning-

test data 

RSE RMSE  MSE MAE Adjusted-R2 

Linear 

Regression 

100 10.92 10.36 107.52 8.17 0.683 

95 10.92 11.10 123.26 9.31 0.681 

90 11.11 8.54 72.87 6.41 0.676 

85 11.04 10.84 117.51 7.80 0.682 

80 10.37 14.88 221.41 8.45 0.731 

75 11.06 11.15 124.52 8.79 0.674 

70 10.44 12.56 157.78 10.32 0.702 

65 10.38 12.71 161.46 10.46 0.729 
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Table 5 illustrates the process of dividing the data set into distinct proportions for training and 

testing, with the objective of identifying the optimal regression model. Following the division 

of the data set into 80% training data and 20% test data the model was tuned using the 10-fold 

cross-validation method, resulting in an Adj. R2 value of 0.731. The adjusted R² value indicates 

the proportion of the change in the dependent variable that can be explained by the independent 

variables. Accordingly, 73% of the changes in the end-of-semester score can be explained by 

the independent variables of the study. Furthermore, the standard error of residuals (RSE) 

value, which assesses the model's fit to the data, was calculated as 10.37, and the root mean 

square error squares (RMSE) value was calculated as 14.88. Table 6 illustrates the regression 

model's optimal coefficients.  

 

Table 6. Coefficients of the Best Regression Model 

Variable B Std. Error T VIF P  

Fixed 68.638 1.103 62.239 - 2.e-16***  

X1 7.281 1.291 5.641 1.462 2.40e-07***  

X2 1.187 1.940 0.612 3.512 0.542  

X3 -3.011 2.066 -1.458 3.855 0.148  

X4 5.863 1.386 4.230 1.632 6.12e-05***  

X5 1.510 1.211 1.247 1.338 0.216  

X6 1.260 1.586 0.794 1.956 0.429  

X7 -2.568 1.440 -1.784 1.782 0.078  

X8 0.715 1.640 -0.436 2.315 0.664  

X9 8.396 2.177 3.857 2.980 0.002***  

X10 0.087 1.747 0.05 2.742 0.960  

R2=0.775                          Ad. R2= 0.731                                 F= 23.7                         p < 2e-16 

 

Table 6 reveals that when VIF values are considered, all variables exhibit VIF values less than 

5, respectively. It can thus be concluded that there is no evidence of multicollinearity among 

the variables. Given that the p-value is less than 0.05, it can be concluded that at least one 

variable in the model has the capacity to explain the model. Furthermore, the p-values of X1, 

X4, and X9 variables are less than 0.05, indicating that these variables significantly contribute 

to the model. Furthermore, increases in the X3 and X7 variables have a negative impact on the 

end-of-semester achievement score. Increases in other variables have a positive effect on the 

dependent variable. In light of the high correlation coefficients of 0.7 and 0.8 observed in 

Figure 4, additional analyses were conducted, including ridge regression, lasso regression, and 

elastic-net regression, in addition to the initial multiple linear regression analysis. These 

supplementary analyses were performed to ensure robustness against outliers and 

multicollinearity issues. The results of the aforementioned additional analysis, which yielded 

the most optimal multiple linear regression model data, are presented in Table 7. 
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Table 7. Statistics for Different Regression Types 

Regression 

Type 

Percantage of 

traning 
RMSE  MSE MAE Adjusted-R2 

Rigde 

regression 
80 10.17 103.41 8.12 0.705 

Lasso 

regression 
80 10.73 115.28 8.734 0.690 

Elastic-net 

regression 
80 9.96 99.34 7.84 0.733 

 

When Table 7 is analyzed, Elastic-net regression has the best parameters. The Adj R2  value, 

which has the greatest importance for regression parameters, was calculated as 0.733. This 

means that 73% of the changes in the end-of-semester score can be explained by the 

independent variables of the study. In addition, since values such as RMSE (9.96) and MSE 

(99.34) are lower than the parameter values of other algorithms, it is seen that the fit of the 

model to the data is better in Elastic-net regression. Figure 5 shows the coefficients of Elastic-

net regression. 

 
Figure 5. Elastic-Net Regression Coefficients 

 

As illustrated in Figure 5, the independent variables X3 and X7 exert a negative influence on 

the dependent variable, whereas the remaining variables contribute a positive effect to the 

regression model. In the regression model, the effect of the X8 variable on the model is zero. 

The X1, X4, and X9 variables made the highest positive contribution to the dependent variable. 

The results obtained show that the increase in anxiety score and the total number of discussions 

and messages in the e-learning environment have a negative effect on academic achievement. 

However, the increase or decrease in students' overall exam percentage in EBA has no 

significant effect on academic achievement. On the other hand, it was found that the increase 

in the readiness score, the previous year's grade point average and the percentage of completion 

of the content sent to the students by the teacher positively affected academic achievement. 
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4.3. Classification Results 

After the predictive regression analyses, students' end-of-semester achievement scores were 

classified as "Failed" and "Passed" and logistic regression analysis was performed first. Then, 

using the training and test data with the best parameter values in logistic regression, the model 

with the best parameters was created using K-Nearest Neighbors (KNN), Support Vector 

Machine (SVM), Classification and Regression Trees (CART), Random Forest, Neural 

networks (NN) classification regressions. Table 8 shows the results of logistic regression 

analysis.  

 

Table 8. Statistics of Logistic Regression Models according to Different Training Data Faces 

Regression  

Type 

Percantage 

of traning-

test data 

Accuracy %95 

Confidence 

interval 

Kappa Sensivity Specificity AIC 

Logistic 

regression 

100 0.893 0.82 – 0.94 0.691 0.93 0.76 82.385 

95* 1 0.48 - 1 1 1 1 82.378 

90 0.9 0.55 – 0.99 0.615 1 0.50 78.35 

85 0.9 0.55 – 0.99 0.615 1 0.50 78.35 

80 0.773 0.55 – 0.92 0.396 0.82 0.60 562.61 

75 0.852 0.66 – 0.96 0.617 0.86 0.83 58 

70* 1 0.95 - 1 1 1 1 56 

65* 1 0.95 - 1 1 1 1 54 

*Overfitting status 

 

An analysis of Table 8 reveals that the logistic regression model developed with 75% of the 

training data exhibits optimal results when evaluated based on the specified performance 

indicators. The overall accuracy of the model is indicated by the Accuracy value, which is 

0.852. This indicates that the model is accurate in 85% of instances. Moreover, the logistic 

regression model demonstrates satisfactory performance with high sensitivity (0.86) and 

specificity (0.83).  The Kappa value of 0.617 indicates that the model is relatively effective in 

comparison to random forecasts, yet there is potential for further enhancement. The AIC value 

(58) suggests that the model offers a balanced fit and is not excessively complex. Overall, it 

can be stated that this model is capable of effectively discriminating between positive and 

negative classes. The coefficients of the model are illustrated in Figure 6.  
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Figure 6. Coefficients of the Best Regression Model 

 

A detailed examination of Figure 6 reveals that the students' success or failure in mathematics 

at the conclusion of the semester was markedly influenced by a number of factors. These 

include the students' previous year's achievement score (X4), their EBA score for the semester 

(X6), and the extent to which they had completed the content provided to them by the teacher. 

(X9), family income (X12_2) between 3000-6000 TL, the lack of a room belonging to the 

student (X13_1), and the educational status of the students' fathers being secondary school 

(X17_2). The complexity matrix, formed when the model created using 75% training data was 

tested on test data, is shown in Table 9.  

 

Table 9. Complexity Matrix of the Model 

 Real Value 

Failed Passed 

Estimated 

Value 

Failed 5 3 

Passed 1 18 

 

Upon analysis of Table 9, the model demonstrated a 85% accuracy rate, correctly predicting 

the failure of five out of eight students and the success of 18 out of 19 students. This indicates 

that the model is highly reliable in predicting academic performance. Subsequent to the logistic 
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regression analysis, the optimal model parameters were identified through the application of 

diverse classification regression algorithms. The outcomes are illustrated in Table 10.  

 

Table 10. Model Parameters Generated from Different Classification Regressions 

Regression Type Accuracy %95 Confidence 

interval 

Kappa Sensivity Specificity 

KNN 0.78 0.58 – 0.91 0 1 0 

SVM 0.78 0.58 – 0.91 0.36 0.86 0.50 

CART 0.78 0.58 – 0.91 0.36 0.86 0.50 

Random Forest 0.78 0.58 – 0.91 0.16 0.95 0.16 

YSA 0.78 0.58 – 0.91 0.27 0.90 0.33 

 

Upon examination of Table 10, it can be observed that the accuracy value is 0.78 in models 

belonging to different regression types. This indicates that the correct classification rate is 78% 

across all regression types. The table also indicates that the regression types with the optimal 

parameter values are the SVM and CART algorithms. The sensitivity value of the models is 

0.86, indicating that the models are highly successful in detecting positive classes. However, 

the specificity value of 0.50 indicates that the model has low success in detecting negative 

classes and tends to misclassify negative classes as positive. Furthermore, the Kappa value of 

0.36 indicates that the model has a moderate fit and that its performance requires improvement.  

 

5. RESULTS AND DISCUSSION 

Unlike traditional classroom environments, online learning environments make it possible to 

record traces of all student activities. These traces may include various activities such as 

following course announcements, responding to questions on discussion platforms or simply 

logging in and out of the system. Research has shown that many educational problems can be 

solved by recording such data in databases about learning processes and analyzing them with 

the EVM approach. In this study, one of these problems is focused on predicting student 

performance. 

Within the scope of the study, 19 variables were produced with the data obtained from the 

scales at the beginning of the semester and the data obtained from the e-learning environment 

during the semester. These variables were used to predict students' end-of-semester 

mathematics course scores and to classify the passing and failing status of the mathematics 

course. Prior to the analysis of the data, the data underwent a series of pre-processing stages. 

The initial step involved the identification of missing data. Once it was established that no data 

was missing, outlier analysis was conducted on the variables. The outliers identified were not 

removed to prevent data loss; instead, new values were assigned using the suppression method. 

Subsequently, data scaling was conducted to guarantee that disparate variables were aligned 
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on an equivalent scale and to enhance the efficacy of the model. Following data preprocessing, 

different regression and classification algorithms were divided into different percentages of 

training and test data, and models that best predict academic achievement were created. While 

selecting the best model, algorithms with the best values in more than one regression parameter 

were taken into consideration. The final version of the model was obtained by organizing the 

new models using 10-k cross-validation. All these procedures are important for ensuring the 

accuracy and generalizability of the research results. 

In line with the research problem, the data prepared for analysis were first analyzed by multiple 

linear regression analysis using different proportions of training and test data for the prediction 

of the end-of-semester achievement score. In the results obtained, the regression model with 

the best parameters was obtained when the data was divided into 80% training data and 20% 

test data. In this model; students' readiness test scores, academic achievement averages of the 

previous year and the percentage of completion of the content sent to students in the online 

learning environment made significant contributions. Determining the readiness level of an 

individual enables guidance in accordance with his/her individual and characteristic features, 

determining his/her needs and making plans, programs and preparations according to these 

needs (Yapıcı, 2004). According to Yenilmez and Kakmacı (2008), individuals with a high 

level of readiness can comprehend subjects faster and make comments on the subject. These 

individuals complete their homework more easily because they have learned the concepts and 

become more ready for the next subject because they understand the previous subject well. In 

parallel with this, the results of the study revealed that readiness test scores made a positive 

and significant contribution to the regression model. According to Ülker (2021), interactive 

assessment tools in the e-learning environment have a high level of impact on student 

achievement. The percentage of completion of interactive exams, exercises, etc. sent to 

students in the EBA environment also made a positive and significant contribution to the 

regression model.  In the study conducted by Koca (2019), it was aimed to model mathematics 

course achievement with the data obtained from the learning management system used by 

students. As a result of the study, it was concluded that students' performance in the test they 

solved on the system and the number of questions had a significant effect on predicting 

academic achievement.  This result is consistent with the findings of the research. 

In multiple linear regression, VIF values below 5 may indicate that there is no multicollinearity 

problem between variables. However, in the correlation analysis between variables, algorithms 

that are resistant to multicollinearity can be used due to high correlation values between some 

variables. In this study, in addition to multicollinear regression, Ridge regression, Lasso 

regression and Elastic-net regression algorithms were used to analyze the data. In the results 

obtained, Elastic-net regression has the best parameter values. In addition, elastic-net 

regression has the best parameter values such as RMSE, Adj. R2, MSE have better values than 

multiple linear regression. In the model obtained from the elastic-net regression, the Anxiety 

score and the total number of students' votes, discussions and messages contributed negatively 

to the model. In the model, the effect of students' overall exam performance percentages on the 

model was zero. When the literature is examined, in studies aiming to predict success in online 

environments, the increase in the number of messages and posts written by students in the 
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environment positively affects academic achievement (Akçapınar, 2014; Lopez et al. 2011). 

The reason why parallel results could not be obtained at this point may be that the interaction 

of discussion, message and voting in the EBA environment increases the EBA score and 

students make interactions outside the focus of the question asked. According to Bindak (2005), 

mathematics anxiety is one of the most important affective factors that negatively affect 

individuals' mathematics achievement, regardless of their intelligence level. Parallel results 

were obtained in this study. The overall exam average is the percentage of correct answers in 

all exams taken by the student. However, since some students took very few exams and had a 

high level of overall performance, the effect of this variable may be zero. The variables that 

made the highest contribution to the model were students' readiness test scores, academic 

achievement averages of the previous year, and the percentage of completion of the content 

sent to students in the online learning environment. These results are in parallel with the results 

obtained from multiple linear regression analysis. 

In alignment with the research question, students' final semester grades were classified as 

unsuccessful if they fell below 50 points, and as successful if they reached or exceeded 50 

points. Logistic regression, random forest, support vector machines, decision tree, artificial 

neural networks and k-nearest neighbor algorithms, which are frequently used in the literature, 

were used on the classified data. Among the classification algorithms, logistic regression is the 

algorithm that best predicts the pass/fail status of students at the end of the semester using 75% 

training data. The logistic regression algorithm demonstrated an 85% accuracy rate in correctly 

predicting the end-of-semester achievement classification. The variables that were found to 

significantly affect the pass or fail status of students in the mathematics course at the end of 

the semester were the achievement score of the previous year, the EBA score of the students 

for the semester, the percentage of content completed by students, the income of the family 

being between 3000-6000 TL, the availability of a room belonging to the student, and the 

educational status of the students' fathers being secondary school. The regression model 

established by Akhan and Bindak (2017) to predict students' achievement in mathematics 

revealed a significant relationship between variables such as the grade point average of the 

previous year and the presence of a room belonging to the student and achievement. 

Furthermore, the study conducted by Anıl (2010) aimed to predict students' achievement in the 

science course. The variable of father's education level was identified as the variable that made 

the highest significant contribution to achievement in the regression model. These results are 

in alignment with the findings of the aforementioned study.  

School success is greatly influenced by many different factors besides mental factors. These 

factors include achievement motivation, anxiety level, family characteristics, socio-economic 

status, inadequate conditions of school and education, environmental factors, nutrition and 

health conditions. These variables affecting the learning process are closely related to the 

physiological, psychological and social conditions of the individual (Güleç & Alkış, 2003). In 

parallel with this in the study, variables such as financial status, parental education level, and 

working environment at home, which are factors outside the student, have a significant effect 

on the regression model. 
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In existing studies which have aimed to model student mathematics achievement in the 

literature, it was observed that the factors affecting student achievement were not addressed 

using a sufficiently multidimensional approach. In the study conducted by Akhan and Bindak 

(2017), mathematical achievement was modelled using variables obtained from the personal 

information form, the attitude and school culture scale, and other relevant data. In the study 

conducted by Çalışkan (2014), mathematical achievement was modelled through the variables 

of students' cognitive entry behaviours and time allocated to mathematics. In the study 

conducted by Koca (2019), achievement in the Turkish and mathematics courses was modelled 

through the variables obtained from the learning management system used by the students. The 

effect of mathematics anxiety on mathematics achievement was investigated by İlhan and 

Sünkür (2013). These studies concentrated on a limited number of variables for modelling 

mathematics achievement. The modelling of each variable separately affects the error variance. 

In this study, mathematics achievement was modelled with 18 different independent variables, 

including students' traces left in the online learning environment, attitude and anxiety scales, 

students' demographic data, and cognitive input behaviours. The model provided a more 

comprehensive prediction of the multidimensional structure of mathematics achievement. 

As a result, in this study, which aims to predict middle school students' mathematics 

achievement with EDM methods, variables such as students' cognitive input behaviors, 

structured interactions with online learning environment, family income and father's education 

level have a positive effect on academic achievement. Variables such as attitude towards 

mathematics, anxiety and number of absenteeism did not show a significant effect on academic 

achievement.  

  

6. RECOMMENDATIONS 

This section includes recommendations for researchers and teachers.  

 

6.1. Recommendations for Researchers 

The online learning environment employed in the present study is the EBA platform. It should 

be noted that videos watched, exercises or exams completed in the EBA programme may 

appear as incomplete even though students have completed these contents. This may result in 

issues with data collection. Therefore, it would be beneficial to utilise e-learning environments 

that provide access to more reliable data in new studies. 

In the present study, data were analysed from 112 students. In future studies, the application of 

data mining algorithms may yield more robust results and enhance the generalisability of 

findings when studies are conducted with a larger sample size, including students from multiple 

educational institutions and those from diverse socioeconomic backgrounds. 

 

6.2. Recommendations for Teachers 

The study demonstrated that the studies sent to students in the EBA environment had a positive 

and significant impact on academic achievement. In contrast, the unstructured interactions of 

students with the system did not have a significant effect on achievement. It is recommended 

that teachers structure the content in the EBA environment and send it to students, as well as 
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provide follow-up. Additionally, students' cognitive input behaviors have been found to have 

a significant effect on the prediction of academic achievement. Therefore, it is advised that 

teachers determine the cognitive input behaviors of the students they teach at the beginning of 

the semester and take measures accordingly. 

 

6.3. Recommendations for Policy Making Institutions in Education  

In the study, some of the content completed by learners on the EBA platform was not completed 

due to internet infrastructure or systemic failures. It is recommended that policy-making 

institutions in education reinforce the infrastructure of online learning environments such as 

EBA. Furthermore, some students were unable to log in to EBA due to a lack of necessary 

facilities. The MoNE provided complimentary internet and device support for EBA, 

particularly during the pandemic period. It would be beneficial to increase the number of such 

supports to enable students with financial limitations to access EBA. 
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