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accuracy. The integration of ML models in education can contribute to improving
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Introduction

One of the primary goals of education is to enhance students' skills and expand their knowledge (Hart, 2016).
Therefore, it is essential to design and implement educational processes tailored to each student's abilities
and areas of competence (Corno & Snow, 1986). Given the vital role of education, student achievement
becomes a critical component of the learning process and a key indicator of the quality of educational
institutions. Academic success can be evaluated not only based on cognitive factors but also through social,
economic, individual, and environmental dimensions (Alamri et al., 2020). With the increasing availability of
data related to these factors, the role of artificial intelligence (Al) and machine learning (ML) technologies in
processing and analyzing large-scale educational data has become increasingly significant (Williamson, 2019;
Yang, 2019).

Machine Learning (ML), which lies at the core of Artificial Intelligence (Al) and data science, is one of the
fastest-growing fields in computer science and has a wide range of applications (Jordan & Mitchell, 2015;
Shalev-Shwartz & Ben-David, 2014). ML refers to a set of algorithms that are capable of detecting complex
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patterns and making data-driven decisions. These algorithms are designed to learn from data, thereby
acquiring the ability to solve problems independently without being explicitly programmed for each task
(Gultepe, 2019). ML technology enables the prediction of future outcomes from complex datasets, playing a
critical role in situations where the volume and complexity of data exceed human analytical capacities
(Turkmenoglu & Tantug, 2014). Regardless of how large the dataset is, ML continues to improve prediction
accuracy and enhances the precision of outcomes (IBM, 2024). Moreover, ML can generate new models and
forecasts, offering personalized predictions and recommendations based on individual needs and
circumstances. Due to these capabilities, ML models are widely used in fields such as medicine, science, and
manufacturing to support evidence-based decision-making processes (Kourou et al.,, 2015; Lin et al, 2011;
Wu et al., 2017).

Machine learning (ML) algorithms enhance predictive power by integrating data from various sources and
managing large volumes of data efficiently (Ozliier Baser et al., 2021). These algorithms are capable of
performing tasks such as clustering, classification, prediction, and estimation (Ulker & Civalek, 2002), and are
trained using supervised, unsupervised, or semi-supervised learning models (Brownlee, 2016). In supervised
learning, both input and output variables are provided, and the primary goal is to generate predictions for
new data based on these variables (Aydin & Ozkul, 2015; Ulker & Civalek, 2002). For instance, in a dataset
where students are labeled as either successful or unsuccessful, the success level of a new student can be
predicted by evaluating the relevant variables. In contrast, unsupervised learning uses only input variables
without labeled outputs (Ulker & Civalek, 2002). Semi-supervised learning combines both approaches,
utilizing a mix of labeled and unlabeled data (Saricaoglu, 2019). Since the dataset used in this study includes
both input (independent) and output (dependent) variables, the analysis was conducted using several
supervised machine learning models, and the results were compared accordingly.

Just as machine learning (ML) is utilized across various fields, it can also be effectively applied in education,
offering significant advantages in this domain (Aydin, 2007). When implemented in educational contexts, ML
enables the adaptation of learning processes to students' individual developmental paces and performance
levels, thereby facilitating more personalized learning environments (Kuch et al., 2020). This potential has
garnered increasing interest in recent years, as reflected in the growing number of studies in the field of
education (Zhou et al., 2018). The diversity of data collected from multiple educational sources further
highlights the importance of big data analytics. Analyzing such data allows for applications such as classifying
student performance, predicting educational outcomes, identifying necessary interventions during the
learning process, recommending appropriate content based on learners’ methods and styles, and detecting
knowledge gaps based on assessment results (Tosunoglu et al., 2021).Therefore, ML can support teachers by
predicting student performance and enabling process-oriented evaluation (Kucak et al., 2018). Additionally, it
offers the potential to eliminate scorer bias and objectively assess students' academic achievements. ML can
also aid teachers and education planners in identifying the most effective strategies to improve student
success (Alamri et al., 2020). Recent studies indicate that supervised ML models can accurately predict
students’ grades and hold promise for identifying students at risk of academic failure at an early stage. This
makes it possible to conduct student assessments in a more objective and effective manner (Wu et al., 2018).

Numerous studies have investigated the use of machine learning (ML) in education. In a study by Alamri et al.
(2020), Random Forest (RF) and Support Vector Machine (SVM) models were employed to predict the
Portuguese language and mathematics grades of Portuguese students. The study concluded that both
algorithms yielded high accuracy rates. Vandamme et al. (2007) utilized students” demographic,
socioeconomic, and academic background data to classify them into different performance groups using an
artificial neural network model and examined their academic success. In a study by Sengiir and Tekin (2013),
artificial neural networks and decision tree models were used to predict students’ graduation grades, and the
results showed that artificial neural networks outperformed decision trees. Hussain et al. (2018) analyzed data
from the Common Entrance Examination (CEE) used for university admissions, comparing various
classification and clustering models, and found that artificial neural networks achieved the highest accuracy
rate. In a more recent study by Zilyas and Yilmaz (2023), various algorithms such as K-Nearest Neighbors,
Random Forest, Linear Regression, Bagged Trees Regression, Gradient Boosting Regressor, and Decision
Trees were used to predict achievement in Turkish language courses. The results indicated that the Random
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Forest model was the most successful in terms of classification accuracy. Similarly, Quinn and Gray (2020)
applied different ML models to student data to predict whether a student would pass a course. These
algorithms included Random Forest, Gradient Boosting Regressor, Linear Discriminant Analysis, and K-
Nearest Neighbors. Their findings demonstrated that the Random Forest model was more effective than
other algorithms in predicting student academic performance.

A review of the relevant literature reveals that various machine learning models have been employed in the
field of education, with findings often discussing which models perform better. These studies demonstrate
that diverse machine learning techniques can be effectively utilized to classify student academic success.
Accurate classification of student performance is a crucial step toward improving educational efficiency and
providing individualized educational services. By correctly classifying students, their strengths and
weaknesses can be identified, enabling more targeted support and consequently enhancing their academic
achievement. Although a wide range of models and algorithms can be employed for this purpose, statistical
models such as decision trees, Random Forest (RF), Support Vector Machines (SVM), Naive Bayes, K-Nearest
Neighbors (KNN), and logistic regression are among the most commonly used in educational research
(Hussain et al., 2018; Rao et al., 2016; Vijayalakshmi & Venkatachalapathy, 2019; Wu et al., 2018). In this study,
the advantages of the selected models played a decisive role in their choice. The Random Forest model
stands out due to its high accuracy and strong capability to model complex interactions among variables. RF
effectively reveals relationships within multidimensional and complex datasets, thereby enhancing the
accuracy of predictions. Additionally, its robustness against overfitting offers a significant advantage over
other models (Rebai et al., 2020; Cruz-Jesus et al., 2020). Support Vector Machines (SVM), known for their
strong generalization ability, perform well in classification and regression tasks. They maintain similar levels
of success even on previously unseen data, demonstrating high performance on training datasets (Hastie et
al, 2017). The Naive Bayes method attracts attention due to its mathematically interpretable structure and
practical utility. Its effectiveness on small datasets and applicability to both categorical and continuous data
types (Hamalainen & Vinni, 2011) made it a suitable choice for this study. Given these advantages, these
models were preferred with the expectation that they would facilitate more accurate classification and
evaluation of student academic success.

A review of previous studies reveals that while some research focuses on analyzing variables that have direct
or indirect effects on student outcomes, others attempt to predict student performance based on these
variables using different machine learning algorithms. Although a student's academic success largely
depends on various socio-economic, school-related, and personal factors (Yassein et al., 2017), this study
examines the classification performance of Random Forest, Support Vector Machine, and Naive Bayes models
using various variables available in the relevant dataset. An open-access dataset was utilized in the study,
where students’ mathematics achievement averages served as a reference point. Student success was
classified into two categories: below average and above average. The aim of the research is to compare and
evaluate the performance of frequently used supervised machine learning models in education and other
disciplines—namely Naive Bayes (NB), Random Forest (RF), and Support Vector Machine (SVM)—by
analyzing the classification results based on machine learning performance metrics obtained from the
respective algorithms. Accordingly, the study seeks to answer the research question: How do the
performances of different machine learning models compare in classifying student academic success?

Method

Research Model

In the study, the classification accuracies of different machine learning models were compared using
performance metrics. This research, which aims to identify the most successful model through the
comparison of various models, is a descriptive survey-type applied study. Applied research involves the
experimental application of theoretical knowledge that has been produced or is being produced and can
provide concrete contributions toward improving existing practices (Karasar, 2012).
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Data Collection

In this study, a dataset collected to understand the effects of various economic, individual, and social
variables on the mathematics achievement of high school students living in the United States was used.
Although the dataset consists of students from the United States, the primary aim of the study is not to
focus on mathematics achievement itself but to test the classification accuracy of machine learning models.
The various variables in the dataset were utilized to evaluate the applicability of these accuracy models and
to compare the performance of the models. For this purpose, a publicly available dataset consisting of
1000 samples (https://www.kaggle.com/datasets/scientist/students-performance-in-exams) was obtained
from an online platform. Kaggle, a platform owned by Google, not only hosts machine learning
competitions for data scientists of all levels but also provides a comprehensive collection of datasets and a
cloud-based data science environment. These features enable users to effectively conduct data analysis
and model development processes (Quaranta et al, 2021). While companies and researchers can share
their data, data scientists and researchers can experiment with their own approaches and simultaneously
compete to achieve the highest competition score (Wang et al.,, 2021). In other words, data scientists seek
real answers to real problems on this platform (Kuroki, 2023). The dataset includes information on 482
male (48.2%) and 518 female (51.8%) students. The following variables were considered for each group:
lunch status, exam preparation course, race/ethnicity, parents' education level, gender, and mathematics
score. Since the aim of this study is to compare the classification accuracy of machine learning models, this
dataset was used. The dependent and independent variables considered in the analysis are shown in Table
1.

Table 1. Dependent and Independent Variables

Variable Description Data Type  Variable Type
Gender (0 = male, 1 = female) Categorical  Independent
Race/Ethnici (0 =Group A, 1 =Group B, 2 =GroupC, 3 =GroupD, 4= Categorical  Independent
ty Group E)
Parents' (0 = some college/no degree, 1 = associate degree, 2 = some
Education high school/ no degree, 3 = high school graduate, 4 = Categorical  Independent
Level bachelor's degree, 5 = Master's degree)
Lunch (0 = paid, 1 = free) Categorical  Independent
Test
Preparation (0 = not completed, 1 = completed) Categorical  Independent
Course
Maglzrreatlc (0 = below average, 1 = above average) Categorical Dependent
Data Analysis

It is necessary to detect and handle erroneous, missing, and lost data in the dataset to improve the accuracy
and integrity of the data. To correctly interpret the research results, missing values and outliers in the data
were first examined. Frequencies (percentages) were calculated to summarize the descriptive characteristics.
Pearson’s chi-square test was used to examine the relationships between the independent variables and
mathematics scores. Effect size was also evaluated to determine whether the differences between groups
were statistically significant (Sullivan & Feinn, 2012). Cohen’s d statistic was used to assess effect size.
According to Cohen (1988), an effect size below 0.2 is considered weak, 0.5 moderate, and above 0.8 strong.
Statistical analyses were performed using SPSS software. The classification metric results of the machine
learning models were analyzed using the R program. Five-fold cross-validation was performed using the
entire dataset. In other words, the dataset was divided into five parts for the evaluation and training of the
classification models, and the accuracy rates of the models were calculated. The supervised machine learning
models used in this study are described in detail below.
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Naive Bayes (NB)

The Naive Bayes model, used in machine learning, is an approach for determining the class to which an
instance belongs. This model calculates the class probabilities for each feature based on Bayes' theorem.
Using these probabilities, the class with the highest probability is predicted. The term "Naive" is used because
the algorithm assumes that each feature is independent of the others. However, despite this assumption,
high accuracy rates are often achieved in practice. Bayes' theorem is expressed as follows (Rish, 2001):

P(4\B) = “EEHE (1

In this equation:

P(AIB): The probability of event A occurring given that event B has occurred.
P(BIA): The probability of event B occurring given that event A has occurred.
P(A): The probability of event A occurring.
P(B): The probability of event B occurring.

Support Vector Machine (SVM)

Support Vector Machine (SVM) is a widely used classification model in machine learning. This model is
employed to classify data samples, i.e, to determine which class they belong to. In classification tasks,
training and test datasets containing specific data samples are generally used (Duda & Hart, 1973). The main
objective of the SVM model, which has recently gained popularity, is to find the hyperplane that most
effectively separates the target variable’s classes. In other words, it tries to find a hyperplane that maximizes
the margin between the classes. The margin refers to the distance between the separating hyperplane and
the nearest data points of each class, and its width directly affects classification accuracy. SVM aims to find
the hyperplane that maximizes this margin, thereby optimally separating the classes. To achieve this, SVM
employs a training process that minimizes a loss function. This process continues iteratively until the optimal
hyperplane is found. The loss function measures the classification errors made by the model and updates the
hyperplane to minimize these errors and construct an optimal hyperplane (Cristianini & Shawe-Taylor, 2000;
Vapnik, 2013). The classification logic of the support vector machine algorithm is illustrated in Figure 1
(Huang et al., 2006).
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Figure 1. Support Vector Machine Algorithm
Random Forest (RF)

Random Forest (RF) is a machine learning algorithm that provides robust and reliable predictions in
classification tasks by using multiple decision trees. The RF algorithm aims to make stronger and more
accurate predictions by generating multiple decision trees and combining their results. This ensemble
approach enhances model performance and generally yields better results than a single decision tree
(Breiman, 2001). Compared to a single decision tree, the RF approach significantly reduces the risk of
overfitting and is effective in identifying outliers. Moreover, it is one of the most suitable models for
determining the most important variables in a dataset (lwendi et al., 2020). The classification logic of the
Random Forest algorithm is illustrated in Figure 2 (Khan et al., 2021).
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Figure 2. Random Forest Algorithm

Evaluation Criteria for Model Performance

The Confusion Matrix is a tool used to evaluate how well classification models perform, determine model
accuracy, and identify errors. In this study, the confusion matrix to be used for measuring the classification
performance of the models, along with the evaluation criteria and the formulas related to these criteria, are
presented in Table 2 and Table 3.

Table 2. Confusion Matrix

Prediction
Reference /Actual Below Average Above Average
Below Average True Negatives (TN) False Positives (FP)
Above Average False Negatives (FN) True Positives (TP)

When examining the matrix in Table 2, the rows represent the reference values (actual outcomes), and the
columns represent the predicted values (model’s predictions). True negatives (TN) are observations predicted
as below average and actually below average. False positives (FP) are observations predicted as above
average but actually below average. False negatives (FN) are observations predicted as below average but
actually above average. True positives (TP) are observations predicted as above average and actually above
average.Table 3.

Table 3. Classification Performance Metrics

Criterion Formula/Approach
A TP+TN
ccurac
Y TP+ TN + FN + FP
L TP
SenSItIVIty TP-I-—F]V
i TN
Specificity TN+ FP
TP TN

Youden's index

+ -1
TP+ FN ' TN + FP
TP

Positive predictive value (PPV)

TP + FP

Negative predictive value (NPV)

TN
TN + FN

F1-Score

2 x PPV * Sensitivity
PPV + Sensitivity
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Performance Evaluation Criteria

With machine learning algorithms, performance indicators such as accuracy, sensitivity, specificity, Youden's
index, F1-score, positive predictive value (PPV), and negative predictive value (NPV) are used to balance
correct classification and determine the best approach. The characteristics of these criteria are as follows
(Racz et al.,, 2019):

1. Accuracy: Accuracy, known as the proportion of correctly classified data by the trained machine
learning model, can also be defined as the ratio of correct predictions to total predictions across all classes. In
other words, it reflects the overall performance of the model. A high accuracy indicates that the model is
successful in both positive and negative classifications.

2. Sensitivity: The model's sensitivity indicates how well it identifies true positive cases. On the other
hand, an increase in sensitivity may also lead to more false positive errors.

3.Specificity: The specificity level indicates how well the model identifies true negatives. However, an
increase in specificity may also lead to a higher chance of false negative errors.

4.Youden's index: This index summarizes how well a model performs in terms of both sensitivity and
specificity. A value close to 1 indicates that the model performs well on both metrics.

5.Positive predictive value (PPV): This metric indicates the proportion of cases classified as positive by
the model that are actually positive. It is an important parameter showing the accuracy of correctly predicting
positive data points. Additionally, it can be used to evaluate the performance of classification algorithms. This
metric also assesses the model's tendency to make false positive predictions.

6.Negative predictive value (NPV): This metric shows the proportion of cases classified as negative by
the model that are actually negative. In other words, it evaluates the model’s tendency to make false negative
predictions. A high NPV indicates the accuracy of the model's negative predictions. This value is especially
important in situations where reducing false negative errors is critical.

7.F1-Score: The metric named after the parameter value = 1 is the most commonly used member
of the parametric family of F-measures. It is a metric used to evaluate the performance of classification
models by balancing sensitivity (recall) and positive predictive value (PPV or precision). The F1-Score
harmonizes these two metrics. If the model has both low false positive errors (incorrectly predicting
successful students) and low false negative errors (missing unsuccessful students), the F1-Score will be high.

Ethical Disclosure

Ethics Committee Approval: This research was conducted with the permission obtained by the Adiyaman
University Scientific Research and Publication Ethics Social and Human Sciences Board's decision dated
20/05/2024 and numbered 62

Findings

According to the examination, it was concluded that there are no outliers or missing data in the dataset.
Descriptive statistics for the variables are presented in Table 4, while the performance measurement results of
the models used for classifying student success are shown in Table 5.



T. Alan

166
Table 4. Descriptive Statistics of the Variables
Group
Below Above
Average Average
Effect size Effect
M (o) (o)
Variables Category n (%) n (%) (ES) Magnitude P
Female 297 (58.6) 221
(44.8) <0.0
Gender 0.138 Small Effect
MAle 210 (41.4) 272 01*
' (55.2)
Group A 58 (11.4) 31 (6.3)
Group B 112 (22.1) 78 (15.8)
Group C 140
. 179 (35.3) Moderate <0.0
Race/Ethnicity - - (?;i-g) 0211 Effect 01*
roup
116 (22.9) (29.6)
Group E 42 (8.3) 98 (19.9)
some college/no 119
degree 107.(21.1) (24.1)
associate degree 113
109 (21.5) (22.9)
Parental ; 0.021
some high school/ no
Education Level degree 98 (19.3) 81(16.4) 0.115 Small Effect
high school graduate 117 (23.1) 79 (16.0)
Master's degree 24 (4.7) 35(7.1)
Bachelor's degree 52 (10.3) 66 (13.4)
Discounted 383
262 (51.7
62 (51.7) (77.7) Moderate <0.0
Lunch 0.271
Free 245 (48.3) 110 Effect 01*
) (22.3)
. Not completed 360 (71.0) 282
Test Preparation (57.2) <0.0
0.114 Small Effect
Course Completed 147 (29.0) 211 01*
) (42.8)

*: Pearson Chi-Square

When the dataset of 1,000 samples is examined in terms of the gender variable, it is observed that the
number of female students whose mathematics achievement scores are below average is 297 (58.6%), while
the number above average is 221 (44.8%). For male students, the number of those below average is 210
(41.4%) and above average is 272 (55.2%). This distribution shows that there is a small difference between the
number of students below the average (507; 50.7%) and those above the average (493; 49.3%). Since both
classes are represented in nearly equal proportions, the classification models minimize the negative effects
that can arise from class imbalance. Class imbalance typically becomes a significant issue when one class is
significantly larger or smaller than the other, which can adversely affect the training process of the model by
causing it to favor the majority class and struggle to accurately identify the minority class (Buda et al., 2018).
A statistically significant difference was found between gender and mathematics scores (p <0.001), and this
difference had a small effect size (ES = 0.138). Similarly, it was concluded that there were statistically
significant differences between mathematics achievement scores and the variables of race/ethnicity, parental
education level, lunch status, and test preparation course attendance (p <0.001). When effect sizes were
analyzed, race/ethnicity and lunch variables had effect sizes of 0.211 and 0.271 respectively, indicating a
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moderate level of effect. The effect sizes for parental education level and test preparation course were found

to be 0.115 and 0.114, respectively, suggesting a small level of effect for these variables.

Table 5. Performance Measurement Results of the Models Used for Classifying Student Achievement

Model NB (95% C.I.) SVM (95% C.l.) RF (95% C.1.)
Accuracy 0.65 (0.62-0.68) 0.66 (0.63-0.69) 0.68 (0.65-0.71)
Sensitivity 0.72 (0.67-0.76) 0.53 (0.48-0.57) 0.64 (0.60-0.68)
Specificity 0.59 (0.54-0.63) 0.78 (0.74-0.82) 0.72 (0.68-0.76)

Youden's index

0.30 (0.22-0.39)

0.30 (0.22-0.39)

0.36 (0.27-0.44)

PPV 0.62 (0.58-0.66) 0.69 (0.64-0.74) 0.68 (0.63-0.72)
NPV 0.69 (0.64-0.73) 0.64 (0.60-0.68) 0.68 (0.64-0.72)
F1-Score 0.66 (0.63-0.69) 0.60 (0.57-0.63) 0.66 (0.63-0.69)

NB: Naive Bayes; SVM: Support Vector Machine; RF: Random Forest; PPV: Positive Predictive Value; NPV: Negative Predictive
Value; C.I.: Confidence Interval

Table 5 compares the classification outputs of the NB, SVM, and RF models. To evaluate model performance,
the metrics used were accuracy, sensitivity, specificity, Youden's index, PPV, NPV, and the F1-score. Based on
classification accuracy, the RF model demonstrated superior performance in classifying student achievement,
achieving an accuracy of 0.68 (95% C.1.: 0.65-0.71). In contrast, the lowest classification accuracy was obtained
with the NB model at 0.65 (95% C.I.: 0.62-0.68).

When examining sensitivity results, which indicate how well the model identifies true positive cases (i.e.,
successful students), the highest sensitivity was found in the NB model at 0.72 (95% C.l.: 0.67-0.76). The
lowest sensitivity was observed in the SVYM model at 0.53 (95% C.I.: 0.48-0.57). The RF model ranked second
with a sensitivity of 0.64 (95% C.l.: 0.60-0.68).

The specificity values, which indicate how well the models correctly identify negative cases (unsuccessful
students), were examined. The highest specificity was obtained from the SVM model at 0.78 (95% Cl: 0.74-
0.82), while the lowest was from the NB model at 0.59 (95% Cl: 0.54-0.63). The RF model ranked second with
a specificity of 0.72 (95% Cl: 0.68-0.76).

The Youden index, which indicates how well the models perform in terms of both sensitivity and specificity,
was examined. The highest value was found in the RF model at 0.36 (95% Cl: 0.27-0.44). For the SVM and NB
models, the Youden index was calculated as 0.30 (95% Cl: 0.22-0.39).

When examining the Positive Predictive Value (PPV), which shows how many of the cases classified as
positive are actually positive, the highest PPV was obtained with the SVM model at 0.69 (95% CI: 0.64-0.74),
while the lowest was found with the NB model at 0.62 (95% Cl: 0.58-0.66). The RF model had a PPV of 0.68
(95% CI: 0.63-0.72).

When examining the Negative Predictive Value (NPV), which indicates how many of the cases classified as
negative are truly negative, the highest NPV was found to be 0.69 (0.64-0.73) for the SVM model, while the
lowest was 0.64 (0.60-0.68) for the NB model. The RF model had an NPV of 0.68 (0.64-0.72).

The F1 score, which balances sensitivity and positive predictive value (PPV) used to evaluate the performance
of classification models, was found to be equal for the NB and RF models at 0.66 (0.63-0.69), while it was 0.60
(0.57-0.63) for the SVM model.

Conclusion and Discussion

Predicting student performance in advance is an important issue in the field of education. Analyzing
students’ academic achievement and risk of failure can contribute to improving the overall performance of
educational institutions. Through such analyses, schools can provide students with the support they need,
achieve better outcomes, and increase success rates. In this study, student achievement was categorized and
analyzed as "above average" and "below average." The classification accuracy of different machine learning
models was examined to ensure accurate predictions. Naive Bayes (NB), Support Vector Machine (SVM), and
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Random Forest (RF) machine learning models were used to evaluate the classification performance of
students' mathematics achievement. The models were assessed using performance evaluation metrics such
as accuracy, F1 score, sensitivity (recall), specificity, Youden's index, negative predictive value (NPV), and
positive predictive value (PPV).

When the machine learning (ML) models were tested, it was found that the Random Forest (RF) model had
the highest accuracy, Youden's index, and F1 score. The RF model achieved a correct classification rate of
68% for students’ mathematics performance, with a 95% confidence interval of 0.65-0.71. The F1 score of the
RF model was 0.66 (0.63-0.69), sensitivity 0.64 (0.60-0.68), specificity 0.72 (0.68-0.76), Youden's index 0.36
(0.27-0.44), positive predictive value (PPV) 0.68 (0.63-0.72), and negative predictive value (NPV) 0.68 (0.64—
0.72). In previous studies, the correct classification rate of the RF model has been reported to range from 45%
to 99% (Gunawan et al, 2021; Alamri et al., 2020; Nurhachita & Negara, 2021; Rodrigues et al., 2020).
Especially when both accuracy and overall classification performance are considered, the RF model may be
preferred, and the model's overall performance can be improved by including more predictive variables. The
findings also indicate that ethnicity and the lunch variable, which reflects socioeconomic status, are important
predictors of students’ academic achievement. Compared to other models, the RF model has been
recommended in some studies due to its ability to produce higher accuracy rates in classification and
prediction (Jayaprakash et al., 2020; Rao et al., 2016). Tree-based predictive models, particularly the RF model,
offer a strong alternative to traditional techniques in predicting academic success in education. These models
can capture non-linear interactions among variables, thereby increasing the predictive accuracy of the model
(Geurts et al., 2009; Golino et al., 2014).

When similar studies in the field of education are examined, some research (Gunawan et al., 2021; Alamri et
al, 2020; Yagci, 2022) has shown that the Random Forest (RF) model demonstrates higher classification
accuracy, thereby supporting the findings of this study. On the other hand, other studies have reported that
the Naive Bayes (NB) and Support Vector Machine (SVM) models (Nurhachita & Negara, 2021; Rodrigues et
al., 2020; Nurpiana & Wijayanto, 2022) provide superior classification performance. The accuracy of predictive
models can vary depending on the variables used in the prediction process. In studies using the SVM model
to predict student performance, important predictive variables have included psychosocial factors such as
student interest, study habits, and family support (Sembiring et al., 2011; Shahiri et al., 2015). The higher
classification accuracy of the NB model in some similar studies may be due to differences in sample size
compared to this study. When the sample size is significantly increased, the NB model can demonstrate
higher correct classification performance (Koyuncu, 2018).

The results of this study indicate that the Support Vector Machine (SVM) model achieved the highest
specificity in identifying underperforming students. This finding is consistent with the study by Gray et al.
(2014), supporting the view in the literature that the SVM model is an effective method for accurately
identifying students at risk. Therefore, the use of the SVM model appears to be a more appropriate choice in
processes aimed at identifying unsuccessful students.

Although the Naive Bayes (NB) model demonstrates good performance in capturing successful students due
to its high sensitivity, it shows lower performance in other metrics such as overall accuracy, specificity, and
PPV. This model may be considered particularly when identifying successful students is of primary
importance; however, it lags behind other models in terms of overall performance.

In this study, the results obtained from three different models used in classification processes were
compared. A review of the literature reveals that there are many alternative models available for classifying
student achievement based on various variables. In other studies, researchers may evaluate the performance
of different models such as KNN, decision trees, and logistic regression under similar or varying conditions.

Socio-demographic variables, school-related variables, living conditions, and other behavioral factors
enhance the predictive power of models (Cortez & Silva, 2008). To more accurately evaluate the effectiveness
of machine learning models, future studies can include a greater number of variables. This would allow
machine learning models to analyze student achievement in a more comprehensive and precise manner,
providing educational administrators with more effective data-driven strategies to support students. In this
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way, a more detailed assessment of the multidimensional factors affecting student achievement would
enable a stronger evaluation of the benefits that machine learning models can offer in the field of education.

Machine learning models can guide educational administrators not only by providing classification results
but also by revealing which variables reduce the risk of failure or enhance success. The use of data based
models to predict students’ academic performance in advance increases the practical value of machine
learning findings (Rajendran et al., 2022) and can offer a more comprehensive roadmap for efforts to improve
educational quality. When a student's performance is classified as low by the model, it should also be able to
identify the variables influencing this outcome. By analyzing the factors affecting student performance, the
model can generate personalized recommendations. For example, if variables such as socioeconomic status,
motivation, and stress levels are found to significantly impact performance classification, financial aid
programs and free supplementary lessons could be recommended for students with low socioeconomic
status. For students with low motivation, motivational seminars and goal-setting workshops could be
proposed. Additionally, for students experiencing high stress levels, offering psychosocial support services
and guidance on stress management and relaxation techniques could positively affect their learning
processes. These kinds of interventions aim to help students improve their academic performance. Thus, the
outcomes of machine learning can form the foundation for educational interventions and contribute to
making student support systems more effective.

This study may serve as a valuable resource for education, the field, and researchers, as it compares various
machine learning models that can help identify low-performing students, address failures at an early stage,
and take appropriate measures to improve student performance.

A notable limitation of this study is that the sample consists solely of participants from a single region.
Therefore, the generalizability of the findings to other regions may be limited. The adaptation and
implementation of the proposed model in other institutions might yield different results due to observed
heterogeneity among students from various academic disciplines and schools with diverse educational
strategies.
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Ogrenci Basarisinin Siniflandirilmasinda Farkli Makine Ogrenmesi
Modellerinin Karsilastiriimasi*

Tansu Alan’
Makale Bilgisi Ozet
A‘n.a.htar Kelime Egitim-6gretim siirecinde ©grenci basarisinin degerlendiriimesi ve siniflandinimas,
Eg't'm' N ) dgretim yéntemlerinin etkinligini belirlemek agisindan  kritiktir. Ogrencilerin basari
Makine ogrenmesi, durumlarini "gecti”, "kaldi", "basarili" ve "basarisiz" gibi kategorilere ayirmak hem
Siniflandirma dogrulug‘u, dgrencilerin akademik gelisimini izlemek hem de 6gretim stratejilerini iyilestirmek igin
Siniflandirma modelleri dnemli bilgiler saglar. Makine Ogrenmesi (MO) modellerinin bu siniflandirmalarda

kullanilmasi, buyuk veri setlerinde daha dogru ve objektif degerlendirmeler yapilmasini
saglar. Bu sebeple bu arastirma, MO modellerinin 6grenci basansini siniflandirmadaki

Yiikleme: 16.09.2024 dogrulugunu incelemeyi amaglamaktadir. MO, egitimde biiyiik ve karmasik veri setlerini
analiz ederek daha dogru ve objektif degerlendirmeler saglar. Bu arastirmada, Naive
Kabul: 17.02.2025 Bayes (NB), Destek Vektor Makineleri (DVM) ve Rastgele Orman (RO) makine 6grenmesi
modellerinin siniflandirma dogruluklari incelenmistir. Bu arastirma, 6grencilerin basari
Yayin: 30.06.2025 durumunu farkli makine ©grenmesi algoritmalariyla tahmin ederek elde edilen

performans olcutlerini karsilastirmakta ve model sonuglarini incelemektedir. Bu yonuyle
arastirma, betimsel tarama turiinde ve uygulamali bir ¢alismadir. Etnik koken, ebeveyn

Arastirma Makalesi egitim diizeyi ve matematik basarisi gibi degiskenlerden olusan 1000 érneklem iceren
bir veri seti kullanilmistir. Analizler SPSS ve R programi ile gergeklestirilmistir. Arastirma
bulgulari, en yiksek siniflandirma dogruluguna sahip modelin RO modeli oldugunu
gostermisti. MO modellerinin egitimde kullaniimasi 6grenci basarisini, basarisizlik

DOI: 10.17984/adyuebd.1551029 risklerini, 6gretim yontem ve materyallerinin etkinligini tahmin ederek egitim kalitesinin
iyilestirilmesine katki saglayabilir.

Giris

Egitimde temel hedeflerden biri 6grencilerin becerilerini gelistirmek ve bilgisini artirmaktir (Hart, 2016).
Bundan dolayi, her 6grencinin yetenek ve beceri alanina yonelik egitim 6gretim sureci yuritmek dnem tasir
(Corno & Snow, 1986). Egitimin énemi blyik oldugu icin 6grencinin basarisi da 6grenme sirecinin kritik bir
parcasidir ve ylksek kaliteli egitim kurumlarinin &lcutlerinden biridir. Basari, sadece biligssel faktorlere
dayanmaksizin sosyal, ekonomik, bireysel ve cevresel faktorlere dayali olarak da olculebilmektedir (Alamri vd.,
2020). Bu faktorlere dayall toplanan bulyik verinin islenmesinde ise yapay zeka ve makine &grenmesi
teknolojilerinin katkilari nemli hale gelmistir (Williamson, 2019; Yang, 2019).

Yapay Zeké (YZ) ve veri biliminin temelinde yer alan Makine Ogrenmesi (MO), bilgisayar biliminin en hizli
gelisen alanlarindan biridir ve genis kapsamli uygulamalara sahiptir Jordan & Mitchell, 2015; Shalev-Shwartz
& Ben-David, 2014). MO, karmasik oriintileri algilayabilen ve veriye dayali kararlar verebilen bilgisayar
algoritmalarinin genel adidir. Bu algoritmalara gonderilen verilere 6grenme yetenegi kazandirilip, kendi
kendilerine problem c¢ézme yetenegine sahip olmasi saglanir (Giltepe, 2019). MO teknolojisi, karmasik
verilerden gelecekteki sonuclari tahmin etmeyi mimkiin kilar. insanlarin karmasik ve biiyiik veri kiimelerini

*Bu calismanin bir kismi yazar tarafindan 3-6 Ekim 2024 tarihleri arasinda diizenlenen 9. Uluslararasi Egitim ve
Psikolojide Olgme ve Degerlendirme Kongresi'nde "Ogrenci Basarisini Siniflandirmak igin Farkli Makine
Ogrenmesi Modellerinin Karsilastirmali Analizi" bashdr altinda sunulmustur.
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hizli bir sekilde analiz etme yeteneklerini asan veri miktarlariyla, makine 6grenmesi énemli bir rol oynar
(Turkmenoglu & Tantug, 2014). Veri miktari ne kadar buyirse blyusin, makine 6grenimi daha iyi tahminler
yapmay! ve sonuglari daha kesinlestirmeyi saglar (IBM, 2024). Ayrica, makine 6grenmesi yeni modeller ve
tahminler sunabilir, bireylerin ihtiyaclarini ve durumlarini 6zellestirmek icin tahminlerde ve Onerilerde
bulunabilir. Bu &zellikleri sayesinde, makine 6grenmesi modelleri tip, bilim, imalat gibi alanlarda kanita dayal
karar verme sureclerini kolaylastirmak icin yaygin olarak kullaniimaktadir (Kourou vd., 2015; Lin vd., 2011; Wu
vd., 2017).

MO algoritmalari, cesitli kaynaklardan gelen verileri birlestirerek biyiik miktarda veriyi yénetme yetenegi
sayesinde tahmin gticiini artinir (Ozliier Baser vd., 2021). Bu algoritmalar, kiimeleme, siniflandirma, tahmin ve
kestirim gibi cesitli niteliklere sahiptir (Ulker & Civalek, 2002) ve denetimli, denetimsiz ve yari denetimli
modellerle makinelere 6gretilirler (Brownlee, 2016). Denetimli 6grenmede, girdi ve ¢kt degiskenleri birlikte
verilir ve amaci yeni verinin siniflandirimasina yénelik tahmin sunmaktir (Aydin ve Ozkul, 2015; Ulker ve
Civalek, 2002). Ornegin 6grenci basari diizeyinin, basarili ve basarisiz olarak siniflandirlldigi bir veri setine yeni
bir 6grencinin verisi girildiginde, bu 6grencinin degiskenleri dikkate alinarak basari durumu (basarili ya da
basarisiz) tahmin edilebilir. Denetimsiz 6grenmede ise sadece girdi dederi verilirken ¢ikti degeri bilinmez
(Ulker ve Civalek, 2002). Yari denetimli 6grenme ise denetimli ve denetimsiz modellerin bir karisimidir, bazi
veriler etiketlenirken bazilar etiketlenmez (Saricaoglu, 2019). Calismada kullanilan veri setinde hem girdi
(bagimsiz) hem de cikti (bagimli) degisken oldugundan bazi denetimli makine 6grenme modelleri kullanilarak
sonuclar karsilastiriimistir.

MO, bircok alanda kullanildig gibi egitim alaninda da kullanilabilir ve bu alanda énemli faydalar saglayabilir
(Aydin, 2007). Egitimde makine 6grenmesinden yararlanildiinda, 6grenme siregleri 6grencilerin bireysel
gelisim hizlarina ve performanslarina gore esnek bir sekilde sekillendirilebilir, boylece daha kisisellestirilmis bir
6grenme ortami olusturulabilir (Kuch vd., 2020). Bu durum, son dénemde egitim alaninda artan bir ilgi ve
hizla gelisen calismalarla kendini gostermektedir (Zhou vd., 2018). Egitim alaninda farkli kaynaklardan
toplanan verilerin cesitliligi, blyuk veri analizinin énemini artinr. Bu buylik verinin analizi, 6grenci basarisini
siniflama, egitim ciktilarini tahmin etme, egitim slrecinde alinmasi gereken Onlemleri dnceden belirleme,
bireylerin 6grenme ydntem ve stillerini belirleyerek uygun icerikleri dnerme ve 6lcme degerlendirme
sonuclarina gore eksik kaldigr konulari belirleme gibi bircok alanda kullanilabilir (Tosunoglu vd., 2021). Bu
nedenle makine 6grenmesi, egitim alaninda 6gretmenlere destek saglama, dgrenci performansini tahmin
etme ve sire¢ odakli dederlendirme gibi gesitli amaclarla kullanilabilmektedir (Kucak vd. 2018). Ayni
zamanda, puanlayici yanliliklarini ortadan kaldirarak 6grencilerin notlarini daha nesnel bicimde degerlendirme
olanagi sunar. Ayrica 6gretmenlere ve egitim planlayicilarina, 6grenci akademik basarisini artirmaya yonelik
en etkili stratejileri belirleme konusunda da yardimci olabilir (Alamri vd., 2020). Son dénem arastirmalari,
denetimli makine 6grenmesi modellerinin 6grencilerin ders notlarini basariyla tahmin edebildigini ve bu
teknolojinin, ders basarisizidi riski tasiyan ogrencileri erken dénemde tanimlama potansiyeline sahip
oldugunu gostermektedir. Bu sayede 6drenci dederlendirmeleri daha objektif ve etkili bir sekilde
gerceklestirilebilmektedir (Wu vd., 2018).

Makine 6grenmesinin egitimde kullaniimasiyla ilgili bircok calisma yapilmistir. Alamri vd., (2020) yaptigi
calismada Portekizli 6grencilerin Portekizce ve matematik notlarini tahmin etmek icin RO ve DVM modellerini
kullanmistir. Her iki algoritmanin da yiksek dogruluk orani verdigini sonucuna ulasiimistir. Vandamme vd.
(2007) dgrencilerin demografik, sosyo-ekonomik ve akademik gecmislerine iliskin verileri kullanarak, yapay
sinir aglar modeli ile 6grencileri farkli basari gruplarina siniflandirmis ve basarilarini incelemislerdir. Sengur ve
Tekin (2013) 6grencilerin mezuniyet notlarini tahmin etmek icin yapay sinir aglari ve karar agaci modellerini
kullanarak yaptigi calismada, yapay sinir aglarinin karar agaclarindan daha basarili oldugu bulunmustur.
Hussain vd. (2018) Universiteye giris icin kullanilan Ortak Giris Sinavi (CEE) verilerini kullanarak, farkli
siniflandirma ve kiimeleme modellerini karsilastirmiglar ve yapay sinir aglarinin en ytiksek dogruluk oranina
sahip oldugunu tespit etmislerdir. Zilyas ve Yilmaz (2023) Turkce dersi basarisini tahmin etmek icin yaptid
cahismada, K-En Yakin Komsu, Rastgele Orman, Lineer Regresyon, bir araya getirilmis karar agaclari
regresyonu (Bagged Trees Regression), Gradyen Arttirici Regresyon (Gradient Boosting Regressor) ve Karar
Adaclari gibi algoritmalar kullanilmistir. Sonug olarak, dogru siniflandirma acgisindan rastgele orman modelinin
en basarili oldugu tespit edilmistir. Quinn ve Gray (2020) tarafindan yapilan calismada, bir 6grencinin dersi
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gecip geg¢meyecedini tahmin etmek icin dgrencilerin verileri Gzerinde farkli makine 6grenmesi modelleri
uygulamistir. Bu algoritmalar arasinda Rastgele Orman, Gradyen Arttirici Regresyon, Dogrusal Diskriminant
Analizi ve K-En Yakin Komsu bulunmaktadir. Sonuglar, Rastgele Orman modelinin égrencilerin ders basarisini
tahmin etmek igin diger algoritmalardan daha etkili oldugunu gdstermektedir.

ilgili literatir incelendiginde, egitim alaninda cesitli makine 8grenmesi modellerinin kullanildigi ve hangi
modelin daha basarili olduguna dair bulgularin yorumlandigi gorilmektedir. Bu calismalar, egitim alaninda
dgrenci basarisini siniflandirmak icin gesitli makine 6grenmesi modellerinin kullanilabilecegini gdstermektedir.
Ogrenci akademik basarisinin dogru bir sekilde siniflandirimasi, egitim verimliligi artirmanin ve bireysel
egitim hizmetleri saglamanin bir yoludur. Dogru siniflandirma sayesinde 6grencinin glcli ve zayif yonleri
belirlenerek, onlara daha etkili destek saglanmasi ve basarilarinin artirlmasi mimkin olur. Bu amaglar
dogrultusunda cok cesitli model veya algoritmalardan yararlaniimakla birlikte karar agacglari, Rastgele Orman,
Destek Vektor Makineleri, Naive Bayes, K-En Yakin Komsu ve lojistik regresyon gibi modeller siklikla kullanilan
istatistiksel modellerdir (Hussain vd., 2018; Rao vd., 2016; Vijayalakshmi & Venkatachalapathy, 2019; Wu vd.,
2018). Bu ¢alisma kapsaminda kullanilan modellerin avantajlar, model se¢iminde belirleyici bir rol oynamistir.
Rastgele Orman (RO) modeli, yliksek dogruluk orani ve degiskenler arasindaki karmasik etkilesimleri
modelleme konusundaki gug¢li yetenegi sayesinde 6ne ¢ikmaktadir. RO, ¢ok boyutlu ve karmasik veri
setlerinde degiskenler arasindaki iliskileri etkili bir sekilde ortaya koyarak modellerin dogrulugunu
artirmaktadir; Ayrica, asirt uyum (overfitting) ile basa c¢ikma yetenegi, bu modeli diger modellere kiyasla
onemli bir avantaj haline getirmektedir (Rebai vd., 2020; Cruz-Jesus vd., 2020). Destek Vektor Makineleri
(DVM), glcli genelleme yetenekleri sayesinde siniflandirma ve regresyon problemlerinde 6nemli bir rol
oynamakta; egitim verisi Uzerinde ylksek performans sergilerken, daha 6nce karsilasmadigi verilerde de
benzer basari diizeyini koruyabilmektedir (Hastie vd., 2017). Naive Bayes yontemi ise matematiksel olarak
anlasilir yapisi ve kullanishiligi ile dikkat ¢ekmektedir. Kicik veri setleriyle etkili bir sekilde calisabilmesi ve
hem kategorik hem de surekli veriler Gzerinde uygulanabilir olmasi (Hamalainen & Vinni, 2011), bu modelin
calismada kullaniimasini saglamistir. Sunmus olduklar bu avantajlar sayesinde, 6grenci basarisinin daha
dogru bir sekilde siniflandiriimasini ve degerlendirilmesini mimkin kilacaklar distincesiyle bu modeller
tercih edilmistir.

Yapilan calismalar incelendiginde, bazi calismalar 6grencilerin sonuglar tzerinde dogrudan veya dolayh
etkilere sahip olan degiskenlerin analizine odaklanmakta iken, bazilari farkli makine 6grenmesi algoritmalarini
kullanarak bu degiskenlere dayali olarak 6grencilerin sonuclarini tahmin etmeye calismaktadir. Bir 6grencinin
akademik basarisi, bircok dnemli sosyo-ekonomik, okulla ilgili ve kisisel degiskenlere blyik 6lgide bagh
olmakla (Yassein vd., 2017) birlikte bu arastirmada ilgili veri setindeki cesitli degiskenler yardimiyla Rastgele
Orman, Destek Vektdér Makinesi ve Naive Bayes modellerinin siniflandirma performanslari incelenmistir.
Calismada acik erisimde yer alan bir veri seti kullanilmistir. Veri setinde bulunan 6grencilere ait matematik
basar ortalamasi referans alinarak, 6grenci basarisi ortalama alti ve ortalama Ustl olmak tzere iki kategori
olarak siniflandiriimistir. Arastirmanin amaci, farkli disiplinlerde ve egitim alaninda siklikla kullanilan denetimli
makine 6grenmesi modellerinden olan Naive Bayes (NB), Rastgele Orman (RO) ve Destek Vektdr Makinesi
(DVM) modellerinin 6grencinin basart durumunu ilgili algoritmalardan elde edilen makine 6grenmesi
performans olgltleri ile karsilastirarak model sonuglarini incelemektir. Bu amagcla 6grenci basarisinin
siniflandiriimasinda farkli makine 6grenmesi modellerinin performanslari nasildir? Arastirma problemine
cevap aranmistir.

Yontem

Arastirmanin Modeli

Arastirmada farkli makine 6grenmesi modellerinin performans dlgitleri yardimiyla siniflandirma dogruluklari
karsilastirilmistir. ~ Farkli modellerinin  karsilastirlmasi  sonucunda en basarih modelin belirlenmesinin
amaclandigi bu arastirma betimsel tarama tiriinde uygulamal bir arastirma niteligindedir. Uygulamali
arastirmalar Uretilmis veya Uretilmekte olan kuramsal bilginin denemeli uygulamasidir ve var olan
uygulamalari iyilestirme yoniinde somut katkilar sunabilmektedir (Karasar, 2012).
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Verilerin Toplanmasi

Bu calismada, Amerika Birlesik Devletleri'nde yasayan lise 6grencilerinin matematik basarisi Uzerindeki
ekonomik, bireysel ve sosyal gibi cesitli degiskenlerin etkisini anlamak icin toplanan bir veri seti
kullanilmistir. Her ne kadar veri seti Amerika'daki 6grencilerden olussa da calismanin temel amaci
matematik basarisina odaklanmak degil, makine 6grenmesi modellerinin siniflandirma dogrulugunu test
etmektir. Veri setindeki cesitli degiskenler, bu dogruluk modellerinin uygulanabilirligini degerlendirmek ve
modellerin performansini karsilastirmak igin kullaniimistir. Calisma kapsaminda, kamuya acik (acik erisim)
1000 6rnekten olusan bir veri seti (https://www.kaggle.com/datasets/scientist/students-performance-in-
exams) internet  sitesinden elde edilmistir. Google'a ait bir platform olan Kaggle, her seviyeden veri
bilimcisine yonelik makine 6grenmesi yarismalarina ev sahipligi yapmanin yani sira, kapsamli bir veri seti
koleksiyonu ve bulut tabanli bir veri bilimi ortami saglamaktadir. Bu &zellikler, kullanicilarin veri analizi ve
model gelistirme sireclerini etkin bir sekilde yirGtmelerine olanak tanimaktadir (Quaranta vd. 2021).
Sirketler ve arastirmacilar verilerini paylasabilirken, veri bilimcileri ve arastirmacilar kendi yaklasimlarini
deneyebilir ve ayni zamanda birbirleriyle rekabet ederek en ylksek yarisma puanini elde etmeye
cahsabilirler (Wang vd., 2021). Bir baska ifadeyle veri bilimciler bu platformda gercek sorunlara gercek
cevaplar aramaktadir (Kuroki, 2023). Veri seti, 482 erkek (%48.2) ve 518 kadin (%51.8) 6grencinin bilgilerini
icermektedir. Her grup icin asagidaki degiskenler dikkate alinmistir. Bu degiskenler; 6gle yemegi durumu,
sinav hazirlik kursu, irk/etnik kdken, ebeveynlerin egitim dizeyi, cinsiyet ve matematik puani seklindedir.
Arastirmada amag¢ makine dgrenmesi modellerinin siniflandirma dogrulugunu karsilastirmak oldugundan
dolayr bu veri seti kullaniimistir. Analizde dikkate alinan bagimli ve badimsiz degiskenler Tablo 1'de
gosterilmektedir.

Tablo 1. Bagimli ve Bagimsiz Degiskenler

Degisken Agiklama Veri Tirid  Degisken tlri
Cinsiyet (O=erkek,1=kadin) Kategorik Bagimsiz
Irk/etnik koken (0=Grup A, 1=Grup B,2=Grup C,3=Grup D,4=Grup E) Kategorik Bagimsiz
Ebeveyn egitim (O=Universite terk/devam,1=06n lisans,2= lise Kategorik Badimsiz

dizeyi terk/devam,3=lise,4=Universite,5=yliksek lisans) 9 9

Ogle yemegi (O=Ucretli,1=Ucretsiz) Kategorik Bagimsiz
Test hazirlik kursu (O=tamamlamamis,1=tamamlamis) Kategorik Bagimsiz
Matematik Puani (O=ortalama alti, 1=ortalama Ustu) Kategorik Bagimli

Verilerin Analizi

Veri setinde hatall, eksik ve kayip verileri tespit edip islemek; verilerin dogrulugunu ve bitinliginiu artirmak
acisindan gereklidir. Arastirma sonuglarinin dogru bir sekilde yorumlanabilmesi icin dncelikle verilerdeki kayip
ve u¢ degerler incelenmistir. Betimsel Ozellikleri 6zetlemek icin frekans (ylzde) hesaplanmistir. Bagimsiz
degiskenler ile matematik puanlar arasindaki iliskileri incelemek icin Pearson ki-kare testi kullaniimistir.
Galismadaki gruplara ait sonuglar arasi farkin dnemli olup olmadigini incelemek icin etki blyikligine de
bakilmistir (Sullivan ve Feinn, 2012). Etki buyukligu icin Cohen d istatistigi incelenmistir. Cohen (1988), bu
degerin 0,2'den kiclk olmasi durumunda etki blyikliginin zayif, 0,5 olmasi durumunda orta diizeyde ve
0,8'den biyiik olmasi durumunda ise giicli olarak degerlendirilebilecegini belirtmektedir. istatistiksel
analizleri gerceklestirmek igin SPSS programi kullanilmistir. Makine &grenmesi modellerinin siniflandirma
metrik kriterlerinin sonuclari, R programi kullanilarak analiz edilmistir. ilgili veri setinin tamami kullanilarak 5
katl capraz dogrulama yapilmistir. Bir baska deyisle siniflandirma modellerinin degerlendirilmesi ve modelin
egitilmesi igin veri seti 5 parcaya boliinerek modelin dogru siniflandirma oranlari hesaplanmistir. Calisma
kapsaminda kullanilan denetimli MO modelleri asagida detaylica aciklanmustir.

Naive Bayes (NB)

Makine 6grenmesinde kullanilan Naive Bayes modeli, bir 6genin hangi sinifa ait oldugunu belirlemek igin
kullanilan bir yaklasimdir. Bu model, Bayes teoremi temelinde her degisken igin sinif olasiliklarini hesaplar. Bu
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olasiliklari kullanarak en ylksek olasiliga sahip sinif tahmin edilir. "Naive" kelimesi, algoritmadaki her
degiskenin diger tim degiskenlerden bagimsiz oldugunu varsaydigi icin kullanilir. Ancak gergekte, bu
varsayimin aksine yiiksek basari oranlari elde edilmektedir. Bayes Teoremi su sekilde ifade edilir (Rish, 2001):

P(4\B) = “EEXE ¢

Bu denklemde:

P(A[B): B olayi gerceklestiginde, A olayinin gerceklesme olasihgidir.
P(B|A): A olayi gerceklestiginde, B olayinin gerceklesme olasiligidir.
P(A): A olayinin gerceklesme olasihgidir.

P(B): B olayinin gerceklesme olasiligidir.

Destek Vektor Makinesi (DVM)

Destek Vektor Makinesi (DVM), makine 6grenmesinde yaygin olarak kullanilan bir siniflandirma modelidir. Bu
model, veri orneklerini siniflandirmak, yani hangi sinifa ait olduklarini belirlemek amaciyla kullanilir.
Siniflandirma gorevlerinde genellikle belirli veri drneklerini iceren egitim ve test verileri kullanilir (Duda &
Hart, 1973). Son zamanlarda popdilerlik kazanan DVM modelinin ana hedefi, hedef degiskenin siniflarini
birbirinden en etkili sekilde ayiracak olan hiper dizlemi bulmaktir. Yani siniflar arasindaki farki en buyuk
yapacak bir hiper diizlem bulmaya calisir. Bu fark, marj olarak adlandirilir ve marjin genisligi, siniflandirmanin
dogrulugunu dogrudan etkiler. DVM'in amaci, bu marji maksimize eden, yani siniflari en iyi sekilde ayiran
hiper diizlemi bulmaktir. Bunu yaparken DVM, hata fonksiyonunu minimize eden bir egitim silreci uygular. Bu
streg, iteratif bir sekilde en iyi hiper dizlemi bulana kadar devam eder. Hata fonksiyonu, modelin yaptigi
hatalari dlcer ve bu hatalari en aza indirmek igin hiper diizlem sirekli olarak glincellenir ve optimum bir hiper
diizlem olusturur (Cristianini & Shawe-Taylor, 2000 & Vapnik, 2013). Destek vektér makinasi algoritmasinin
siniflandirma mantigi Sekil 1'de gosterilmistir (Huang vd., 2006).
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Sekil 1. Destek vektér makinasi algoritmasi
Rastgele Orman (RO)

Rastgele Orman (RO) bircok karar agaci kullanarak siniflandirmada glicli ve glvenilir tahminler yapan bir
makine 6grenmesi algoritmasidir. RO algoritmasi, birden fazla karar agaci olusturarak ve bunlarin sonuglarini
birlestirerek daha giicli ve dogru tahminler yapmayi hedefler. Bu yaklasimla, modelin performansi artirilir ve
genellikle tek bir karar agacindan daha iyi sonuclar elde edilir (Breiman, 2001). RO yaklasimi, tek bir karar
agacina kiyasla asin 6grenme (overfitting) riskini dnemli 6l¢lide azaltir, aykiri degerleri tanimada etkili
olmaktadir. Ayrica, veri setindeki en dnemli degiskeni belirlemek icin en uygun modellerden biridir (Iwendi
vd., 2020). Rastgele orman algoritmasinin siniflandirma mantigi Sekil 2'de gosterilmistir (Khan vd., 2021).
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Final Result
Sekil 2. Rastgele orman algoritmasi
Model Performanslarinin Degerlendirilme Kriterleri

Siniflandirma Matrisi, siniflandirma modellerinin ne kadar iyi calistigini degerlendirmek, model dogrulugunu
belirlemek ve hatalar tespit etmek igin kullanilan bir aragtir. Bu calismada modellerin siniflandirma
performanslarini 6lgmek icin kullanilacak siniflandirma matrisi, kriterler ve bu kriterlerle ilgili formdaller Tablo 2
ve Tablo 3'te verilmistir.

Tablo 2. Siniflandirma Matrisi

Tahmin
Referans Ortalama alti Ortalama Ustii
Ortalama alti Dogru Negatifler (TN) Yanlis Pozitifler (FP)
Ortalama Usti Yanlis Negatifler (FN) Dogru Pozitifler (TP)

Tablo 2'deki matris incelendiginde, matrisin satirlari referans degerlerini (gercek sonuclar), siitunlan ise
tahmin edilen degerleri (modelin tahminleri) temsil eder. Dogru negatifler (TN) ortalama alti tahmin edilmis
ve gercekten ortalama alti olan gozlemler, yanlis pozitifler (FP) ortalama Ustl tahmin edilmis ancak gercekte
ortalama alti olan gozlemler, yanlis negatifler (FN) ortalama alti tahmin edilmis ancak gercekte ortalama Ustu
olan gozlemler, dogru pozitifler (TP) ortalama Ustl tahmin edilmis ve gercekten ortalama Ustl olan gézlemler
olarak agiklanabilir.

Tablo 3. Siniflandirma Performans Olciitleri

Olgiit Formiil/Yaklagim
TP +TN

TP+TN + FN + FP
TP

Dogruluk (Accuracy)

Duyarlilik (Sensitivity) TN
TN

TN + FP
TP TN

TP+FN " TN+FP !
TP

Secicilik (Specificity)

Youden indeksi (Youden's index)

Pozitif Tahmin Degeri (Positive predictive value- PPV) TP P
TN

TN + FN
2 * PPV x Sensitivity
PPV + Sensitivity

Negatif Tahmin Degeri (Negative predictive value- NPV)

F1-Score

Performans Degerlendirme Olgiitleri

Makine 6grenmesi algoritmalari ile, dogru siniflandirmayi dengelemek ve dogru yaklasimi belirlemek igin
dogruluk, duyarllik, segicilik, Youden indeksi, F1-Skoru, PPV ve NPV gibi performans gdstergeleri kullanilir.
Olgutlerin dzellikleri asagidaki gibidir (Racz vd., 2019):
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1.Dogruluk (Accuracy): Egitilmis makine 6grenmesi modelinin dogru siniflandirdidi verilerin orani
olarak bilinen dogruluk, ayni zamanda dogru tahminlerin tiim siniflar boyunca toplam tahminlere orani olarak
da tanimlanabilir. Yani, modelin genel performansini gdsterir. Yiksek bir dogruluk, modelin hem pozitif hem
de negatif siniflandirmalarinda basarili oldugunu gosterir.

2.Duyarlilik (Sensitivity): Modelin duyarliligi, dogru pozitif durumlarini ne kadar iyi yakaladigini
gosterir. Ote yandan, artan duyarhlikla birlikte yanls pozitif hatalar da ortaya cikabilir.

3.Secicilik (Specificity): Secicilik derecesi, modelin dogru negatifleri ne kadar iyi tespit ettigini gdsterir.
Ancak, secicilikle birlikte yanls negatif hatalarin artma olasiligi da vardir.

4.Youden's indeksi: Bu indeks, bir modelin hem duyarlilik hem de secicilik acisindan ne kadar iyi
performans gosterdigini 6zetler. 1'e yakin bir deger, modelin her iki metrigi de iyi basardigini gosterir.

5.Pozitif Tahmin Deger (PPV): Modelin pozitif olarak siniflandirdigi durumlarin ne kadarinin gergekten
pozitif oldugunu gdsterir. Pozitif veri noktalarinin dogru bir sekilde tahmin edilme oranini gésteren énemli bir
parametredir. Ayrica, siniflandirma algoritmalarinin performansini degerlendirmek icin kullanilabilir. Ayrica bu
metrik, modelin yanlis pozitif tahminler yapma egilimini degerlendirir.

6.Negatif Tahmin Deger (NPV): Modelin negatif olarak siniflandirdigi durumlarin ne kadarinin
gercekten negatif oldugunu gdsterir. Yani, modelin yanlis negatif tahminler yapma egilimini degerlendirir.
Yiksek NPV, modelin negatif tahminlerinin dogrulugunu gdsterir. Bu deger, yanlis negatif hatalar azaltmak
istediginiz durumlarda ¢cok dnemlidir.

7.F1-Skoru (F1-Score): B = 1 Parametre degerinden adini alan bu 6lgiit, parametrik F-6lcileri ailesinin
en yaygin kullanilan dyesidir. Siniflandirma modellerinin performansini degerlendirmek icin kullanilan,
duyarlilik ve pozitif tahmin (PPV) degeri arasinda denge saglayan bir metriktir. F1-Skoru, bu iki metrigi
dengeler. E§er modelin hem yanlis pozitif tahminleri (basarili 6grencileri yanlis tahmin etme) hem de yanlis
negatif tahminleri (basarisiz 6grencileri kagirma) disiikse, F1-Skoru ylksek olur.

Etik Bildirim
Etik Kurul izin Bilgisi: Bu arastirma, Adiyaman Universitesi Bilimsel Arastirma ve Yayin Etigi Sosyal ve Beseri
Bilimler kurulunun 29/12/2025 tarihli 62 sayili karari ile alinan izinle yiratalmdistar.

Bulgular

Yapilan incelemeye gore veri setinde u¢ deger ve kayip veri olmadigi sonucuna ulasiimistir. Degiskenlere
iliskin betimsel istatistikler Tablo 4'te, 6grenci basarisini siniflandirmada kullanilan modellerin performans
Olciim sonuclari ise Tablo 5'te sunulmustur.
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Tablo 4. Degiskenlere iliskin Betimsel istatistikler

Grup
Ortalama Ortalama
Alti Usti
Etki Etki
Degiskenler Kategori n(%) n(%) Buyuklugi Derece p
(EB) i
o Kiz 297 (58.6) 221 (44.8) Ktk
Cinsiyet 0.138 . <0.001*
Erkek 210 (414) 272 (55.2) Etki
Grup A 58 (11.4) 31 (6.3)
Grup B 112 (22.1) 78 (15.8)
Irk/Etnik Koken Grup C 179 (35.3) 140 (28.4) 0.211 ?trltj <0.001*
Grup D 116 (22.9) 146 (29.6)
Grup E 42 (8.3) 98 (19.9)
Universite
Terk/Devam 107 21.1) 119 (24.1)
N On Lisans 109 (21.5) 113 (22.9)
Ebevgéze';?'t'm Lise Terk/Devam 98 (193) 81 (164) 0.115 K;fk‘jk 0021+
Lise 117 (23.1) 79 (16.0)
Yiksek Lisans 24 (4.7) 35(7.1)
Universite 52 (10.3) 66 (13.4)
Ogle Yemegi Indirimli ii 1oy 0.271 Orta  _5001%
Ucretsiz 245 (48.3) 110 (22.3) Etki
Test Hazirlik Kursu Tamamlamamis 360 (71.0) 282 (57.2) 0.114 Kuggk <0.001*
Tamamlamis 147 (29.0) 211 (42.8) Etki

*Pearson Ki kare (Pearson Chi-Square)

Veri setinde yer alan 1000 6rneklem cinsiyet degiskeni agisindan incelendiginde, kiz 6grencilerin matematik
basari puanlarinin ortalamanin altinda oldugu kisi sayisi 297 (%58,6), ortalamanin lzerinde ise 221 (%44,8)
olarak bulunmustur. Erkek 6grencilerde ise matematik basari puanlari ortalamanin altinda olanlar 210 (%41,4),
ortalamanin lzerinde olanlar ise 272 (%55,2) olarak hesaplanmistir. Bu dagilima bakildiginda, ortalamanin
altinda kalan &grenci sayisi 507 (%50,7) ile ortalamanin Ustlinde olan 6grenci sayisi 493 (%49,3) arasinda
kuglk bir fark oldugu goérilmektedir. Her iki sinif da birbirine yakin biytkliklerde temsil edildigi igin,
siniflandirma modelleri bu veri seti Gzerinde dengesiz siniflarin yol acabilecegi olumsuz etkileri minimize eder.
Sinif dengesizligi genellikle, bir sinifin digerine gore cok fazla veya ¢ok az oldugu durumlarda biyik bir sorun
teskil eder. Bu dengesizlik, modelin egitim siirecini olumsuz etkileyerek modelin daha fazla 6rnek olan sinifa
agirlik vermesine ve az sayida 6rnegi olan sinifi dogru bir sekilde tanimakta zorlanmasina neden olur (Buda
vd., 2018). Cinsiyet ve matematik puanlari arasinda anlamli bir fark bulunmustur (p<0.001), bu fark kii¢ik bir
etkiye sahiptir (EB=0.138). Benzer sekilde, irk/etnik kdkeni, ebeveyn egitim seviyesi, 6gle yemegi ve test
hazirlik kursu degiskenleri ile matematik basari puani arasinda istatistiksel olarak anlamli bir fark oldugu
sonucuna ulasilmistir (p<0.001). Etki bulydklikleri analiz edildiginde, irk/etnik kdken ve o6gle yemegi
degiskenlerinin etki buylkltkleri sirasiyla 0.211 ve 0.271 olarak bulunmus, bu degiskenlerin orta diizeyde bir
etkisi oldugunu gostermistir. Ebeveynlerin egitim dulzeyi ve test hazirlik kursu degiskenlerinin etki
biyuklikleri sirasiyla 0.115 ve 0.114 olarak bulunmus, bu degiskenlerin kiigik diizeyde bir etkisi oldugunu
gOstermistir.
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Tablo 5. Ogrenci Basarisini Siniflandirmada Kullanilan Modellerin Performans Olciim Sonuclari
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Model NB (95% Guv.A.) DVM (95% Guv.A)) RO (95% Guv.A.)
Dogruluk 0.65 (0.62-0.68) 0.66 (0.63-0.69) 0.68 (0.65-0.71)
Duyarhhk 0.72 (0.67-0.76) 0.53 (0.48-0.57) 0.64 (0.60-0.68)
Segicilik 0.59 (0.54-0.63) 0.78 (0.74-0.82) 0.72 (0.68-0.76)

Youden indeksi

0.30 (0.22-0.39)

0.30 (0.22-0.39)

0.36 (0.27-0.44)

PPV 0.62 (0.58-0.66) 0.69 (0.64-0.74) 0.68 (0.63-0.72)
NPV 0.69 (0.64-0.73) 0.64 (0.60-0.68) 0.68 (0.64-0.72)
F1-Skor 0.66 (0.63-0.69) 0.60 (0.57-0.63) 0.66 (0.63-0.69)

NB: Naive Bayes; DVM: Destek Vektér Makinesy; RO: Rastgele Orman; PPV: Pozitif tahmin degeri; NPV: Negatif tahmin
degeri; Giiv. A.:Gliven Araligt

Tablo 5'te, NB, SVM ve RO modellerinin siniflandirma ciktilarini karsilastirmaktadir. Model performansini
karsilastirmak icin dogruluk, duyarhhk, secicilik, Youden indeksi, PPV, NPV ve F1 skoru olcutleri kullaniimistir.
Siniflandirma  dogrulugu dikkate alindiginda RO'nin  6grenci basarisini  siniflandirmada diger ML
modellerinden daha iyi performans goésterdigi sonucuna ulasilmistir. 0.68 (0.65-0.71). En dusik siniflandirma
dogrulugu ise 0.65 (0.62-0.68) ile NB modelinden elde edilmistir.

Dogru pozitif durumlarini (basarili 6grencileri) ne kadar iyi yakaladigini gdsteren duyarlilik sonuclari
incelendiginde, en yiksek duyarliigin 0.72 (0.67-0.76) ile NB, en distk duyarliigin ise 0.53 (0.48-0.57) ile
DVM ile bulundugu sonucuna ulasiimistir. RO ise 0.64 (0.60-0.68) ile ikinci sirada bulunmaktadir.

Modellerin dogru negatifleri (basarisiz 6grencileri) ne kadar iyi tespit ettigini gdsteren secicilik degerleri
incelendiginde, en yiksek seciciligin 0.78 (0.74-0.82) ile DVM, en dusik 0.59 (0.54-0.63) ile NB modelinden
elde edilmistir. RO ise 0.72 (0.68-0.76) ile ikinci sirada bulunmaktadir.

Modellerin hem duyarlilik hem de secicilik acisindan ne kadar iyi performans gdsterdigini veren Youden
indeksi incelendiginde en yiksek degerin 0.36 (0.27-0.44) ile RO oldugu sonucuna ulasilmistir. Bu indeks
DVM ve NB icin ise 0.30 (0.22-0.39) olarak bulunmustur.

Modellerin pozitif olarak siniflandirdigi durumlarin ne kadarinin gercekten pozitif oldugunu gdsteren PPV
degeri incelendiginde 0.69 (0.64-0.74) ile en yuksek DVM, en dusulk ise 0.62 (0.58-0.66) ile NB modelinden
elde edilmistir. RO modelinde ise 0.68 (0.63-0.72) olarak bulunmustur.

Modellerin negatif olarak siniflandirdigi durumlarin ne kadarinin gercekten negatif oldugunu goésteren NPV
degeri incelendiginde 0.69 (0.64-0.73) ile en yuksek DVM, en dusuk ise 0.64 (0.60-0.68) ile NB modelinden
elde edilmistir. RO modelinde ise 0.68 (0.64-0.72) olarak bulunmustur.

Siniflandirma modellerinin performansini degerlendirmek icin kullanilan, duyarhlk ve pozitif tahmin (PPV)
degeri arasinda denge saglayan F1 skoru NB ve RO modelinde esit olup bu deder 0.66 (0.63-0.69) iken
DVM'de 0.60 (0.57-0.63) olarak bulunmustur.

Sonug ve Tartisma

Ogrenci performansinin énceden tahmin edilmesi egitim alaninda énemli bir konudur. Ogrencilerin basari
durumu, basarisizlik riskleri gibi durumunun analiz edilmesi egitim kurumlarinin genel performansini
artirmada katki saglayabilir. Bu analizler sayesinde okullar, 6grencilere ihtiya¢c duyduklar destegi saglayarak
daha iyi sonuclar elde edebilir ve basari oranlarini artirabilir. Bu ¢alismada, égrenci basarisi "ortalamanin
Ustiinde" ve “"ortalamanin altinda" olarak kategorize edilip siniflandirma dogruluklar incelenmistir. Dogru
siniflandirma igin cesitli makine 6grenmesi modellerinin performans metrikleri incelenmistir. Calismada
ogrencilerin matematik basarisinin siniflandirma performansini degerlendirmek icin NB, DVM ve RO makine
6grenmesi modelleri kullanilmistir. Modeller dogruluk, F1 skoru, duyarlilik, segicilik, Youden indeksi, NPV ve
PPV performans degerlendirme olcttleri agisindan incelenmistir.

MO modelleri test edildiginde, en yiiksek dogruluk, Youden indeksi ve F1 skoruna sahip modelin RO modeli
oldugu sonucuna ulasilmistir. RO modelinin 6grencilerin matematikteki basarilarinin dogru siniflandirma
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orani %68 olup, bu oran 0.65-0.71 glven aralidi icindedir. RO modelinin F1-skoru 0.66 (0.63-0.69), duyarlilig
0.64 (0.60-0.68), seciciligi 0.72 (0.68-0.76), Youden indeksi 0.36 (0.27-0.44), pozitif tahmin degeri 0.68 (0.63-
0.72) ve negatif tahmin degeri 0.68 (0.64-0.72) olarak bulunmustur. Yapilan ¢alismalarda, RO modelinin dogru
siniflandirma orani %45 ile %99 arasinda degismektedir (Gunawan vd, 2021; Alamri vd., 2020; Nurhachita ve
Negara, 2021; Rodrigues vd., 2020). Ozellikle siniflandirmanin hem dogruluk hem de genel performansini géz
oniinde bulunduruldugunda RO modeli tercih edilebilir ve daha fazla yordayici degisken eklenerek modelin
genel performansi arttirilabilir. Elde edilen sonuclar, etnik kdken ve sosyo ekonomik diizeyi lcen 6gle yemegi
degiskenlerinin 6grencilerin akademik basarisini tahmin etmek icin dnemli degiskenler oldugunu da ortaya
koymaktadir. Diger modellerle karsilastirildiginda, RO modeli siniflandirma ve tahminde daha yiksek
dogruluk oranlar Urettidi icin bazi calismalar tarafindan da 6nerilmektedir (Jayaprakash vd., 2020; Rao vd.,
2016). Agag tabanl tahmin modelleri, 6zellikle RO modeli egitim alaninda akademik basariyi tahmin etme
konusunda geleneksel tekniklere glcli bir alternatif sunmaktadir. Bu modeller, degiskenler arasindaki
dogrusal olmayan etkilesimleri yakalayabilmekte ve bu sayede modelin tahmin dogrulugunu artirmaktadir
(Geurts vd., 2009; Golino vd., 2014).

Egitim alaninda yapilan benzer calismalar incelendiginde, bazi arastirmalar (Gunawan vd., 2021; Alamri vd.,
2020; Yagci, 2022) RO modelinin daha yulksek siniflandirma dogrulugu sergiledigini ve boylece bu calismanin
bulgularini destekledigini gdstermektedir. Ote yandan, bazi calismalarda ise NB ve DVM modellerinin
(Nurhachita & Negara, 2021; Rodrigues vd., 2020; Nurpiana & Wijayanto, 2022) daha Ustin siniflandirma
performansi sagladigi bildiriimektedir. Modellerin tahmin dogrulugunun sonuglari, tahmin sirecinde
kullanilan degiskenlere bagh olarak degisebilmektedir. DVM modeliyle 6grencilerin performansini tahmin
etmede 6nemli degiskenler dgrenci ilgisi, calisma davranislar ve aile destedi gibi psikososyal degiskenler
olabilmektedir (Sembiring vd. 2011; Shahiri vd. 2015). Benzer calismalarda NB modelinin daha yiiksek
siniflandirma dogrulugu gostermesi, bu calismada kullanilan verinin 6rneklem biyutkligundeki farkhihktan
kaynaklanabilir. Orneklem &nemli diizeyde artinldiginda NB modeli daha yiiksek dogru siniflandirma
performansi gdsterebilmektedir (Koyuncu, 2018).

Bu calismanin sonuclari, basarisiz 6grencilerin belirlenmesinde Destek Vektdr Makinesi (DVM) modelinin en
yuksek segicilik degerine ulastiini gostermektedir. Bu bulgu, Gray vd (2014) calismasiyla uyumlu olup,
literatirde DVM modelinin risk altindaki égrencileri yiksek dogrulukla tanimlamada etkili bir ydntem olarak
one ciktigini desteklemektedir. Dolayisiyla, basarisiz 6grenci belirleme siireclerinde DVM modelinin kullanimi
daha uygun bir tercih olarak 6ne ¢ikmaktadir.

NB modeli, ylksek duyarlilik ile basarli 6grencileri yakalamada iyi performans gdstermesine ragmen, genel
dogruluk, segicilik ve PPV gibi diger olclitlerde daha disik performans gostermektedir. Bu model, ozellikle
basarili 6grencileri yakalamak onemli oldugunda dustndlebilir, ancak genel performans agisindan diger
modellerin gerisinde kalmaktadir.

Bu calismada, siniflandirma islemlerinde kullanilan (g farkli modelle elde edilen sonuglar karsilastiriimistir.
Alan yazin incelendiginde, 6grencilerin basarilarini cesitli degiskenler agisindan siniflandirmak icin bircok
alternatif model bulundugu goriilmektedir. Baska calismalarda arastirmacilar, KNN, karar agaclari ve lojistik
regresyon gibi farkli modelleri kullanarak, benzer veya farkli kosullar altinda bu modellerin performanslarini
degerlendirebilir.

Sosyo-demografik degiskenler, okul degiskenleri, yasam kosullari ve diger davranissal degiskenler modellerin
tahmin glicini artirmaktadir (Cortez & Silva, 2008). Makine 6grenmesi modellerinin etkisini daha dogru
degerlendirebilmek icin, baska c¢alismalarda degisken sayisi artirilabilir. Boylelikle makine &grenmesi
modellerinin 6grenci basarisini daha kapsamli ve hassas bir bicimde analiz etmesini saglayacak ve egitim
yOneticilerine, 6grencileri desteklemek icin daha etkili veri odakh stratejiler gelistirme imkani sunacaktir.
Boylece, ogrenci basarilarini etkileyen ¢ok boyutlu faktorlerin daha ayrintili degerlendirilmesi, makine
ogrenmesi modellerinin egitim alaninda sagladigi faydalarin daha gicli bir sekilde test edilmesini mimkin
kilacaktir.

Makine 6grenmesi modelleri, yalnizca siniflandirma sonugclarini degil ayni zamanda hangi degiskenlerin
basarisizlik riskini azalttigini veya basariyr artirdigini ortaya koyarak egitim ydneticilerine 6grenciyi destekleme
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konusunda rehberlik edebilir. Ogrencilerin basari diizeylerini énceden tahmin edebilmek amaciyla veri tabanli
modellerin kullanimi, makine dgrenmesi bulgularinin uygulamadaki degerini artirarak (Rajendran vd., 2022)
egitimde kalite iyilestirme calismalarina yénelik daha kapsamli bir yol haritasi sunabilir. Ogrencinin basaris
makine 6grenmesi modeli tarafindan distk olarak siniflandiriidiginda, bu model 6grencinin hangi
degiskenlerden etkilendigini belirleyebilmelidir. Model, 6grencinin basarisini etkileyen degiskenleri analiz
ederek, 6grenciye 6zel éneriler gelistirebilir. Ornegin sosyoekonomik diizey, motivasyon ve stres diizeyi gibi
degiskenlerin 6grencilerin basari siniflandirmasi lzerinde etkili oldugu belirlenirse, disik sosyoekonomik
dizeye sahip 6grenciler icin mali destek programlari ve Ucretsiz ek dersler dnerilebilir. Motivasyon eksikligi
yasayan ogrenciler icin motivasyon artirici seminerler ve hedef belirleme atolye calismalar 6nerilebilir. Ayrica,
ylksek stres dlizeyine sahip ogrenciler icin psiko-sosyal destek hizmetleri sunmak, stres yodnetimi ve
rahatlama teknikleri konusunda rehberlik saglamak, 6grenme sureclerini olumlu yénde etkileyebilir. Bu tur
uygulamalar, 6grencilerin akademik basarilarini artirmalarina yardimci olmayr amaclar. Boylece, makine
0grenmesi sonugclari, egitim midahaleleri icin bir temel olusturur ve 6grencinin basarisini artirmaya yonelik
destek sistemlerinin daha etkili hale gelmesine katkida bulunur.

Bu calisma, basar dizeyi distk ogrencileri belirlemeye, basarisizliklari erken dizeltmeye ve 6grencilerin
performansini iyilestirmek igin uygun onlemler almaya yardimci olabilecek cesitli makine 6grenmesi
modellerini karsilastirdigi icin egitime, alana ve arastirmacilara kaynak olarak uygun olabilir.

Bu calismanin dikkate deger bir sinirlamasi, 6rneklemin yalnizca bir bdlgede yasayan katilimcilardan
olusmasidir. Bu nedenle, elde edilen sonuglarin baska bolgelere genellenebilirligi sinirli olabilir. Onerilen
modelin diger kurumlara uyarlanmasi ve uygulanmasi, farkli bilim alanlarindaki ve cesitli egitim stratejilerine
sahip okullardaki 6grenciler arasindaki gdzlemlenen heterojenlik nedeniyle farkli sonuglara yol agabilir.
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