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Abstract: This study aims to predict university students’ academic achievement using machine learning
methods and to interpret model predictions through explainable artificial intelligence (XAI). The dataset
consists of survey data collected from 353 university students and is structured to include demographic,
behavioral, academic, and environmental variables in a multidimensional manner. Through a feature
construction process, variables were grouped under thematic dimensions, and the academic achievement
variable was transformed into a binary classification problem. Logistic Regression (LR), Random Forest (RF),
Support Vector Machines (SVM), and XGBoost (XGB) algorithms were employed. Model performance was
evaluated using 5-fold cross-validation and a train-test split, and hyperparameter optimization was performed.
According to the results, the RF model achieved the highest performance with 78% accuracy and an F1 score
of 0.79, followed by the SVM model with 76% accuracy and an F1 score of 0.77. To ensure model
interpretability, SHAP and LIME methods were used. SHAP analyses indicated that the most influential
variables affecting academic achievement were grade level, academic engagement, environmental support,
self-regulation, and academic motivation. LIME results supported these findings, demonstrating the
consistency of the explanatory analyses. Consequently, academic achievement has a multidimensional and
complex structure that can be analyzed more effectively using XAI methods.

The study has several limitations. The dataset is limited to a single institution and is based on self-reported
data, which may restrict the generalizability of the findings. Additionally, transforming academic achievement
into a binary classification problem may limit the depth of analysis. Furthermore, comprehensive psychometric
validity and reliability analyses for the thematic composite variables were not conducted, which should be
considered an important methodological limitation of the study. Future research should consider larger and
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more diverse samples, as well as longitudinal data, to examine changes in academic achievement over time. In
conclusion, the integration of machine learning and XAl offers a comprehensive approach for both predicting
and understanding academic achievement, thereby contributing to more transparent and data-driven decision-
making processes in education.

Keywords: Machine learning, Classification, Academic Achievement, Explainable Artificial Intelligence,
SHAP, LIME.

Oz: Bu calismada, iiniversite 6grencilerinin akademik basarilarmin makine 6grenmesi yontemleri kullanilarak
tahmin edilmesi ve model kararlarinin agiklanabilir yapay zeka yontemleri ile yorumlanmasi amaglanmisgtir.
Arastirma kapsaminda, 353 {iniversite 6grencisinden anket yontemiyle elde edilen veriler kullanilmigtir. Veri
seti; demografik, davranigsal, akademik ve ¢evresel degiskenleri igerecek sekilde ¢ok boyutlu olarak
yapilandirlmistir. Oznitelik olusturma siireci ile degiskenler tematik boyutlar altinda birlestirilmis ve
akademik basart degiskeni ikili simiflandirma problemine doniistiiriilmistiir. Calismada Lojistik Regresyon,
Random Forest, Destek Vektor Makineleri ve XGBoost algoritmalari kullanilmistir. Model performanslari 5
katli ¢capraz dogrulama ve egitim-test ayrimi1 yontemleri ile degerlendirilmis, ayrica Grid Search ve Optuna
yontemleri ile hiperparametre optimizasyonu gergeklestirilmistir. Elde edilen sonuglara gére RF modeli %78
dogruluk ve 0.79 F1 skoru ile en yiiksek performansi sergilerken, DVM modeli %76 dogruluk ve 0.77 F1 skoru
ile onu takip etmistir. Modelin agiklanabilirligini saglamak amaciyla SHAP ve LIME yontemleri kullamlmuistir.
SHAP analizleri, akademik basari iizerinde en etkili degiskenlerin sinif diizeyi, akademik katilim, ¢evresel
destek, 6z-diizenleme ve akademik motivasyon oldugunu gostermistir. LIME sonuglart ise bu bulgulari
destekleyerek model kararlarinin tutarliligini ortaya koymustur. Sonug olarak, akademik basarinin ¢ok boyutlu
ve karmasik bir yapiya sahip oldugu ve bu yapinin agiklanabilir yapay zeka yontemleri ile daha etkin bicimde
analiz edilebilecegi belirlenmistir. Calismanin g¢esitli sinirliliklari bulunmaktadir. Veri seti tek bir kurumla
stnirhidir ve 6z-bildirime dayali verilerden olugmaktadir; bu durum bulgularin genellenebilirligini sinirlayabilir.
Ayrica, akademik basarinin ikili siniflandirma problemine doniistiiriilmesi analiz derinligini sinirlandirabilir.
Bunun yani sira, tematik bilesik degiskenler i¢in kapsamli psikometrik gecerlik ve giivenirlik analizleri
yapilmamistir; bu durum ¢alismanin nemli bir metodolojik sinirliligi olarak degerlendirilmelidir. Gelecek
arastirmalarda, akademik basarinin zaman igerisindeki degisimini incelemek i¢in daha biiyiik ve daha cesitli
orneklemler ile boylamsal veriler dikkate alinmalidir.

Sonug olarak, makine 6grenmesi ve agiklanabilir yapay zekanin biitiinlestirilmesi, akademik basarinin hem
tahmin edilmesi hem de anlagilmasi i¢in kapsamli bir yaklasim sunmakta; boylece egitimde daha seffaf ve veri
odakl karar verme siireclerine katki saglamaktadir.

Anahtar Kelimeler: Makine 6grenmesi, siniflandirma, akademik basari, agiklanabilir yapay zeka, SHAP,
LIME.
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Structured Abstract:

Academic achievement is widely regarded as a key indicator of educational quality, reflecting both
student development and institutional effectiveness. However, academic achievement is not determined solely
by cognitive abilities; rather, it emerges through the interaction of behavioral, psychological, and
environmental factors. Traditional statistical approaches may be insufficient for modeling the complex and
nonlinear structure of educational data. In this regard, machine learning (ML) approaches offer effective tools
for identifying complex patterns and improving predictive performance. Nevertheless, many studies focusing
on academic achievement prediction primarily emphasize model accuracy while providing limited explanation
regarding how model predictions are formed. This limitation is particularly important in educational settings,
where decision-making processes may have significant implications. Therefore, this study aims to predict
university students’ academic achievement using machine learning algorithms and to interpret model
predictions through Explainable Artificial Intelligence (XAI) techniques. Accordingly, the study addresses the
following research questions: (i) How do different ML algorithms perform in predicting academic
achievement? (ii) To what extent does hyperparameter optimization influence model performance? (iii) Which
variables have the greatest influence on academic achievement? and (iv) How do XAI methods contribute to
the interpretation of model predictions?

Academic achievement is widely regarded as a multidimensional construct influenced by cognitive,
behavioral, motivational, and environmental factors. The literature has demonstrated that variables such as
academic engagement, self-regulation, motivation, and environmental support have significant effects on
student success. Although the number of machine learning-based studies has increased, these studies have
primarily focused on improving predictive accuracy and have not sufficiently explained how model predictions
are generated. This issue is commonly referred to as the “black box” problem and limits the transparency and
practical applicability of such models in educational practice. XAl methods, such as SHAP (SHapley Additive
exPlanations) and LIME (Local Interpretable Model-agnostic Explanations), aim to address this limitation by
providing both global and local explanations of model predictions. These approaches not only identify which
variables are important but also reveal how these variables influence predictions. By integrating machine
learning and XAI methods, this study aims to fill the gap in the literature in terms of both performance and
interpretability.

The study is based on data collected from 353 university students through a survey. The dataset
includes demographic, academic, behavioral, digital, and socio-economic variables. The sample was
determined using a convenience sampling method and consists of students from a single faculty. Initially, 38
variables were collected and later reduced to 19 conceptual variables through thematic aggregation. However,
after one-hot encoding procedures applied to nominal variables, the final number of features included in the
machine learning models increased to 23. The dependent variable, academic achievement (Grade Point
Average-GPA), was transformed into a binary classification problem using a threshold value of 70
(academically successful/academically unsuccessful). Logistic Regression (LR), Random Forest (RF), Support
Vector Machines (SVM), and XGBoost (XGB) algorithms were employed in the study. Model performance
was evaluated using 5-fold cross-validation and an 80/20 train-test split. Standardization was applied to scale-
sensitive models. To improve model performance, hyperparameter optimization was conducted using Grid
Search and Optuna, with the F1 score used as the primary evaluation metric. In addition, SHAP and LIME
methods were applied to the best-performing model to analyze model predictions at both global and local
levels.

The findings indicate that the RF model achieved the highest performance (Accuracy = 0.78, F1 =
0.79), followed by the SVM model (Accuracy = 0.76, F1 = 0.77). LR and XGB models demonstrated inferior
predictive performance. Although RF and XGB models demonstrated very high performance on the training
data, the decline in test performance suggests the presence of overfitting. Hyperparameter optimization
improved the performance of all models, highlighting the importance of model tuning. Furthermore, nonlinear
models appeared to be more successful in capturing the complex relationships embedded within the dataset.
SHAP analyses revealed that the most influential variables affecting academic achievement were grade level,
academic engagement, environmental support, self-regulation, and academic motivation. As academic
engagement, motivation, and self-regulation increase, the probability of success also increases, whereas higher
grade levels are associated with a decrease in success probability. SHAP and LIME analyses demonstrated that
model predictions are shaped by the interaction of multiple variables rather than a single factor. The consistency
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between the two methods supports the reliability of the findings. Overall, the results indicate that academic
achievement is shaped by the combination of individual behaviors, learning processes, and environmental
conditions.

The findings of this study suggest that academic achievement is a multidimensional construct that can
be effectively modeled using machine learning methods. In particular, ensemble learning methods such as
Random Forest were found to exhibit superior performance. Furthermore, the use of XAl methods improves
the interpretability of model predictions, thereby addressing some of the limitations associated with traditional
machine learning approaches.

The findings indicate that academic engagement, motivation, and self-regulation are key determinants
of student success. Accordingly, educational institutions may consider developing supportive programs
targeting these areas. In addition, improving students’ environmental and socio-economic conditions may
contribute to improving academic outcomes.

The study has several limitations. The dataset is limited to a single institution and is based on self-
reported data, which may restrict the generalizability of the findings. Additionally, transforming academic
achievement into a binary classification problem may limit the depth of analysis. Furthermore, comprehensive
psychometric validity and reliability analyses for the thematic composite variables were not conducted, which
should be considered an important methodological limitation of the study. Future research should consider
larger and more diverse samples, as well as longitudinal data, to examine changes in academic achievement
over time.

In conclusion, the integration of machine learning and XAl offers a comprehensive approach for both
predicting and understanding academic achievement, thereby contributing to more transparent and data-driven
decision-making processes in education.

Keywords: Machine learning, classification, academic achievement, explainable artificial
intelligence, SHAP, LIME.
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Résumé Structuré:

La réussite académique est largement considérée comme un indicateur fondamental de la qualité de
I’enseignement, reflétant & la fois le développement des étudiants et D’efficacité des établissements
d’enseignement supérieur. Toutefois, la réussite académique ne dépend pas exclusivement des capacités
cognitives ; elle résulte plutot de I’interaction complexe entre des facteurs comportementaux, psychologiques
et environnementaux. Dans ce contexte, les approches statistiques traditionnelles peuvent s’avérer insuffisantes
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pour modéliser la structure complexe et non linéaire des données éducatives. Les méthodes d’apprentissage
automatique (Machine Learning, ML) offrent, a cet égard, des outils particuliecrement performants pour
identifier des schémas complexes et améliorer les performances prédictives. Néanmoins, la majorité des
recherches consacrées a la prédiction de la réussite académique se sont principalement concentrées sur
I’amélioration de la précision des modeles, tout en accordant une attention limitée a I’explication des
mécanismes sous-jacents a la production de leurs prédictions. Cette limitation revét une importance particuliére
dans les contextes éducatifs, ou les processus décisionnels peuvent avoir des implications pédagogiques et
institutionnelles majeures. En conséquence, la présente étude vise a prédire la réussite académique des étudiants
universitaires au moyen d’algorithmes d’apprentissage automatique et a interpréter les prédictions des modéles
grace aux techniques d’Intelligence Artificielle Explicable (Explainable Artificial Intelligence, XAI). A cette
fin, 1’étude cherche a répondre aux questions de recherche suivantes : (i) quelles sont les performances
comparatives des différents algorithmes d’apprentissage automatique dans la prédiction de la réussite
académique ? (ii) dans quelle mesure 1’optimisation des hyperparamétres influence-t-clle les performances des
modeles ? (iii) quelles variables exercent 1’influence la plus importante sur la réussite académique ? et (iv) dans
quelle mesure les méthodes d’TA explicable contribuent-elles a 1’interprétation des prédictions produites par
les modeles ?

La réussite académique est généralement définie comme un construit multidimensionnel influencé par
des facteurs cognitifs, comportementaux, motivationnels et environnementaux. Les travaux antérieurs ont
démontré que des variables telles que I’engagement académique, 1’autorégulation, la motivation et le soutien
environnemental exercent une influence significative sur la réussite des étudiants. Bien que les études fondées
sur ’apprentissage automatique se soient multipliées au cours des derniéres années, elles se sont
essentiellement focalisées sur I’amélioration des performances prédictives, sans expliquer de maniére
satisfaisante la maniére dont les modeles générent leurs prédictions. Cette problématique est communément
désignée sous le terme de « probléme de la boite noire » (black box), lequel limite la transparence ainsi que
I’applicabilité pratique de ces modéles dans le domaine de I’éducation. Les approches d’Intelligence
Artificielle Explicable, notamment SHAP (SHapley Additive exPlanations) et LIME (Local Interpretable
Model-agnostic Explanations), ont précisément été développées afin de surmonter cette limite en fournissant
des explications globales et locales des prédictions des modeles. Ces méthodes permettent non seulement
d’identifier les variables les plus déterminantes, mais également d’expliciter la maniére dont chacune d’entre
elles contribue aux prédictions. En intégrant les approches d’apprentissage automatique aux méthodes d’IA
explicable, la présente recherche ambitionne ainsi de combler une lacune importante de la littérature, tant du
point de vue des performances prédictives que de I’interprétabilité des modéles.

L’étude repose sur des données recueillies auprés de 353 étudiants universitaires au moyen d’un
questionnaire. Le jeu de données comprend des variables démographiques, académiques, comportementales,
numériques et socio-économiques. L’échantillon a été constitué selon une méthode d’échantillonnage de
convenance et se limite aux étudiants d’une seule faculté. Dans un premier temps, 38 variables ont été
collectées, puis regroupées thématiquement afin d’étre réduites a 19 variables conceptuelles. Toutefois,
I’application de la technique de codage One-Hot Encoding aux variables nominales a porté le nombre final
de caractéristiques utilisées dans les modeles d’apprentissage automatique a 23 variables. La variable
dépendante, correspondant a la réussite académique (Grade Point Average — GPA), a été transformée en un
probléme de classification binaire au moyen d’un seuil fixé a 70 (étudiant en réussite / étudiant en échec
académique). Les algorithmes de Régression Logistique (Logistic Regression — LR), Random Forest (RF),
Support Vector Machines (SVM) et XGBoost (XGB) ont été mobilisés dans cette étude. Les performances
des modeles ont été évaluées au moyen d’une validation croisée a S plis (5-fold cross-validation), complétée
par une répartition des données selon un ratio 80/20 entre les ensembles d’apprentissage et de test. Une
procédure de standardisation a été appliquée aux modeles sensibles a 1’échelle des variables. Afin d’améliorer
les performances prédictives, une optimisation des hyperparametres a été réalisée a 1’aide des méthodes Grid
Search et Optuna, en retenant le score F1 comme principal indicateur d’évaluation. Enfin, les méthodes
SHAP et LIME ont été appliquées au modele présentant les meilleures performances afin d’analyser les
prédictions aussi bien au niveau global qu’au niveau local.

Les résultats montrent que le modéle Random Forest (RF) a obtenu les meilleures performances
(Accuracy = 0,78 ; F1 = 0,79), suivi du modele Support Vector Machines (SVM) (Accuracy = 0,76 ; F1 =
0,77). Les modeles Logistic Regression (LR) et XGBoost (XGB) ont, en revanche, présenté des performances
prédictives relativement inférieures. Bien que les modéles RF et XGB aient atteint des performances trés
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¢élevées sur les données d'entrainement, la diminution observée sur les données de test suggere la présence d'un
phénomeéne de surapprentissage (overfitting). Par ailleurs, 'optimisation des hyperparamétres a amélioré les
performances de I'ensemble des modéles, mettant ainsi en évidence l'importance du réglage optimal des
paramétres. Les résultats indiquent également que les modéles non linéaires se révelent plus efficaces pour
capturer les relations complexes sous-jacentes aux données. Les analyses réalisées a I'aide de SHAP ont révélé
que les variables exercant l'influence la plus déterminante sur la réussite académique sont le niveau d'études,
I'engagement académique, le soutien environnemental, I'autorégulation et la motivation académique.
Une augmentation de 1'engagement académique, de la motivation et de l'autorégulation accroit la probabilité
de réussite, tandis qu'un niveau d'études plus avancé est associé a une diminution de cette probabilité. Les
analyses SHAP et LIME montrent également que les prédictions des modéles résultent de l'interaction
simultanée de multiples variables plutdt que de l'effet isolé d'un seul facteur. La cohérence observée entre les
résultats obtenus par ces deux méthodes renforce la robustesse et la fiabilité des conclusions. Dans leur
ensemble, les résultats démontrent que la réussite académique est fagonnée par l'interaction des comportements
individuels, des processus d'apprentissage et des conditions environnementales.

Les résultats de cette recherche montrent que la réussite académique constitue un construit
multidimensionnel pouvant étre modélisé avec efficacité au moyen des techniques d'apprentissage
automatique. En particulier, les méthodes d'apprentissage ensembliste (Ensemble Learning), notamment
Random Forest, présentent des performances supérieures a celles des autres modéles évalués. En outre,
l'intégration des méthodes d'Intelligence Artificielle Explicable (XAI) améliore considérablement
l'interprétabilité des prédictions, contribuant ainsi a surmonter certaines des limites inhérentes aux approches
traditionnelles d'apprentissage automatique.

Les analyses mettent en évidence que I'engagement académique, la motivation et I'autorégulation
constituent les principaux déterminants de la réussite des étudiants. A cet égard, les établissements
d'enseignement supérieur pourraient développer des programmes de soutien spécifiquement orientés vers le
renforcement de ces dimensions. Par ailleurs, I'amélioration des conditions environnementales et socio-
économiques des étudiants est susceptible de favoriser une progression significative de leurs performances
académiques.

Cette étude présente néanmoins plusieurs limites. Premiérement, les données proviennent d'un seul
établissement d'enseignement supérieur et reposent sur des déclarations auto-rapportées, ce qui peut limiter la
généralisation des résultats. Deuxiémement, la transformation de la réussite académique en un probléme de
classification binaire est susceptible de réduire la profondeur analytique des résultats. En outre, aucune analyse
psychométrique exhaustive de validité et de fidélité n'a été réalisée pour les variables composites obtenues par
agrégation thématique, ce qui constitue une limitation méthodologique importante de 1'étude. Les recherches
futures devraient s'appuyer sur des échantillons plus vastes et plus diversifiés, ainsi que sur des données
longitudinales, afin d'examiner I'évolution de la réussite académique dans le temps.

En conclusion, l'intégration des techniques d'apprentissage automatique et de 1'Intelligence
Artificielle Explicable (XAI) offre un cadre analytique complet permettant non seulement de prédire la
réussite académique avec un niveau €levé de performance, mais également d'en comprendre les mécanismes
sous-jacents. Cette approche favorise ainsi des processus décisionnels plus transparents, interprétables et
fondés sur les données dans le domaine de I'éducation.

Mots-clés: apprentissage automatique, classification, réussite académique, intelligence artificielle
explicable, SHAP, LIME.

Resumen Estructurado:

El rendimiento académico es ampliamente reconocido como un indicador fundamental de la calidad
educativa, ya que refleja tanto el desarrollo integral del estudiantado como la eficacia de las instituciones de
educacion superior. Sin embargo, el rendimiento académico no estd determinado exclusivamente por las
capacidades cognitivas, sino que emerge como resultado de la interaccion dindmica entre factores
conductuales, psicoldgicos y ambientales. En este contexto, los enfoques estadisticos tradicionales pueden
resultar insuficientes para modelizar la estructura compleja y no lineal de los datos educativos. En este sentido,
las técnicas de aprendizaje automatico (Machine Learning, ML) constituyen herramientas analiticas
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eficaces para identificar patrones complejos y mejorar el rendimiento predictivo. No obstante, la mayor parte
de las investigaciones orientadas a la prediccion del rendimiento académico se ha centrado principalmente en
maximizar la precision de los modelos, prestando una atencion limitada a la explicacion de los mecanismos
mediante los cuales dichos modelos generan sus predicciones. Esta limitacion adquiere una relevancia especial
en los contextos educativos, donde los procesos de toma de decisiones pueden tener importantes implicaciones
pedagdgicas e institucionales. En consecuencia, el presente estudio tiene como objetivo predecir el rendimiento
académico de estudiantes universitarios mediante algoritmos de aprendizaje automatico e interpretar las
predicciones de los modelos utilizando técnicas de Inteligencia Artificial Explicable (Explainable Artificial
Intelligence, XAI). Con este proposito, la investigacion aborda las siguientes preguntas: (i) {Como difieren
los distintos algoritmos de aprendizaje automatico en la prediccion del rendimiento académico? (ii) (En qué
medida influye la optimizacion de hiperparametros en el desempefio de los modelos? (iii) ;Qué variables
ejercen la mayor influencia sobre el rendimiento académico? y (iv) (Como contribuyen los métodos de
Inteligencia Artificial Explicable a la interpretacion de las predicciones generadas por los modelos?

El rendimiento académico es concebido en la literatura cientifica como un constructo
multidimensional influenciado por factores cognitivos, conductuales, motivacionales y ambientales.
Numerosos estudios han demostrado que variables como el compromiso académico, la autorregulacion, la
motivacion y el apoyo ambiental ejercen una influencia significativa sobre el éxito académico del estudiantado.
Aunque el nimero de investigaciones basadas en aprendizaje automatico ha aumentado considerablemente
durante los tltimos afios, estas se han orientado principalmente hacia la mejora del rendimiento predictivo, sin
explicar de manera suficiente como los modelos producen sus predicciones. Esta problematica se conoce
comunmente como el problema de la “caja negra” (black box), el cual limita la transparencia y la
aplicabilidad practica de estos modelos en el ambito educativo. En contraste, los métodos de Inteligencia
Artificial Explicable, como SHAP (SHapley Additive exPlanations) y LIME (Local Interpretable Model-
agnostic Explanations), han sido desarrollados para superar esta limitacion proporcionando explicaciones
tanto globales como locales de las predicciones de los modelos. Estos enfoques no solo permiten identificar
cuales son las variables mas relevantes, sino también comprender de qué manera dichas variables contribuyen
a la generacion de las predicciones. En consecuencia, mediante la integracion de técnicas de aprendizaje
automatico y métodos de Inteligencia Artificial Explicable, el presente estudio pretende subsanar una
importante laguna en la literatura, tanto desde la perspectiva del rendimiento predictivo como de la
interpretabilidad de los modelos.

El estudio se fundamenta en datos recopilados mediante un cuestionario aplicado a 353 estudiantes
universitarios. El conjunto de datos comprende variables demograficas, académicas, conductuales, digitales
y socioeconomicas. La muestra fue seleccionada mediante un procedimiento de muestreo por conveniencia
y estd compuesta por estudiantes pertenecientes a una unica facultad. Inicialmente se recopilaron 38 variables,
las cuales fueron posteriormente reducidas a 19 variables conceptuales mediante un proceso de agregacion
tematica. No obstante, tras la aplicacion del procedimiento de One-Hot Encoding a las variables nominales,
el nimero final de caracteristicas utilizadas en los modelos de aprendizaje automatico ascendio a 23 variables.
La variable dependiente, correspondiente al rendimiento académico (Grade Point Average, GPA), fue
transformada en un problema de clasificacién binaria mediante el establecimiento de un valor umbral de 70
(estudiantes con rendimiento académico satisfactorio/estudiantes con rendimiento académico no satisfactorio).
Para el desarrollo del estudio se emplearon los algoritmos de Regresion Logistica (Logistic Regression, LR),
Random Forest (RF), Maquinas de Vectores de Soporte (Support Vector Machines, SVM) y XGBoost
(XGB). El rendimiento de los modelos fue evaluado mediante validacion cruzada de cinco particiones (5-
fold cross-validation) y una division de los datos en una proporcién 80/20 para entrenamiento y prueba.
Asimismo, se aplico un procedimiento de estandarizacion a los modelos sensibles a la escala de las variables.
Con el propoésito de optimizar el desempefio predictivo, se realizd una optimizacion de hiperparametros
utilizando los métodos Grid Search y Optuna, tomando como principal métrica de evaluacion la puntuacién
F1 (F1 Score). Finalmente, los métodos SHAP y LIME fueron aplicados al modelo con mejor desempeiio
para analizar las predicciones tanto a nivel global como local.

Los resultados muestran que el modelo Random Forest (RF) alcanzé el mejor desempefio (Accuracy
=0.78; F1 =0.79), seguido por el modelo Support Vector Machines (SVM) (Accuracy = 0.76; F1 =0.77).
En contraste, los modelos de Regresion Logistica (LR) vy XGBoost (XGB) presentaron un rendimiento
predictivo inferior. Aunque los modelos RF y XGB obtuvieron un desempefio muy elevado sobre los datos de
entrenamiento, la disminucion observada en el conjunto de prueba sugiere la presencia de sobreajuste
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(overfitting). Asimismo, la optimizacion de los hiperparametros mejoro el rendimiento de todos los modelos,
lo que pone de manifiesto la importancia del ajuste 6ptimo de los parametros para incrementar la capacidad
predictiva. Los resultados también evidencian que los modelos no lineales fueron mas eficaces para capturar
las complejas relaciones subyacentes presentes en los datos. Los analisis realizados mediante SHAP revelaron
que las variables con mayor influencia sobre el rendimiento académico fueron el nivel de estudios, el
compromiso académico, ¢l apoyo ambiental, la autorregulacion y la motivacion académica. El incremento
del compromiso académico, la motivacion y la autorregulacion aumenta la probabilidad de éxito académico,
mientras que un mayor nivel de estudios se asocia con una disminucion de dicha probabilidad. Tanto los analisis
de SHAP como los de LIME demostraron que las predicciones del modelo no dependen de un unico factor,
sino que se configuran a partir de la interaccion simultanea de multiples variables. La consistencia observada
entre ambos métodos refuerza la robustez y la fiabilidad de los resultados obtenidos. En conjunto, los hallazgos
indican que el rendimiento académico se configura mediante la interaccion entre los comportamientos
individuales, los procesos de aprendizaje y las condiciones ambientales.

Los resultados de la presente investigacion ponen de manifiesto que el rendimiento académico
constituye un constructo multidimensional susceptible de ser modelizado eficazmente mediante técnicas de
aprendizaje automatico. En particular, los métodos de aprendizaje por conjuntos (Ensemble Learning),
especialmente Random Forest, demostraron un desempefio superior en comparacion con los demas algoritmos
evaluados. Asimismo, la incorporacion de métodos de Inteligencia Artificial Explicable (XAI) incrementa
significativamente la interpretabilidad de las predicciones, contribuyendo a superar algunas de las limitaciones
inherentes a los enfoques tradicionales de aprendizaje automatico.

Los hallazgos evidencian que el compromiso académico, la motivacion y la autorregulacion
constituyen los principales determinantes del éxito académico del estudiantado. En consecuencia, las
instituciones de educacion superior podrian disefiar e implementar programas de apoyo orientados
especificamente al fortalecimiento de estas dimensiones. Del mismo modo, la mejora de las condiciones
ambientales y socioeconomicas de los estudiantes podria contribuir de manera significativa al incremento de
su rendimiento académico.

El estudio presenta diversas limitaciones metodologicas. En primer lugar, el conjunto de datos se
limita a una unica institucion de educacion superior y se basa en informacion autodeclarada, lo que puede
restringir la capacidad de generalizacion de los resultados. En segundo lugar, la transformacion del rendimiento
académico en un problema de clasificacion binaria puede haber reducido la profundidad analitica de la
investigacion. Ademas, no se realizaron analisis psicométricos exhaustivos de validez y fiabilidad sobre las
variables compuestas obtenidas mediante agregacion tematica, circunstancia que debe considerarse una
limitacion metodologica relevante. En consecuencia, futuras investigaciones deberian incorporar muestras mas
amplias y heterogéneas, asi como disefios longitudinales, con el fin de analizar la evolucion del rendimiento
académico a lo largo del tiempo.

En conclusion, la integracion de las técnicas de aprendizaje automatico con los métodos de
Inteligencia Artificial Explicable (XAI) constituye un marco metodoldgico integral que no solo permite
predecir el rendimiento académico con elevados niveles de precision, sino también comprender los
mecanismos que sustentan dichas predicciones. En este sentido, este enfoque contribuye al desarrollo de
procesos de toma de decisiones mas transparentes, interpretables y fundamentados en evidencia empirica
dentro del ambito educativo.

Palabras clave: aprendizaje automatico; clasificacion; rendimiento académico; inteligencia artificial
explicable; SHAP; LIME.
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CTpyKTYpUpPOBaHHAS AHHOTALMA:

AxazeMuueckas ycIeBaeMOCTh IIMPOKO PacCMaTPUBAETCS KaK OJMH W3 KIIIOYEBBIX MHIMKATOPOB
KauecTBa 00pa3oBaHUs, OTPAXKAIOUIMH KaK YpOBEHb pa3BUTUS OOy4YarommXxcs, Tak U 3(P(eKTHBHOCTH
o0pa3oBaTenbHBIX YyupexaeHud. Bwmecte ¢ TeM akajgemMudeckas YCIIEBAEMOCTb ONpPEAENAETCS He
HCKITIOYUTENIBHO KOTHUTHBHBIMU CIIOCOOHOCTAMH, a (OPMHUPYETCS B Pe3yNIbTaTe CIOKHOTO B3aUMOACHCTBUSA
MIOBEICHYECKHUX, IICHXOJOTMYECKHX M CpPENOBBIX (akTopoB. B 3TOM KOHTEKCTe TpaIUIMOHHEIE
CTATHCTUYECKUE METOAbl HEPEIKO OKAa3bIBAIOTCS HENOCTATOYHBIMU IS MOJEIHMPOBAHHS CIOXHOH H
HEJIMHEWHOH CTPYKTYpbl 00pa3oBaTelbHBIX IaHHBIX. B cBOIO ouepenp, METOAbl MAIIMHHOIO 00y4YeHHs:
(Machine Learning, ML) npenoctapisitot 3pheKkTHBHBIN aHATUTUYISCKUI HHCTPYMEHTAPUH JUIS BbISBICHHS
CIIOXHBIX 3aKOHOMEPHOCTEH W TOBBILECHUS TOYHOCTH IPOTHO3HPOBaHMSL. OpHAaKo OOJBLIMHCTBO
HCCIIE0BaHUH, IOCBAIIEHHBIX IPOTHOSMPOBAHHUIO AaKaJAEMHUYECKOHl  yCIIeBaeMOCTH, COCPEZOTOYEHO
MIPEMMYIIECTBEHHO Ha OBBIILIEHUH TOYHOCTH MOJIENIeH, YIeIIsis 3SHAaUMTeIbHO MEHBIIIE BHUMAHUS O0bSICHEHHIO
MEXaHU3MOB (OPMHPOBaHMS NPOrHO30B. [laHHOE OrpaHHMYCHHE INPHOOpPETaeT OCOOYI0 3HAYUMOCTH B
oOpa3oBaTenbHON cdepe, Ilie IpHHIMAaeMble PEIleHHsT MOTYT MMETh CYIIECTBEHHBIE NEJarorHYecKhe H
WHCTHTYLIMOHAJIBHBIE TIOCIEACTBHA. B CBA3M C OTHM LENbI0 HACTOSIIETO HCCICIOBAHHUS SBILCTCS
MIPOTHO3MPOBAHKE aKaJIEMHUYECKOH YCIIeBaeMOCTH CTYICHTOB YHHBEPCHTETA C UCIIOIb30BAHUEM aJITOPUTMOB
MaIIMHHOTO OOyYeHHs, a TaKkKe HHTEpIpeTalus pe3yJbTaTOB MPOTHOZHPOBAHHS IIOCPEACTBOM METOIOB
00bSICHUMOTO HcKyccTBeHHOro uHTes1ekTa (Explainable Artificial Intelligence, XAI). Jlns moctimkeHus
MIOCTABJICHHOH LIETIM MCCIIeIOBaHNE HAIIPABIICHO Ha ITOJTyYeHUE OTBETOB Ha CIIEAYFOLINE BOIPOCHL: (1) KAKOBBI
CPaBHHUTENBHBIC PE3YJIbTATHl Pa3MYHBIX AJITOPUTMOB MAIIMHHOTO OOy4YeHHs NpH POTHO3HPOBAaHHH
aKajeMuyeckoil ycrmeBaemMoctr? (i) B KaKOH CTEMEHM ONTHMH3AIM THIIEPIIapaMETPOB BIHACT Ha
a¢dexTuBHOCTE Mofenei? (iii) Kakue mepeMeHHbIe OKa3hIBAIOT HAHOOJBINEe BIMSHUEC HA aKaJIEMHYECKYIO
ycneBaeMocTs? U (iv) KakuM 00pa3oM METOAbl OOBSICHUMOTO MCKYCCTBEHHOTO HHTEIUIEKTa CIIOCOOCTBYIOT
WHTEPIPETAUH IIPOTHO30B MoJieei?

B coBpeMeHHONM HaydHOW JUTepaType aKaJeMHUecKas YCIEBAEMOCTb pacCMaTpUBAETCAd Kak
MHOTOMEPHBIi KOHCTPYKT, (OPMHUPYIONMHCS IO BO3JCHCTBHEM KOTHHUTHUBHBIX, ITOBEJCHUYECKHX,
MOTHBALMOHHBIX U CPEHOBBIX (akTopoB. Ilpenbiaymiue ucciegoBaHus yOeqUTENbHO MOKa3ald, YTO TaKhe
IepeMEeHHbIe, KaK akKajJeMH4yecKasi BOBJe4éHHOCTH (academic engagement), camoperyasiuus (self-
regulation), MoTHBanMsl 1 MO/UIePKKa 00pa3oBaTe/IbHOI cpeabl (environmental support), oka3pIBarOT
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CYIIECTBCHHOE BJIMSHHUEC HA VYCICIMHOCTh CTYICHTOB. HecMOTps Ha CTPEeMHUTEIBHBIH pOCT YHCIA
WCCJICIOBAHWM, OCHOBAaHHBIX HAa TPUMCHEHHH METOJIOB MAIIMHHOTO OOYYEHUs, OCHOBHOC BHUMAaHHE B HHUX
YACTSCTCS TOBBINICHUIO IPOTHOCTHYECKOH TOYHOCTH MOJEJCH, TOria Kak OOBACHCHHE MEXaHH3MOB
(opMHpOBaHUs IIPOTHO30B OCTAETCS HENOCTATOYHO pa3paboTaHHBIM. JaHHas mpobieMa MIMPOKO M3BECTHA
Kak npobieMa «uépHoro smuka» (Black Box) u cyiecTBeHHO OrpaHUYHMBAET MPO3PAYHOCTh MOJCICH, a
TaKk)Ke BO3MOXKHOCTH MX IPAKTHYCCKOTO TPUMCHEHHUS B 00pa3oBaTeIbHOH mpakTuke. s mpeojoseHus
JAHHOTO OTPaHUYCHUsS OBLIH pa3pabOTaHBI METOBI 00BICHIMOT0 HCKYCCTBeHHOT0 HHTeLIekTa (XAI), B
yactHocTd SHAP (SHapley Additive exPlanations) u LIME (Local Interpretable Model-agnostic
Explanations), o0ecrieunBaronye WHTEPIPETANUIO MPOTHO30B MOJENCH Kak Ha [TOOAJTBHOM, TaK M Ha
JIOKAJIbHOM YPOBHSIX. DTH METOIbI TIO3BOJISIOT HE TOJBKO OMPEACINTh HanOO0JIee 3HAUUMBIC TICPEMEHHEBIC, HO
U PacKpPBITh MEXaHWU3M UX BIMSHUSA Ha (GOPMHUPOBAHHE MPOTHO30B. TakuM 0Opa3oM, UHTETPAIUs METOJIOB
MAIIMHHOTO O0OyuYeHHS U OOBSICHUMOTO HWCKYCCTBEHHOTO WMHTEJUICKTA B HACTOAIIEM HCCICIOBAHUU
HarpaBJieHa Ha BOCIHOJHEHHE CYIIECTBYIOIIEro Mpobesia B Hay4YHOH JIUTEpaType OJHOBPEMEHHO C TOYKH
3pEHUSI TPOTHOCTUYECKOHN 3(D(HEKTUBHOCTH U HHTEPIIPETUPYSMOCTH MO/ICIICH.

OMNHUPHUYECKYI0 OCHOBY HMCCIIEIOBAHUS COCTABHJIM JAHHBIE, MOJYYCHHBIE B pe3yJbTaTe aHKETHOTO
omnpoca 353 cTyaeHTOB yHuBepcurTeTa. Habop naHHBIX BKJIIOYAN JeMorpaduyeckue, akaJIeMHuYecKHe,
MOBEJICHUECKHUE, IHU(PPOBBIC U COIMAIbHO-3KOHOMUYECKHE MepeMeHHble. BriOopka Obuta chopMUpOBaHA C
UCTOJb30BaHUEM MeTona yAoOHol BbiIOopkM (Convenience Sampling) u orpaHu4MBanack CTyJICHTaMHU
onHoro Qakynbrera. Ha nepBoHavansHOM 3Tane Obuio coOpaHo 38 mepeMeHHBIX, KOTOpPbIE BIIOCIEICTBUH
MIOCPEACTBOM TEMAaTHYECKOH arperanuy ObLIM CBeleHbl K 19 KoOHUenTyaJbHbIM NepeMeHHbIM. OqHaKO
nocie nmpumeHeHus npouenypsl One-Hot Encoding x HOMUHATHBHBIM IIPU3HAKaM HTOTOBOE KOJIUYECTBO
MPU3HAKOB, UCIIOJIb30BAaHHBIX B MOJIEIISIX MAIIMHHOTO O0YYEHHU S, YBETHUMIOCH A0 23. 3aBUcHuMas IepeMeHHas
— axajgemuueckasi ycneBaemocth (Grade Point Average, GPA) — Obuia npeoOpa3oBana B 3agauy
OvHapHON Ki1accM(UKAlMU C KCIOJIb30BAaHUEM IOPOroBOro 3HaueHus 70 (akaJeMHUYeCKd YCHEIIHbIA /
aKaJeMHUYECKH HEYCICUIHBIH CTyJeHT). B uccienoBaHny ObLIN HMCIIOIb30BAHBI AJITOPUTMBI JIOTHCTHYECKOMH
perpeccun (Logistic Regression, LR), cayuaiinoro seca (Random Forest, RF), meTrona omopHbIx
BekTopoB (Support Vector Machines, SVM) u XGBoost (XGB). Ouenka 3¢ dexTuBHOCTH MoOeneit
OCYUIECTBIIUIACH C NPHUMEHEHHEM NATHKPaTHO# mepexkpéctHoii mpoBepku (S-fold Cross-Validation) u
paszeneHus JaHHBIX Ha OOYYaloUlyld M TECTOBYI BbIOOpkH B coorTHomenun 80/20. Jlns mopeneii,
YyBCTBUTEIJILHBIX K MacIITaly JaHHBIX, OblIa BBITOJHEHA MTpoLeAypa cTanaapTH3anui. C [esbio MOBBIIICHHS
s¢dexTrBHOCTH Mozenel Oblla MpoBeJeHa ONTHMHU3ALMS THIIEpIapaMeTpOB C HCIIOIB30BAHHEM METOJOB
Grid Search u Optuna, mpu 3TOM B KauecTBE OCHOBHOTO KPUTEpPHUs OLIEHKH IMPUMEHsUICS moka3aTtens F1-
score. Kpome Toro, kK Mozieiu, MpoAeMOHCTPUPOBABIIEH HAWTYUIINE Pe3yIbTaThl, ObLTH TPUMEHEHBI METOBI
SHAP u LIME, 4TO MO3BOJWJIO MPOBECTH HMHTEPIPETAIIMIO MPOTHO30B KaK Ha TIO0ATBPHOM, TaK U Ha
JIOKaJbHOM YPOBHSX.

PesymnbraTel uccnenoBaHus mokasand, uyTo monenb Random Forest (RF) mpomemoncTprpoBaia
HaWIy4IMe ToKa3aTenn mporaosupoBanns (Accuracy = 0,78; F1 = 0,79), 3a koTopoii crnempoBaia Moelb
Support Vector Machines (SVM) (Accuracy = 0,76; F1 = 0,77). B cBoto ouepenp, monmemu Logistic
Regression (LR) 1 XGBoost (XGB) mpoaemMoHCTprpOBali CPaBHUTENBFHO 00Jiee HU3KYIO TPOTHOCTUIECKYIO
a¢pdexruBHOCTh. HecmoTpst Ha To uto Mojienu RF u XGB pocturim 4pe3BbuaiiHO BHICOKHUX PE3YJIbTATOB Ha
oOyuJatomield BRIOOpKe, CHIDKEHHE WX 3(PQPEKTHBHOCTH HA TECTOBOW BBHIOOPKE CBHAETEIBCTBYET O HAJMYUHU
spdexra nepeodyuenust (overfitting). Kpome Toro, onrumusanus rumeprnapamMeTpoB CHOCOOCTBOBaa
MOBBIIICHU IO 3P ()EKTUBHOCTH BCEX MCCIIEyeMbIX MOZEIIEH, YTO IOATBEPIKAaeT KIIF0YEBYIO POJIb KOPPEKTHON
HaCTPOUKH TMapaMeTPOB B 0OECIICUCHUH BHICOKOW MPOTHOCTHYECKOW TOYHOCTH. IlomydeHHBIE pe3ybTaThl
TaKXe CBUJETEIBCTBYIOT O TOM, YTO HEJIMHEHHbIE MOJAEIN 3HAYNTENBHO d3(P(PEKTUBHEE OTPAXKAIOT CIOKHBIE
B3aMMOCBSI3H, MPHCYIIHE 00pa30BaTEIbHBIM JAHHBIM. AHAIN3, BBHITOJHEHHBIH C HCHOIB30BAHUEM METO/A
SHAP, nokasan, 9To HanOonpllee BIMSHUE Ha AaKaJEMHUYECKYIO YCIIEBA€MOCTh OKa3bIBAlOT YPOBeHb
o0y4yeHusl, aKajeMHYecKasi BOBJIEYEHHOCTh, NMOJeP:KKA 00pa30BaTe/IbHON Cpe/ibl, caMoperyJsius 1
akanemmuyeckass MoruBanus. IloBeleHNEe YPOBHA aKaJeMHUYECKOH BOBICYEHHOCTH, MOTHBAIMN H
CaMOpETYJISIIMN YBEIWINBACT BEPOSTHOCTh IOCTH)KEHHS aKaJIeMHYECKOH YCHEIIHOCTH, TOTAa Kak Oosee
BBICOKMH YPOBEHb OOYYEHHsI acCOMHMPYETCS CO CHIDKCHHEM JaHHOW BEpOSTHOCTH. Pe3ynbTaThl aHanm3a,
norydeHHble ¢ mpuMmeneHueM MeToZioB SHAP u LIME, moka3aiu, 4To porHO3EI Moieneit (opMUPYIOTCS HE
I10]T BO3/ICHCTBHEM OJJHOTO OTIEIBHOTO (haKTOpa, a SBISIOTCS PE3YJIbTaTOM KOMITJIEKCHOTO B3aHMO/ICHCTBHS
MHOXECTBa IE€PEMEHHBIX. BBICOKasi CTENEeHb COIJaCOBAaHHOCTH pPE3yJNbTATOB, TIIOJyYEHHBIX JBYMS
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HE3aBHCUMBIMUA METOJAMU HHTEPIPETAIUHU, JOMOJHUTEIBHO MOITBEPKAACT HANEKHOCTh M YCTOUYUBOCTH
MOJIyYEHHBIX BBIBOJIOB. B 11€710M pe3yNbTaThl UCCIEIOBAHUS CBHUCTEILCTBYIOT O TOM, YTO aKaJeMUYecKas
YCIIEBAEMOCTh OIPEESIETCS CIIOXKHBIM B3aMMOJICHCTBHEM HHIUBHIYATbHOTO IMOBEIACHHs, OCOOEHHOCTEMH
y4eGHOTO Mpoliecca U XapaKTePUCTHK 00pa30BaTENbHOM CPEIbL.

[TomyueHnsle pe3yapTaThl MOATBEP)KIAIOT, YTO aKAaJAeMHYeCKasi yCIeBAeMOCTh NPeACTABJSACT
€000¥i MHOTOMEPHBIii KOHCTPYKT, KOTOPBI MOXET OBITh 3(PEKTUBHO CMOJIETUPOBAH CPEJICTBAMHI METO/IOB
ManmHHOTO 00y4eHus. [Tpu 3ToM Metonsl aHcamoaeBoro ooydenus (Ensemble Learning), mpex e Bcero
Random Forest, npogemoHCcTprpoBaiy HanboJiee BBHICOKYIO INPOTHOCTHYECKYIO 3()(EKTHBHOCTH Cpeau
UCCIICJIOBAaHHBIX anroputMoB. Kpome TOro, uHTErpamuss METOJOB OOBSACHMMOIO HMCKYCCTBEHHOIO
unreiekta (Explainable Artificial Intelligence, XAI) cyiiecTBeHHO MOBBIIIAET MHTEPIPETUPYEMOCTh
pe3yjbTaTOB NPOTHO3UPOBAHMS, NPEOJOJIeBass OJHO M3 HauOoJiee CYIIECTBEHHBIX OrpaHUYEHHH
TPaAUIUOHHBIX MOJIEJIeH MalllMHHOTO 00yYeHUsI.

PesynbraThl MCCneNOBaHHMS CBUIETENBCTBYIOT O TOM, 4YTO aKaJeMH4YecKash BOBJIEYEHHOCTb,
MOTHBAIMSI U CAMOPETYJISIUS SIBJISIOTCS KIIOUYEBBIMH JETEPMHUHAHTAMH aKaJeMHUYECKOH YCIIEUIHOCTH
ctyseHToB. CleoBaTeNbHO, YUYpPEXKIEHHUS BBICIIETO OOpa3oBaHHMsS MOTYT pa3padaThiBaTh W BHEIPSTH
IIPOrpaMMBI ITOJIIEPKKH, HAIpaBJIEHHbIE Ha Pa3BUTHE UMEHHO 3TUX KOMIeTeHIni. Hapsiay ¢ atuMm ynydmenue
00pa3oBaTeNbHOI Cpe/ibl M COLMAIbHO-9KOHOMUYECKHIX YCIIOBUH CTYIEHTOB CIIOCOOHO OKa3aTh CYIIECTBEHHOE
MIOJIOKUTEIHHOE BIUSHUE Ha MTOBBIIICHUE YPOBHS UX aKaJIeMHYECKOH yCIIeBaeMOCTH.

Hacrosiee uccieioBanue UMEET psiJi METO0JOTMYECKUX OrpaHU4YeHUI. BO-n1epBbIX, UCIIONb3yEMBbII
HaOop AaHHBIX c(HOPMUPOBAH Ha OCHOBE MH(QOpMAIMK, MOJIYYEHHOH JIMIIL B OJHOM BBICIIEM y4eOHOM
3aBCACHUHU, U 6aSI/IpyCTCH MMPENMYIICCTBEHHO Ha CaMOOTUYETHBIX JaHHBIX PECIIOHACHTOB, YTO OIrpaHUYMBACT
BO3MOXKHOCTh ~ LIMPOKOTO  OOOOIIEHHsI MOJYYEHHBIX pe3yjibTaToB. Bo-BTOpBIX, MpeoOpa3oBaHUE
aKaJeMHUYECKOH YCIEBAGMOCTH B 3aJady OWHApHOH KiacCU(UKAMM MOIJIO IIPUBECTH K CHIDKEHHIO
aHAIMTUYECKON INTyOHHBI HccneoBanus. KpoMe Toro, arperupoBaHHbIe TEMATHYECKHM CIIOCOOOM COCTaBHBIE
nepeMeHHble He OBbUIM IIOABEPTHYTHl BCECTOPOHHEMY IICHXOMETPHYECKOMY AaHAJM3y BaIUOHOCTH U
HaIEKHOCTH, YTO TAKKe CIEAyeT pacCMaTpHBaTh KaK CYILECTBEHHOE METOJOJIOTMYECKOEe OTrpaHHYCHUE
HACTOSIIEr0 UCCIEAOBaHUA. B CBSA3M ¢ 3TMM B JaNbHEHIIMX MCCIIEAOBAHMAX LEJIECOOOPa3HO HUCIIOIb30BATh
0oJiee MHOTOUYHCIICHHBIE ¥ PA3HOPOAHBIC BEIOOPKH, a TAKKE IPUMEHATH JIOHTUTIOAHBIE HCCIIEIOBATEIILCKUE
JIM3aiHBIL, T03BOJIIOIINE aHATM3UPOBATh IMHAMHKY aKaJeMHYeCKOH yCIIeBaeMOCTH BO BPEMEHH.

TakuM 00pa3oM, HHTErpalus METOAOB MALIMHHOIO OOYYeHHSl C TEXHOJOTHSIMH OOBSICHHMOIO
UCKyCCTBeHHOro uHTe/1ekTa (XAI) (GopMHpYeT KOMIUIEKCHYIO METOHOJOTHYECKYI0 OCHOBY, KOTOpast
MO3BOJISIET HE TOJNBKO C BBICOKOH TOYHOCTBIO MPOTHO3HPOBATh AKANEMHYECKYIO YCIIEBAEMOCTb, HO U
PacKpBIBaTh MEXaHHU3MbI (DOPMUPOBAHUS COOTBETCTBYIOIMX MPOrHO30B. Ciief0BaTEIbHO, NaHHBIA MOAXO[
CIIOCOOCH COMEHCTBOBATh MPUHATUIO OONee MPO3PAyYHBIX, MHTEPIPETUPYEMBIX H HAYYHO OOOCHOBAHHBIX
petenuii B cepe o0OpazoBaHuUs.

KnawueBble ciioBa: MammHHOE O0OyueHHe; KiacCH(HKANUS, aKaJeMHuYecKas YCIeBaeMOCTb;
00BsICHUMBIN UCKyccTBeHHBIH nHTeUekT; SHAP; LIME.

Hfod 9rR:

eiiore Iuafed (Academic Achievement) B Td® &Y ¥ e CIRILEK]] %WU’H@W
¥ ®U B WHR o ST g, Rl I8 = haa fFanfial & e TR & ufafsfed st g, sfes 3=
e T ot e guTaRRadr @1 Wt Teayul Arcs 81 9, e Iudls pad STEd
&St BT IR 71 &, Sfeh I TaeIND, FAIAID qUT GafaRUTd HRP! $ wicd 3id:fbar 9
ffifa 89 arch sgemard uftsar 31 39 Jeu & uruRe wifereta faftrr Rren-deedh sfiwel ot sfea
YT IR I &) T T I sffegad H & At Rig g1 81 39 [Awia, w=fie aff
(Machine Learning, ML) 3T ﬁfﬁﬁﬁﬂm(pattems)ﬁwmawww&m
DI T | SHfH THTE R 83 & | JUTY, DT Iuaisd o Yaigam W SretRa ST s Jeia:
Tisd &I Higsgarofl. aéiedr W Hiad IR 8, Safe Hiasgariorat o fufurda & aren siedd Iufea
el ¢ | e & & & ug A faviv wu @ Aeayqul 5, Hife Qe Mok faenfial qur g a9 R
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StefepTfore THTa STad & 1 33 uROe B, 39 3reaud o1 32y fayfeanay & faenfial o1 Qeifore Suafsy
$T qaraE @ & foau g a1 TEniEl &1 IuEnT el 9UT Saremang i gigwsn
(Explainable Artificial Intelligence, XAI) do-1h| & HIeOH ¥ 54 [ 1 IR BT ] | 3 I
1 gft 8 Sremae MU IR ST U &7 THT WRdd $HRal o: (1) Q& Iuafed & gaigam
T faftr w=fF @ TeEnian &1 gaTes UeRM &ul 82 (2) BISURURIHICY 3% eH (Hyperparameter
Optimization) AISd & UG P! fy AT de THIFAd Ha1 82 (3) PH-1 TR eI Iuafa R Taifrs
TUTT STAd 82 TUT (4) TRSATINT FHEAT gfSH &1 fafiar 7=iq a1 diea & qaiqdr! &1 R Td
T D! o UHR Y2 Bl 82

qﬁaﬁ’f T & Qe Iudisd & A0S ©U J Th agarrtmﬁ TIIAT (Multidimensional
Construct) & 0 § WHR &1 711 8, Sl AHIeHD, BT, IR U1 TAlaR Uil HReDI & G
g I fAfda il %I 3P 3T A T8 yafid fean %ﬁ? ﬁ&‘lﬁl'a? HAAAT (Academic Engagement),
w-fFguaa (Self-Regulation), ﬁ&rﬁw U= (Academic Motivation) dYT g
(Environmental Support) Y R [Fenfial ot Qeifore g % fAuR® %I T g & aut /
T affr-snenid Srggum! & e # Ieeiaig 9fe 83 ©, fﬁmﬁam&rméﬂaugﬁmaﬂ
TG I db WA @ & aul Hied & Hofa-Fmfor & aaren W siendd $49 @ fear 1 g1 39
AT & G A ST (Black Box) THEAT" & U H ST SIa §, S f1efm & & g=i= i1 Arsat
F! IReRIAT quT FaeiRe ITAREr & Wid HRd g1 3T THT & JHIYH 3 ARSI HY
g@'ﬁ?ﬁ (XAI) Gl ﬁfﬂ’cﬂ faRIva: SHAP (SHapley Additive exPlanations) dYT LIME (Local
Interpretable Model-agnostic Explanations), %%(Global)@W(Local)ﬁWWW%ﬁUﬁ
! TRSAT B DY &A1 USH Il & | T TRl 7 had I =R & Uga= dxall & oif garddH &1 gaffers
THITIT PR §, dfcep I8 4t Ty el § 6 Uds <R 69 R sifaw ok & e a1 81 39 waR,
A 31T TR T qUT TR iAH YGHT &b FHIAd JUNT P H1eqH | YaFArES
Wé@maﬁw@w & T faTdH SFIHYUM-3R (Research Gap) D1 ASIAT B BT TN
PRATBI

Y 31T Bl el 353 fayfaemerdt faenfiar @ uyrach & wiem @ Goferd far man) Serie &
SR, Reifire, sgagie, fefoea aur amore-onfife R aftafera 91 s o gaurse
HATIY (Convenience Sampling) fafr 1 IuT fomam mram qur wfawrht Th élf REAUESGIET] ﬁ?‘Q 3|
URIRYP RO H 38 IR Hpferd fou q, ﬁl% fawgTa g9 (Thematic Aggregation) &1 Ufehar gRI 19
IR R (Conceptual Variables) T =yidd foear T (_‘Rmﬁ ATHHTA (Nominal) R W gqH- B'IE'
Hﬁﬁ%’ﬂ (One-Hot Encoding) mmﬁﬁ%qﬂlﬁ mﬁqaﬁrrrrn@a‘rﬁugaa SifaH favrordrat (Features)
CARIE] dgd 23 EP[ T|'<§| 3Med ™, &Rrhﬁ&rﬁwaq?r%] (Grade Point Average, GPA), P70 & Pe-
3% AH a'3 YR W fg3mumy EFWUT (Binary Classification) HHIT # ufvafda fear mar ahd /
W) | U T AifoRe® Wi (Logistic Regression, LR), YSH BIE (Random Forest, RF),
I daer a=ig (Support Vector Machines, SVM) dYT XGBoost (XGB) Q?"ﬁﬁ?ﬂ Cal WWW |
TEAl BT Yedidh-T UT-T[U HIY-AfASR (5-fold Cross-Validation) TUT 80% WIRI&UI-20% Teor
Sel-faurs vgld & Arerd § fobar | 5 Asel o1 Brigmar ST & 9aH W PR o, e ferg
AHDHIHRT (Standardization) F‘I'Flm T | HSd & UG Bl 3R e Sdhd CRIE| %ﬁ Grid Search
TUT Optuna 3MYTRT FRWRRAR 3pe fAfat &1 IugiT faar 7w, Sefd F1-IPR (F1 Score) BT

VIR UGRS3 &0 § SO T S8 ARG, GalRie G%d HSd W SHAP 04T LIME
wmmmmwwmwlnwﬁ YiqwaTiorl &1 favgd arReITE e fazayor
T

3T & UROTH! J T g31T f ¥&W BRI (Random Forest, RF) FISd A T49T YaiAMTETS
U= uefRia fasar (Accuracy = 0.78; F1 = 0.79), & 39d gyt U daer HRiH (Support Vector
Machines, SVM) HISd &1 R I@T (Accuracy = 0.76; F1 = 0.77)| 3% [duRid, difeiRe® Afeima—
(Logistic Regression, LR) d¥4T XGBoost (XGB) Hisdl &1 veRH GURIGIEZRSYE ¥ 9 urar | 9 RE
YT XGB ATSE! A UfRAEI (Training) ST WR AHAfIH = UG USRI fara, qutf utefur (Test) SeTR
J% UG T 315 B A AT (Overfitting) &1 IURUM HT Ybd T TTF SHfala,
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TR rHpad 4 Tt Afedl & Hex ¥ Ieaa-i guR far, s a8 oy gon f& e &

Iugad WRIfeR AT (Parameter Tuning) HT YaJAMTHS mﬁmﬁmwm'm%
qﬁm@%ﬂgﬁﬂﬁ@'&Tﬁ;ﬁTW(Nonhnear)w éaﬁﬁ%ﬂaﬁaw@rﬁﬁ??ﬁawﬁﬁ
G wisell B ol H iferch Gurdl §1 SHAP fazaisor 4 7g fepd v gen & $reaa R (Grade
Level), Qeifore Jerwar (Academic Engagement), yafarofig gadq (Environmental Support), ¥d-
frHT (Self-Regulation) TUT A&MOP UV (Academic Motivation) I U9 TR g, foFer Qeifire
IJudfel W affers THIG TSl ¢ | Q& Sardar, IRom aul W-Aaa+ 8 g ¥ faenfiat ot Qefores
THAd! B UG TGl 8, STaih I ST TR YW ad ) GHIGT H FHH &b T el IR 77| SHAP
TUT LIME GH! fa=avon 3 98 UeiRid foar fs Afed & gafgam feel ted oRe W smuiid =61 gid,
Ffew 3FF W & URWRS 3fa:fhar &1 uRomd g g1 ! sareTets faftrat § ura fsesf &t 3=
TR BT YR 31eqT & URUITH! Bt T3al U4 fay=iadt & 3R 31 geg ol 8 | 99 w0 9, Fepy
Tg G d I § fob Qe ST fRITd sagR, AT wfshanait qut vafaruita uRfRufaat & ged
3ia:foran @ fAffa gt B

e & Ay ug ymifid axa § f& Vefdre Suafdr e sgsmandt Tvaen
(Multidimensional Construct) %, et gHTdt IIV'IET'FT BRI FTEFT ﬂﬁﬁ & A1 O fear o gohdl % |
foRiy = 9, Jufdra it (Ensemble Learning) U TR fafdmr, oo YU wivee (Random
Forest), TRI&UT {3 70 3 TeniRal &t ga1 # 94 uexi yehRia o=t 81 91y &, auremarg $Hu

(Explainable Artificial Intelligence, XAI) &1 fafSl T THARM HiSA B! ARATHSBAT DI
B@@gﬂumﬁm%wmmﬁ?aﬁwﬁ@ﬁvﬁﬁmm&ﬁﬁ@rwﬁwﬁwﬁm
C2GIE

3feg & gRoTE! § I8 off Wy gait f Rerfore werwran, IRom qur W-fawe faafiat o
QNeffOTh e & TaTie Agayqul Ul § 1 ord: 3o RI&T TRIM 37 S &) e B & 3e:a o
e I SRIBHT (Support Programs) FT 3B Td SR o IHhd g sthﬁw faeniiat &
mﬁ?%ﬂqqawm 3l Tamet & GuR o IAHT e Iuafsy o Seae-g U F IAd HR
THT g

I 31eqge ) 6 Heaqu! U off €1 T, Ted SeRic dhad Ud gt 3 fRIem TRE 9
Jofad fhar Ta1 qUT 98 EId: W-RUC (Self-reported) el TR SATYING oT; 3fd: IROTHN Bt
T firesdr (Generallzablllty)@mﬁaﬂﬁgl @?ﬂ’q ﬁmm@ﬁ%mﬂﬁmmﬁ
TREfcld B J FIReAor o1 TeTell W Ufdgpa THTd U1 81 Hebdl © | $8eb e, fasad §Heh gRT
faffa Fﬂ’dﬁ Rl (Composite Variables) UX HTUdh T (Psychometric) e g fayaadn IEESLII
et e T, ROl 39 SHeut 1 e HEeqUl U ferTel T b &0 IeflebRR febat ST =fey | widsa
S H e 53 U fafdeargul Tt & Try-ary 3F e (Longitudinal) SFEUTT Sifidedt 1 JUaNT
@Gﬂtﬂﬂﬁ%ﬁ e TF & AT D& Suasd & 81 AT uRad! &1 it e frgeur fsar o

|

SfcTct:, A=A AT T AT F AT FISHAT (XAI HT TDHIPhd SUANT T T UG T
WWW% o 7 Fad I YT & 1Y ReffOres Juaied o1 gafgaE T & Tem g, Sfeh 37
Sfafffed o= Y +ft sare Hrar & e MR W 3 ffHfa 81d 1 59 UeR, g =R Rien &
aaﬁs{%%uﬂaﬁmamm&u&wﬁﬁ yator gforansit # gee HeA d He@qul AeH
UGH Rl 5|

Poil Jreq: 7= @, Feifesvor, Qerfdre Iuafsy; arermrg W 9faw=; SHAP; LIME.

Yapilandirilmis Ozet:

Akademik bagsar1 hem 6grenci gelisimini hem de kurumsal etkililigi yansitan egitim kalitesinin temel
bir gostergesi olarak yaygin bigimde kabul edilmektedir. Ancak akademik basari yalnizca biligsel yetenekler
tarafindan belirlenmemekte; aksine davranigsal, psikolojik ve ¢evresel faktorlerin etkilesimi sonucunda ortaya
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¢tkmaktadir. Geleneksel istatistiksel yaklasimlar, egitim verilerinin karmasik ve dogrusal olmayan yapisin
modellemede yetersiz kalabilmektedir. Bu baglamda, makine 6grenmesi (ML) yaklagimlar1 karmasik
oriintiilerin belirlenmesi ve tahmin performansinin artirilmasi igin etkili araglar sunmaktadir. Bununla birlikte,
akademik bagari tahminine odaklanan bir¢cok c¢alisma, model tahminlerinin nasil olustuguna iligkin sinirlt
aciklama sunarken 6ncelikli olarak model dogrulugunu vurgulamaktadir. Bu sinirlilik, karar verme siireglerinin
onemli sonuglar dogurabilecegi egitim ortamlarinda ozellikle 6nemlidir. Bu nedenle, bu ¢aligmanin amaci
iniversite dgrencilerinin akademik basarisint makine dgrenmesi algoritmalari kullanarak tahmin etmek ve
model tahminlerini agiklanabilir yapay zeka (XAI) yontemleri araciligiyla yorumlamaktir. Bu dogrultuda
calisma asagidaki arastirma sorularini ele almaktadir: (i) Farkli ML algoritmalar1 akademik basarty1 tahmin
etmede nasil performans gostermektedir? (ii) Hiperparametre optimizasyonu model performansini ne dlgiide
etkilemektedir? (iii) Akademik basariy1 etkileyen en onemli degiskenler nelerdir? ve (iv) XAl yontemleri
model tahminlerinin yorumlanmasina nasil katki saglamaktadir?

Akademik basari, bilissel, davranigsal, motivasyonel ve ¢evresel faktorlerden etkilenen ¢ok boyutlu
bir yap1 olarak yaygin bicimde kabul edilmektedir. Literatiir, akademik katilim, 6z-diizenleme, motivasyon ve
gevresel destek gibi degiskenlerin dgrenci basarist {izerinde anlamli etkileri oldugunu ortaya koymustur.
Makine 6grenmesi temelli ¢alismalarin sayisi artmis olsa da, bu calismalar 6ncelikli olarak tahmin dogrulugunu
artirmaya odaklanmis ve model tahminlerinin nasil iiretildigini yeterince agiklamamistir. Bu durum, genellikle
“kara kutu” problemi olarak adlandirilmakta ve bu tiir modellerin egitim uygulamalarindaki seffafligini ve
pratik uygulanabilirligini sinirlamaktadir. SHAP (SHapley Additive exPlanations) ve LIME (Local
Interpretable Model-agnostic Explanations) gibi agiklanabilir yapay zeka yontemleri, model tahminlerine hem
kiiresel hem de yerel agiklamalar sunarak bu siirlilii gidermeyi amaglamaktadir. Bu yaklagimlar yalnizca
hangi degiskenlerin 6nemli oldugunu belirlemekle kalmaz, ayn1 zamanda bu degiskenlerin tahminleri nasil
etkiledigini de ortaya koyar. Bu g¢alisma, makine Ogrenmesi ve agiklanabilir yapay zekd yontemlerini
biitiinlestirerek literatiirde hem performans hem de yorumlanabilirlik agisindan var olan boslugu doldurmayi
amaglamaktadir.

Calisma, 353 iiniversite dgrencisinden anket yoluyla toplanan verilere dayanmaktadir. Veri seti
demografik, akademik, davranissal, dijital ve sosyo-ekonomik degiskenleri igermektedir. Orneklem, kolayda
ornekleme yontemiyle belirlenmis olup tek bir fakiiltede Ogrenim goéren Ogrencilerden olusmaktadir.
Baslangigta 38 degisken toplanmis, daha sonra tematik birlestirme yoluyla 19 kavramsal degiskene
indirgenmistir. Ancak nominal degiskenlere uygulanan one-hot encoding islemleri sonrasinda, makine
o6grenmesi modellerine dahil edilen nihai 6znitelik sayisi 23°e yiikselmistir. Bagimli degisken olan akademik
basar1 (GNO), 70 esik degeri kullanilarak ikili siniflandirma problemine doniistiiriilmistiir (akademik olarak
basarili/akademik olarak basarisiz). Calismada Lojistik Regresyon (LR), Random Forest (RF), Destek Vektor
Makineleri (DVM) ve XGBoost (XGB) algoritmalart kullamlmistir. Model performansi, 5 katli ¢apraz
dogrulama ve %80/%20 egitim-test ayrimm kullanilarak degerlendirilmistir. Olgek duyarli modellere
standardizasyon uygulanmistir. Model performansini artirmak amaciyla Grid Search ve Optuna kullanilarak
hiperparametre optimizasyonu gergeklestirilmis ve temel degerlendirme metrigi olarak F1 skoru kullanilmstir.
Ayrica, model tahminlerini hem kiiresel hem de yerel diizeyde analiz etmek amaciyla en iyi performans
gosteren modele SHAP ve LIME yontemleri uygulanmustir.

Bulgular, RF modelinin en yiiksek performansi elde ettigini gostermektedir (Dogruluk = 0.78, F1 =
0.79). Bunu DVM modeli izlemistir (Dogruluk = 0.76, F1=0.77). LR ve XGB modelleri ise daha diisiik tahmin
performansi sergilemistir. RF ve XGB modelleri egitim verisi iizerinde oldukga yiiksek performans gostermis
olsa da test performansindaki diisiis asirt Ogrenmenin varligina isaret etmektedir. Hiperparametre
optimizasyonu tiim modellerin performansini artirmis ve model ayarlamanin 6nemini ortaya koymustur.
Ayrica, dogrusal olmayan modellerin veri setinde yer alan karmasik iligkileri yakalamada daha basarili oldugu
goriilmistiir. SHAP analizleri, akademik basariy1 etkileyen en énemli degiskenlerin sinif diizeyi, akademik
katilm, cevresel destek, 6z-diizenleme ve akademik motivasyon oldugunu ortaya koymustur. Akademik
katilim, motivasyon ve 6z-diizenleme arttik¢a basari olasilig1 da artarken, daha yiiksek sinif diizeyleri bagari
olasiligindaki azalma ile iligkilendirilmistir. SHAP ve LIME analizleri, model tahminlerinin tek bir faktrden
ziyade birden fazla degiskenin etkilesimiyle sekillendigini gdstermistir. ki yontem arasindaki tutarlilik,
bulgularin giivenilirligini desteklemektedir. Genel olarak sonuglar, akademik basarinin bireysel davranislar,
ogrenme siirecleri ve ¢evresel kosullarin birlesimiyle sekillendigini gostermektedir.
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Bu ¢aligmanin bulgulari, akademik basarinin makine 6grenmesi yontemleri kullanilarak etkili bicimde
modellenebilen ¢ok boyutlu bir yapt oldugunu gostermektedir. Ozellikle Random Forest gibi topluluk
6grenmesi yontemlerinin {istiin performans sergiledigi belirlenmistir. Ayrica, agiklanabilir yapay zeka
yontemlerinin kullanimi model tahminlerinin yorumlanabilirligini artirmakta ve boylece geleneksel makine
ogrenmesi yaklagimlariyla iligkili bazi sinirliliklart gidermektedir.

Bulgular, akademik katilim, motivasyon ve 6z-diizenlemenin 6grenci basarisinin temel belirleyicileri
oldugunu gostermektedir. Bu dogrultuda, egitim kurumlar bu alanlart hedefleyen destekleyici programlar
gelistirmeyi degerlendirebilir. Ayrica, 6grencilerin gevresel ve sosyo-ckonomik kosullarmin iyilestirilmesi
akademik ¢iktilarin gelistirilmesine katki saglayabilir.

Caligmanin gesitli simirlhiliklart bulunmaktadir. Veri seti tek bir kurumla smirlidir ve 6z-bildirime
dayali verilerden olugmaktadir; bu durum bulgularin genellenebilirligini siirlayabilir. Ayrica, akademik
basarmin ikili simiflandirma problemine déniistiiriilmesi analiz derinligini sinirlandirabilir. Bunun yani sira,
tematik bilesik degiskenler i¢in kapsamli psikometrik gegerlik ve giivenirlik analizleri yapilmamistir; bu durum
calismanm 6nemli bir metodolojik sinirliligi olarak degerlendirilmelidir. Gelecek arastirmalarda, akademik
basarinin zaman igerisindeki degisimini incelemek i¢in daha biiyiik ve daha ¢esitli 6rneklemler ile boylamsal
veriler dikkate alinmalidir.

Sonug olarak, makine 6grenmesi ve aciklanabilir yapay zekanin biitiinlestirilmesi, akademik bagarinin
hem tahmin edilmesi hem de anlasilmasi igin kapsamli bir yaklagim sunmakta; boylece egitimde daha seffaf
ve veri odakli karar verme siireclerine katki saglamaktadir.

Anahtar Kelimeler: Makine 6grenmesi, siniflandirma, akademik basari, agiklanabilir yapay zeka,
SHAP, LIME.
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Prediction of University Students’ Academic Achievement Using Machine Learning: An
Explainable Artificial Intelligence Based Analysis

Introduction

Academic achievement is a critical measure that reflects the quality of the education system,
student development, and institutional effectiveness, serving as one of the key performance
indicators for educational institutions. In measuring academic achievement, general achievement test
scores or overall grade point averages are typically considered. However, academic achievement is
not limited to cognitive factors alone; it possesses a multidimensional structure shaped by the
interaction of psychological and social variables (Karaaga¢ Cingdz et al., 2025). Therefore, a
comprehensive analysis of the factors influencing academic achievement is of critical importance for
educators and policymakers.

While traditional statistical methods are effective in explaining linear relationships between
variables, they may be limited in modeling the multidimensional and nonlinear structure of today’s
educational data (Kyriazos & Poga, 2024). Nonlinear relationships play a critical role in
understanding social behaviors and psychological processes. In this context, machine learning
algorithms can uncover complex patterns within the data and provide high-accuracy predictions
(Przybys-Mataczek et al., 2023). In particular, machine learning algorithms such as Logistic
Regression (LR), Random Forest (RF), Support Vector Machines (SVM), and XGBoost (XGB) are
among the powerful methods widely used in academic achievement prediction studies.

In recent years, artificial intelligence applications have begun to be used in many different
fields, such as education, healthcare, and agriculture (Sonmez & Zengin, 2023; Yildiz, 2025).
Machine learning, a subfield of artificial intelligence, offers significant advantages in data-driven
prediction processes. Accordingly, machine learning algorithms are widely used in the field of
academic achievement prediction due to their ability to learn patterns from complex and
multidimensional data structures and create predictive models (Guanin-Fajardo et al., 2024; Hashim
et al., 2020; Metin, 2025; Nayak et al., 2023; Ozdemir et al., 2026; Yagci, 2022). Although there are
numerous machine learning-based studies on academic achievement prediction in the literature, a
significant portion of these studies focus on model performance and do not sufficiently explain how
model decisions are formed. Indeed, a review study conducted by Boujmiraz et al. (2026), which
comprehensively examined approaches used in predicting student academic achievement, indicates
that only 14% of studies using black-box models incorporated Explainable Artificial Intelligence
(XAI) techniques. This highlights the limited scope of interpretability. However, in high-stakes
decision-making processes such as education, it is not enough to simply produce accurate
predictions; understanding the factors underlying these predictions is also of great importance. This
requirement has heightened the importance of XAI methods. Methods such as SHapley Additive
exPlanations (SHAP) and Local Interpretable Model-agnostic Explanations (LIME) fill a significant
gap in this field by enabling the interpretation of model decisions at both the global and local levels.
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However, there are also studies in which XAI methods have been integrated into the
modeling process for predicting academic achievement (Ahmed et al., 2025; Guevara-Reyes et al.,
2025; Paul et al., 2025). These studies primarily model academic achievement through groups of
variables at the academic, structural, and system levels. This study, however, aims to contribute
methodologically and practically to the literature by analyzing the performance of machine learning
models within a holistic framework using XAl methods, based on a unique survey-based dataset that
encompasses demographic, behavioral, academic, and environmental factors influencing academic
achievement. Additionally, a feature engineering process was applied to the data obtained through
the survey, and variables were grouped under thematic dimensions to create a dataset for modeling.
The academic achievement variable was adapted for classification problems, and students were
categorized into two groups: “successful” and “unsuccessful.”

One of the key contributions of this study is its focus on the interpretability of model results.
XAI refers to a set of methods and approaches aimed at making the decisions of machine learning
models understandable and interpretable by humans. In this study, the SHAP and LIME methods-
two XAI methods-were employed. In this context, while the SHAP method was used to analyze the
global and local effects of variables on the model, the LIME method was used to examine how
individual predictions are formed at the local level. This approach allows the findings regarding
academic achievement predictions to be evaluated not only in terms of performance but also in terms
of interpretability.

In conclusion, the complex structure of the multidimensional factors influencing academic
achievement makes it difficult to predict this success accurately and generalizably, as well as to
understand the model’s decisions. This study aims to produce high-performance predictions and
reveal the underlying decision mechanisms of these predictions by addressing machine learning and
XAI methods within a holistic framework using a unique dataset. In this regard, the study offers a
comprehensive approach to the academic achievement prediction literature that addresses both
performance and interpretability'.

In line with this primary objective, we sought to answer the following sub-research questions
regarding model performance and the interpretability of model decisions in the context of predicting
academic achievement:

* How do different machine learning algorithms perform in predicting the academic
achievement of university students?

» To what extent does hyperparameter optimization affect model performance?

*  What are the most significant variables influencing academic achievement?

*  How do XAI methods (SHAP and LIME) contribute to the interpretation of model
decisions?

! Yapay zeka ve iiretken yapay zeka uygulamalarinin sosyal bilimler, egitim, dil ve edebiyat, din bilimleri, iletisim, ekonomi
ve diger akademik disiplinlerde kullanimi; arastirma, veri analizi, igerik iiretimi, 6gretim ve 6grenme siireclerine etkileri
ile yapay zekanin sundugu imkanlar, simirliliklar ve etik sorunlari farkli agilardan ele alan 6rnek ¢alismalar igin ayrica bk.
Denizci et al. 2018, Baran 2022, Keles & Keles, 2018; Karadag, 2025; Coskun, 2025; Ahmed & Hamod, 2026; Arict &
Karaci, 2013; Keles & Keles, 2017; Keles et al., 2017; Bekil, 2018; Keles, 2018; Sergemeli, 2018; Akyildiz & Akyildiz,
2020; Isik & Dar1, 2023; Abdulrazagova et al., 2025; Argin 2025; Tetik Kiigiikelgi, 2025; Cakmak, 2025; Yildirim Altun,
2025; Zan & Zan, 2025; Mazlum & Mazlum, 2025; Yildiz, 2025; Basar, 2025; Tugcu, 2025; Ozdemir, 2026; Cora et al.,
2026; Biiyiikboyaci & Yozcu, 2026; Ardaturk, 2026; Ardug Kara, 2026; Ertan, 2026; Ahmed & Hamod, 2026; Efendioglu,
2023; Celik et al., 2025; Dogru & Hacimiiftiioglu, 2025; Kogakoglu & Kogakoglu, 2025; Ekinci, 2025; Sakin & Tiirk,
2025; Askun, 2024; Yener & Kose, 2023; Romya Bilgin & Kiigiiksabanoglu, 2023; Cark, 2020; Kanat, 2020; Altindis,
2020; Zenginaloglu, 2026; Dalmus, 2026; Olger, 2025; Saribas, 2025; Karakus et al., 2025; Giizel, 2024; Kizildag, 2023;
Odacioglu, 2022, Erdem-Demiryakan 2025, 2026, Civelek 2025, Giinay 2025, Onen 2025, Ozdemir 2025; Sandikc1 & Soy
2026; Ardug Kara 2026; Ertan 2026; Uygun 2026; Yilmaz 2025; Kan Celik 2026; Bayat Arslan & Cuma 2026; Koksal &
Zorlu Kale 2025; Varol 2025; Ahmed & Hamod 2026; Efendioglu 2023; Sert 2026; Giigliiten 2026.
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Method
Research Model

This study aims to predict the academic achievement of university students using machine
learning methods and to interpret model decisions using XAl methods. The research model consists
of data collection, feature engineering, model development, hyperparameter optimization, and
explainability analysis.

As part of the study, features were first created based on the raw data obtained through the
survey method. Conceptually similar variables were grouped under thematic dimensions to derive
new variables.

In the first stage of the modeling process, models were evaluated using default parameters to
assess the performance of machine learning algorithms, and five-fold cross-validation was applied
to the dataset. This method reduces the risk of overfitting by dividing the dataset into different subsets
and training and testing the model on each subset, thereby providing a more balanced measure of
performance. This stage was conducted to determine the models’ baseline performance levels and
generalization tendencies on the dataset.

In the next step, the dataset was split into an 80% training set and a 20% test set to evaluate
the models’ performance more realistically. While the training dataset was used during the model’s
learning process, the test dataset was used to measure the model’s performance on data it had not
previously seen. Model performance was evaluated using 5-fold cross-validation during the training
process. Final model performance results were reported on the independent test dataset. This
approach is important for assessing the model’s generalizability and reducing the risk of overfitting.

Subsequently, hyperparameter optimization was applied to improve model performance. In
this context, the most suitable hyperparameter combinations for each model were determined using
Grid Search and Optuna methods. The model yielding the highest performance was selected by
comparing the results obtained during the optimization process.

In the final stage, XAI methods were applied to the selected model. In this context, the SHAP
method was used to analyze the variable importance of the model at both the global and local levels,
while the LIME method was used to examine how individual predictions are formed at the local
level. In this way, not only the model’s predictive performance but also its decision-making
mechanism was comprehensively evaluated. The research model developed as part of this process is
presented in Figure 1.
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Figure 1. Research Model

In this study, data preprocessing, modeling, and analysis were performed using the Python
programming language. The scikit-learn library was used to develop machine learning models,
GridSearchCV and Optuna for hyperparameter optimization, XGBoost for XGBoost modeling, and
the SHAP and LIME libraries for XAl analyses.

Dataset and Working Group

The dataset used in this study was obtained through a survey of university students and
includes observations from a total of 353 participants. The study sample was selected using
convenience sampling from among students enrolled at the Gerede Faculty of Applied Sciences at
Bolu Abant Izzet Baysal University, due to the researcher’s ease of access. Convenience sampling is
a sampling method in which the researcher selects individuals who are the easiest to reach, most
accessible, and readily available as the sample (Cohen et al., 2018). During the data collection
process, a multidimensional structure encompassing students’ demographic, academic, behavioral,
digital, and socioeconomic characteristics was adopted. In this context, a dataset was created using
data obtained through a 38-item questionnaire prepared by the researcher. The dataset includes
demographic variables such as department, age, gender, grade level, parental education status, and
type of residence, as well as variables reflecting behavioral and psychosocial characteristics related
to students’ academic processes. The variables included in the dataset were determined based on the
findings of previous studies examining factors that influence academic achievement, such as
motivation, self-regulation, academic engagement, study habits, parental education, and
socioeconomic/environmental support (Credé & Kuncel, 2008; Fan & Chen, 2001; Richardson et al.,
2012; Sirin, 2005; Tao et al., 2022). In constructing the thematic structures, conceptual frameworks
shown in the literature to be associated with academic achievement were taken into account. Items
representing similar behavioral, motivational, and environmental characteristics were grouped under
the same theme. However, comprehensive validity and reliability analyses to assess the psychometric
properties of these thematic structures were not conducted within the scope of this study. This should
be considered one of the methodological limitations of the study regarding the validity and internal
consistency of the composite variables created. Furthermore, the fact that the sample was limited to
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a specific faculty at a single university and the use of convenience sampling should be regarded as a
significant methodological constraint limiting the generalizability of the findings. The thematic
structure and coded variables are presented in Table 1. New variables were created by calculating
the arithmetic mean of the relevant items for each theme.

Table 1. Thematic Classification and Coding of Variables Affecting University Students’

Academic Achievement

Theme Coded Variable Items (Observed Variables)
Name
Academic Achievement gno Student’s Grade Point Average (Grades of 70 and
above are classified as passing; below 70 as
failing)
department 1 Finance and Banking Department
department 2 Marketing Department
department 3 International Trade and Logistics Department
Demographic age Student’s age
Characteristics gender Student’s gender
grade level Student’s grade level
mother _education Mother’s education level
father education Father’s education level
residence type 1 Student lives at home
residence_type 2 Student lives in a dormitory
residence type 3 Student lives in other accommodations
Self-Regulation self regulated learning I follow a regular weekly study schedule

Academic Motivation

Active Learning

Behaviors

Academic Engagement

Academic Well-Being

Digital Learning Access

Environmental and
Socioeconomic Support

Academic Workload

I review my lessons regularly
I prepare for exams systematically.
I can maintain my focus while studying.
I review the material before class.
I use my time effectively
academic_motivation Academic progress is important to me.
I believe what I learn is valuable for my future.
I work toward my goals.
I believe I can succeed when I put in the effort.
I can find solutions when I face challenges.
active_learning I ask for help with topics I don’t understand.
I use various resources to learn.
I actively participate in class.
Group work supports my learning,.

academic_engagement I attend classes regularly.
I come to class prepared.
academic_wellbeing I can manage my academic stress.

I feel balanced during exam periods.
I get enough sleep.
digital learning_access I use artificial intelligence tools in my learning
process.
I can easily access the digital tools needed for
studying.
environmental support My living conditions support my studying.
My financial situation is sufficient to sustain my
education.
My transportation conditions support my class
schedule.
My study environment is suitable for productive
studying.
study effort Weekly study time outside of class (hours).
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Weekly library/study hall usage time (hours).

Screen Time screen_time Daily screen time (hours).
Sleep Duration sleep_duration Daily sleep duration (hours).
Social Engagement social participation I participate in social activities on campus.

As a result of feature engineering, the number of variables, initially observed as 38, was
reduced through the use of thematic composite variables, resulting in a dataset consisting of a total
of 19 variables, including the target variable (GNO). This number represents the number of
conceptual variables. During the modeling process, the variables “department” and
“residence type,” which have a nominal structure, were converted using the one-hot encoding
method, increasing the final number of features fed into the machine learning models to 23.

In this study, GPA, which represents students’ academic achievement levels, was used as the
dependent variable. However, to ensure compatibility with machine learning classification models,
this variable was converted into a binary class. When determining the threshold value, the GPA
average of the dataset (68.80) was taken into account, and it was decided to round this value to 70,
which is the nearest whole number corresponding to the grading thresholds commonly used in
educational systems. Thus, the target variable exhibited a balanced distribution, and the determined
threshold value was established as both a reference point based on the data distribution and a
meaningful success threshold in educational applications. Accordingly, students were classified as
“successful” (GPA > 70) and “unsuccessful” (GPA < 70). This transformation ensured that a
continuous variable was made suitable for classification problems. Additionally, given the relatively
limited size of the dataset (n=353) and its survey-based structure, regression models for estimating
continuous variables carry a higher risk of producing greater variance. Therefore, a classification
approach was preferred to enhance the model’s generalizability and achieve more balanced
performance.

As aresult, a dataset was created that holistically incorporates demographic, behavioral, and
environmental dimensions, is thematically structured, includes a feature engineering process, and has
been prepared for use with machine learning models.

Additionally, the necessary ethics committee approval for the survey used in this study was
granted by the Social Sciences and Human Research Ethics Committee of Bolu Abant izzet Baysal
University at its meeting numbered 2026/03, and the application was deemed ethically appropriate
(Protocol No: 2026/212). During the data collection process, participants were informed on a
voluntary basis; no personal identification information was collected, and all data were anonymized.
The data obtained were used solely for scientific research purposes.

Data Preprocessing Process

In order for machine learning models to produce accurate and reliable results, the dataset
must be properly prepared prior to analysis. Accordingly, the dataset used in this study underwent a
data preprocessing process.

Since some of the machine learning algorithms used in the study (e.g., SVM and LR) are
sensitive to variable scales, a standardization process was applied to the dataset. In this context, the
variables were scaled so that their mean is 0 and their standard deviation is 1. The scaling process
was learned solely on the training data, and the same transformation parameters were applied to the
test data.

As part of the data preprocessing process, the target variable was also appropriately encoded
to prepare it for the model. The “failed” and “successful” classes of the target variable were
represented as 0 and 1, respectively. The nominal variables “department” and “residence type” were
represented using one-hot encoding to prevent the creation of an artificial ordering relationship
between categories. While the binary gender variable was included in the model using binary coding,
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ordinal coding was preferred for the grade level, mother’s education level, and father’s education
level variables-which contain a natural order-to preserve the sequential structure among categories.
The other continuous variables were directly included in the model while preserving their existing
numerical structures.

Machine Learning Models

In this study, four machine learning algorithms representing different modeling approaches
were used to predict students’ academic achievement. The models used are described below.

LR is primarily used to estimate the probability that a data sample belongs to a specific class.
Its most common application is in “binary classification” problems, where the outcome is one of two
possible states (Géron, 2019).

RF is an effective ensemble learning method that performs well in both regression and
classification problems by combining a large number of decision trees into a collective structure
(Breiman, 2001). The algorithm generates a large number of decision trees through bootstrap
sampling (bagging) and random feature selection mechanisms. By combining the outputs of these
trees, a model is obtained that offers higher accuracy and stronger generalization capabilities
compared to a single decision tree.

SVM is a highly flexible and effective machine learning algorithm that can be used for both
linear and nonlinear classification, regression, and outlier detection tasks. It stands out particularly
for its high performance on small or medium-sized datasets with high complexity (Géron, 2019).

XGB is an optimized, widely used, and high-performance implementation of the Gradient
Boosting algorithm, which is frequently employed in machine learning (Géron, 2019; Raschka et al.,
2022).

The combined use of these algorithms has enabled a comprehensive analysis of both linear
and nonlinear relationships and has made it possible to comparatively evaluate the factors influencing
academic achievement from different modeling perspectives.

Hyperparameter Optimization

The performance of machine learning models depends not only on the algorithm used but
also on the proper selection of the algorithms’ hyperparameters. Hyperparameters are parameters
that are not learned during the model training process but directly influence the model’s behavior.
Therefore, identifying appropriate hyperparameter combinations can significantly improve model
performance.

In this study, two different methods-Grid Search and Optuna-were used together to optimize
the hyperparameters of the machine learning algorithms employed.

The Grid Search method is a deterministic optimization approach that systematically
evaluates all possible combinations within a predefined hyperparameter search space. In this method,
each parameter combination is tested using a cross-validation process, and the set of parameters that
yields the highest performance is selected. While the Grid Search method provides reliable results
by covering the entire search space, its high computational cost-particularly when the number of
parameters and their ranges are extensive-is considered a significant limitation.

Optuna is a modern, adaptive search algorithm developed for hyperparameter optimization.
Similar to the Bayesian optimization approach, this method uses results from previous trials to select
more promising hyperparameter combinations for subsequent trials. This makes the search process
more efficient and enables better results to be obtained in a shorter time. One of Optuna’s key
advantages is its ability to reduce computational costs by minimizing unnecessary trials during the
search process and enabling more effective exploration across large parameter spaces.
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During the hyperparameter optimization process, the dataset was split into 80% training and
20% test data while preserving the class distribution (stratify =y). A 5-fold stratified K-fold cross-
validation structure was used for all models (n_splits = 5, shuffle = True, random_state = 42), and
the F1 score was used as the evaluation metric in hyperparameter optimization. In the Grid Search
process, predefined parameter ranges were used for each model, while in the Optuna optimization,
15 trials (n_trials = 15) were conducted for each model. To ensure reproducibility in the study, the
value random_state = 42 was used in the data splitting and modeling processes. In the final model
selection, the model that achieved a higher F1 score on the test dataset was chosen between the Grid
Search and Optuna methods. The hyperparameter ranges used in the hyperparameter optimization
process are presented in Table 2.

Table 2. Hyperparameter Ranges Used in Grid Search and Optuna Processes

Model Optimization Method Hyperparameter Range / Values
LR Grid Search C [0.01, 0.1, 1, 10]
class weight [None, balanced]
Optuna C 0.01-10 (logarithmic)
class weight [None, balanced]
RF Grid Search n_estimators [200, 300]
max_depth [None, 5, 10]
Optuna n_estimators 100-500
max_depth 3-15
SVM Grid Search C [0.1, 1, 10]
kernel [rbf, linear]
Optuna C 0.1-10 (logarithmic)
kernel [rbf, linear]
XGB Grid Search n_estimators [200, 300]
max_depth [3,5,7]
learning_rate [0.01, 0.05, 0.1]
Optuna n_estimators 100-500
max_depth 3-9
learning_rate 0.01-0.20

Model Performance Metrics

The performance of the machine learning models developed in this study was analyzed using
multiple evaluation metrics commonly employed in the literature for classification problems. Since
evaluating model performance based on a single metric can lead to misleading results, multiple
performance metrics that measure different aspects were considered together.

In this context, model performance was evaluated using accuracy, precision, recall, F1 score,
and ROC-AUC (Receiver Operating Characteristic-Area Under Curve) metrics. Additionally,
confusion matrices were examined for each model to analyze the distribution of correct and incorrect
classifications.

Accuracy represents the proportion of correct classifications among the total observations.
However, since it may not be a sufficient metric on its own when the class distribution is imbalanced,
it was evaluated in conjunction with other metrics.

Precision indicates the proportion of students who are actually successful among those the
model predicts as “successful.” This metric is important for reducing false positive errors.

Recall indicates the proportion of students who are actually successful that the model
correctly identifies. This metric is of critical importance, particularly in ensuring that students with
high potential for success are not overlooked.
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The F1 score is the harmonic mean of precision and recall values and serves as an important
metric for evaluating the model’s overall performance in a balanced manner. In this study, the F1
score was used as the primary evaluation metric during the hyperparameter optimization process.

The ROC-AUC metric measures the model’s ability to distinguish between classes at
different threshold values.

The confusion matrix, on the other hand, provides a detailed view of the model’s correct and
incorrect classifications; it enables the analysis of the distribution of model errors through true
positive, true negative, false positive, and false negative values.

Explainable Artificial Intelligence Analysis

In this study, the goal was not only to develop a machine learning model but also to ensure
that the model’s decision-making mechanisms are understandable and interpretable. To this end, XAl
methods were applied to the model that delivered the highest performance. XAl refers to approaches
that explain models’ decision-making processes, highlight their strengths and weaknesses, and
provide predictions regarding their future behavior (Gunning & Aha, 2019). In this study, two
different approaches were used together to ensure the model’s explainability: SHAP and LIME.
These methods enable the analysis of model decisions at both the global and local levels.

The SHAP method calculates the contribution of each variable to the model output by using
the Shapley values approach, which is based on game theory. This method enables model decisions
to be interpreted transparently by fairly distributing the effect of each feature on the prediction (Mane
et al., 2024). In this study, SHAP analysis was performed at two levels:

Global Explanation: The overall behavior of the model was analyzed to determine which
variables were more influential on academic achievement. In this analysis, the mean absolute SHAP
value of each variable was calculated, and a feature importance ranking was obtained.

Local Explanation: The predictions made by the model were analyzed based on individual
observations. Thus, it was revealed why a particular student was classified as “successful” or
“unsuccessful” and which variables affected this decision and in what direction.

The SHAP method was preferred as the main explainability method in this study because it
provides a model-agnostic explanation and enables interpretation at both the global and local levels.

The LIME method aims to explain the prediction made by the model for a specific
observation through a local linear model generated around that observation (Paul et al., 2025). This
approach enables the local behavior of complex machine learning models to be interpreted through
a simpler and more understandable model.

In this study, the LIME method was applied to selected individual observations, and it was
analyzed which variables affected the model’s prediction decisions and in what direction. The results
obtained show the contribution of each variable to a specific observation through weight values.

The combined use of SHAP and LIME methods provides an answer not only to what
prediction the model makes, but also to why it makes that prediction. In this context, comparing the
SHAP and LIME results enables the consistency of the obtained explanations to be evaluated. This
increases the reliability of the model and contributes to grounding the findings on a more robust
basis. In addition, the use of XAI methods eliminates the “black-box” nature of machine learning
models, allowing model decisions to become transparent and interpretable.
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Findings
Descriptive Statistics

Within the scope of the research, the demographic characteristics of the participants were
examined, and the frequency and percentage distributions related to these characteristics were
calculated. The findings obtained are presented in Table 3.

Table 3. Demographic Characteristics of the Participants

Variable Category n %
GPA (Achievement Status) Successful 180 50.99
Unsuccessful 173 49.01
Gender Female 217 61.47
Male 136 38.53
Department Finance and Banking 157 44.48
Marketing 93  26.35
International Trade and Logistics 103 29.18
Grade Level Ist Year 151 42.78
2nd Year 83 23.51
3rd Year 58 16.43
4th Year 61 17.28
Mother’s Education Primary School 137 38.81
Middle School 82 23.23
High School 91 25.78
University 43 12.18
Father’s Education Primary School 111 31.44
Middle School 73 20.68
High School 113 32.01
University 56 15.86
Type of Residence Family Home 75 21.25
Student Dormitory 212 60.06
Other 66 18.70

Table 3 presents the demographic characteristics of the 353 students who participated in the
study. When the academic achievement status of the participants is examined, it is observed that the
distribution of successful (50.99%, n=180) and unsuccessful (49.01%, n=173) students is quite
balanced. This finding enables more reliable comparisons between classes in the analyses.

In the dataset, “GPA” was used as the target variable. The balanced class distribution of the
target variable (successful: 50.99%; unsuccessful: 49.01%) reduces the risk of bias due to class
imbalance in the modeling process and allows performance metrics to be evaluated more reliably.

When the gender distribution is examined, it is observed that the majority of the participants
were female students (61.47%, n=217), while male students were represented at a rate of 38.53%
(n=1306).

When examined by department, the highest participation was from the Department of
Finance and Banking (44.48%, n=157), followed by International Trade and Logistics (29.18%,
n=103) and Marketing (26.35%, n=93).

When the distribution by grade level is examined, it is seen that the majority of the
participants consisted of first-year students (42.78%, n=151), with a gradual decrease toward the
upper grade levels.
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When parental education levels are evaluated, it is observed that the majority of mothers
were primary school graduates (38.81%), followed by high school (25.78%) and middle school
(23.23%) graduates. Similarly, fathers’ education levels were concentrated mostly among high
school (32.01%) and primary school (31.44%) graduates.

In terms of type of residence, it is observed that the majority of the participants stayed in
student dormitories (60.06%, n=212), while 21.25% (n=75) lived with their families and 18.70%
(n=66) stayed in other accommodation types.

Following the demographic characteristics, descriptive statistics for the continuous variables
used in the study were analyzed. In this context, the mean and standard deviation values of the
variables were calculated and presented in Table 4.

Table 4. Descriptive Statistics for Continuous Variables

Variable Min Max Mean (X) SD
Age 17 27 19.90 1.74
Self-Regulation 1.00 5.00 3.25 0.88
Academic Motivation 1.80 5.00 4.17 0.68
Active Learning 1.00 5.00 3.73 0.73
Academic Engagement 1.00 5.00 3.76 0.76
Academic Well-Being 1.00 5.00 2.99 0.92
Digital Learning Access 2.50 5.00 4.26 0.61
Environmental Support 2.00 5.00 3.66 0.69
Study Effort 1.00 20.00 4.28 2.64
Screen Time (hours) 1 12 6.48 2.24
Sleep Duration (hours) 4 13 7.19 1.52
Social Participation 1 5 3.01 1.15

When Table 4 is examined, it is observed that the mean age of the participants was 19.90
(SD=1.74). When the variables related to learning processes are examined, the level of academic
motivation is found to be high (x=4.17, SD=0.68). Similarly, digital learning access also has a high
mean value (¥=4.26, SD=0.61). Active learning (x=3.73, SD=0.73), academic engagement (¥=3.76,
SD=0.76), and environmental support (£¥=3.66, SD=0.69) are observed to be at a moderate-to-high
level. The level of self-regulation (x=3.25, SD=0.88) is at a moderate level and shows relatively
higher variability among individuals. The mean score of academic well-being (x=2.99, SD=0.92) is
lower compared to the other variables, indicating that students’ psychological and academic well-
being levels are relatively limited. When behavioral variables are examined, the mean study effort
score is 4.28 (SD=2.64), showing a wide distribution. This finding indicates that students’ study
intensity is quite heterogeneous. While the mean screen time was found to be 6.48 hours per day
(SD=2.24), the mean sleep duration was calculated as 7.19 hours (SD=1.52). These findings indicate
that a considerable proportion of students have high screen usage. Finally, the level of social
participation (x=3.01, SD=1.15) is observed to be at a moderate level.

Comparison of Model Performances

In this study, the performances of the machine learning models developed to predict the
academic achievement of university students were evaluated using accuracy, precision, recall, F1
score, and ROC-AUC metrics. In order to evaluate model performances independently of
hyperparameter optimization, the algorithms were tested with their default parameter settings. In this
context, 5-fold cross-validation was applied to the LR, RF, SVM, and XGB models, and the obtained
performance results are presented in Table 5.
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Table 5. 5-Fold Cross-Validation Results of the Models.
Model Accuracy Precision Recall F1 Score ROC-AUC
SVM 0.69 0.71 0.68 0.69 0.75
RF 0.68 0.69 0.71 0.69 0.76
XGB 0.65 0.66 0.65 0.65 0.73
LR 0.65 0.65 0.68 0.66 0.72

When the findings obtained are examined, it is seen that the RF and SVM models exhibited
higher performance compared to the other models. In particular, while the RF model provided the
most balanced performance, it is noteworthy that the accuracy and precision values of the SVM
model were relatively high. In contrast, the performances of the LR and XGB models were observed
to be more limited.

In order to examine the generalizability levels of the models in more detail, the dataset was
split into 80% training and 20% testing sets, and the models were evaluated based on this split. While
the training dataset was used in the model learning process, the test dataset was used to measure the
model’s performance on previously unseen data. The findings obtained are presented in Table 6.

Table 6. Comparison of Model Performances on the Training and Test Datasets

Model Accuracy F1 Score Precision Recall ROC-AUC
Training Test Training Test Training Test Training Test Training Test
LR 0.69 0.64 0.71 0.64 0.69 0.65 0.72 0.63 0.76 0.76
RF 1.00 0.76 1.00 0.76 1.00 0.77 1.00 0.75 1.00 0.82
SVM 0.90 0.76 0.90 0.77 0.91 0.73 0.88 0.83 0.94 0.80
XGB 1.00 0.66 1.00 0.68 1.00 0.65 1.00 0.72 1.00 0.73

When Table 6 is examined, it is seen that the RF and XGB models achieved very high
performance values on the training dataset (Accuracy = 1.00, F1 = 1.00); however, this performance
decreased markedly on the test dataset. This finding indicates that these models overfitted the training
data.

In contrast, the SVM model is observed to exhibit a more balanced structure between training
and test performances. The relatively low performance of the LR model on both the training and test
datasets indicates that the model could not adequately capture the complex and nonlinear
relationships in the dataset.

Following the initial performances obtained with default parameters, hyperparameter
optimization was applied to improve model performance. In this context, the dataset was split into
80% training and 20% testing sets. During the hyperparameter optimization process, 5-fold cross-
validation was used, and the F1 score was taken as the main criterion for final model selection. Model
performance was evaluated on previously unseen test data independently of the training process. This
approach aims to increase the generalizability of the obtained results. In addition, Grid Search and
Optuna methods were compared for hyperparameter optimization for each model. Accordingly, the
method that provided the higher F1 score was preferred for the relevant model. The obtained results
are presented in Table 7.

Table 7. Model Performances After Hyperparameter Optimization

Model Method Accuracy F1 Score Precision Recall ROC-
AUC
RF Grid Search 0.78 0.79 0.78 0.80 0.81
SVM Optuna 0.76 0.77 0.74 0.80 0.80
XGB Grid Search 0.73 0.72 0.75 0.69 0.77
LR Grid Search 0.66 0.68 0.65 0.72 0.76
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When Table 7 is examined, it is observed that the overall performance of the models
increased. Among these models, the RF model stands out as exhibiting the highest overall
performance. The RF model produced more successful results compared to the other models in terms
of'accuracy (0.78) and F1 score (0.79). In addition, the fact that the precision (0.78) and recall (0.80)
values are quite close to each other indicates that the model provides a balanced performance in terms
of both correctly predicting the positive class and capturing true positives. When the ROC-AUC
values are examined, it is seen that the RF (0.81) and SVM (0.80) models exhibited the highest
discriminative performance. The XGB (0.77) and LR (0.76) models, on the other hand, provided
relatively lower performance. These findings indicate that the RF model is the most successful model
not only in terms of overall performance but also in terms of its ability to distinguish between classes.

Although the SVM model lagged behind the RF model in terms of accuracy (0.76) and F1
score (0.77), its recall value (0.80) was the same as that of RF. This finding indicates that the SVM
model is quite successful in capturing samples belonging to the positive class. However, its lower
precision value (0.74) suggests that the model may have a higher tendency to produce false positives
compared to the RF model. This finding suggests that the SVM model may be a potential alternative
for applications in which detecting the positive class is prioritized.

The XGB model exhibited a moderate level of performance. Although its precision value
(0.75) was relatively high, its lower recall value (0.69) indicates that the model acted more selectively
and missed some true positive samples. This finding points to a possible increase in the false negative
rate and suggests that it may constitute a limitation, particularly in applications where recall is
important.

The LR model produced the lowest results across all performance metrics (Accuracy = 0.66,
F1 = 0.68). This finding indicates that the relationships in the dataset could not be adequately
represented through linear assumptions and that more complex, nonlinear models produced more
successful results.

When accuracy and F1 score are considered together, it is concluded that the RF model
provided the most balanced and highest performance, while the SVM model constituted a strong
alternative, particularly in terms of recall. Accordingly, it is observed that the RF model stands out
when overall classification performance is prioritized.

Following the comparison of model performances, the hyperparameter combinations that
provided the highest performance for each algorithm were examined, and the related results are
presented in Table 8.

Table 8. Optimized Model Hyperparameters

Model Method Hyperparameters

RF Grid Search max_depth =5, n_estimators = 200

SVM Optuna C=0.118, kernel = rbf

XGB Grid Search learning_rate = 0.01, max_depth = 3, n_estimators = 300
LR Grid Search C =0.01, class weight = balanced

Table 8 presents the hyperparameter values that provided the best performance for each
model as a result of hyperparameter optimization based on the F1 score criterion. When Table 8 is
examined, it is seen that Grid Search and Optuna methods were effective at different levels across
different models. While the Grid Search method was preferred particularly for the RF and XGB
models, a more flexible parameter search process was carried out with Optuna for the SVM model.
The obtained parameter values reflect the most suitable configurations of the models specific to the
dataset. However, when evaluated in general, the combined use of both methods contributed to a
more comprehensive optimization of model performance.
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After hyperparameter optimization, the RF model (0.78 accuracy, 0.79 F1 score, 0.81 ROC-
AUC) was found to exhibit the highest and most balanced performance in predicting academic
achievement.

Following the general evaluation of model performances, the confusion matrices of each
algorithm obtained from the test data are presented in Table 9 in order to analyze the correct and
incorrect classification patterns of the models in more detail.

Table 9. Confusion Matrix Results
Model True Negative (TN) False Positive (FP) False Negative (FN) True Positive (TP)

LR 21 14 10 26
RF 27 8 7 29
SVM 25 10 7 29
XGB 27 8 11 25

According to Table 9, the RF model provides the most balanced performance with low FP
and FN values. Although SVM has a similar TP value, its error rates are slightly higher. While the
XGB model tends to miss the positive class due to its high FN value, the LR model exhibits the
lowest performance with the highest error rates.

SHAP Global Findings

In this study, the SHAP method was used to explain the decision mechanism of the RF model,
which demonstrated the highest performance, at the global level. SHAP analysis makes it possible
to analyze the feature importance ranking and the direction of effects by quantitatively revealing the
contribution of each variable to the model predictions.

The SHAP findings obtained within this scope are presented in Figure 2. In Figure 2(a), the
importance ranking of the variables according to their mean absolute SHAP values is presented,
while Figure 2(b) shows the direction and distribution of the effects of the variables on the model
output.
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Figure 2. Global SHAP Explanation Results: (a) Feature Importance Ranking, (b) SHAP Summary
Plot

When Figure 2(a) is examined, it is seen that the most influential variable in the model’s
prediction performance is grade level. This variable is followed by academic engagement,
environmental support, self-regulation, and academic motivation, respectively.

The SHAP summary plot presented in Figure 2(b) reveals not only the importance levels of
the variables but also the direction of their effects on the model output. In the plot, the red color
represents high variable values, while the blue color represents low variable values. The
concentration of blue points on the right and red points on the left along the grade level line indicates
that lower grade levels affect the model output positively, whereas higher grade levels affect it
negatively. Accordingly, the model evaluates students at lower grade levels as being closer to the
“successful” class, while the tendency of the prediction to shift toward the “unsuccessful” class
increases as grade level rises. This finding suggests that students in lower grade levels in the dataset
may have a more advantageous profile in terms of academic achievement, or that factors such as
academic workload, course difficulty, and performance pressure may have a decreasing effect on the
probability of success as grade level increases. However, the possibility that this finding may involve
bias arising from the sample structure should also be taken into consideration. The fact that a
substantial proportion of the research sample consisted of first-year students (42.78%) may have
caused the patterns belonging to this group to become more dominant during the model’s learning
process.

It is observed that high values of academic engagement, self-regulation, and academic
motivation positively affect the model output, whereas low values decrease the probability of
success. Some variables are observed to have a limited effect. In particular, the low SHAP values of
variables such as digital learning access, age, and father’s education level indicate that these variables
contributed relatively less to the model decision-making process.
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The SHAP analyses reveal that the model’s decisions are largely shaped by students’
academic behaviors, level of participation in learning processes, and environmental support factors.
This finding indicates that academic achievement is closely associated not only with individual
characteristics but also with the learning environment and behavioral factors.

SHAP Local Findings

Local explanations were obtained using the SHAP method in order to analyze the model’s
decision-making mechanism at the local level. In this context, three different observations were
selected from the dataset: a typical successful student, a typical unsuccessful student, and a student
close to the decision boundary. Thus, not only the model’s decision-making process for a single
observation but also the explanation patterns across different student profiles were evaluated
comparatively.

(a) (b) fc)

study_effort
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Figure 3. Local Explanation Using a SHAP Waterfall Plot

The typical successful student shown in Figure 3(a) was correctly predicted by the model as
belonging to the “successful” class, and the probability value for the “successful” class was
calculated as 0.856. In this observation, academic engagement, self-regulation, academic motivation,
environmental support, and academic well-being variables were found to make positive
contributions, moving the student closer to the “successful” class. In particular, the high level of
academic engagement constituted the most prominent positive effect in the model decision. In
contrast, grade level and study effort variables were observed to produce limited negative
contributions.

For the typical unsuccessful student shown in Figure 3(b), the model’s predicted probability
for the “successful” class was 0.277. In this observation, grade level, environmental support, study
effort, and academic engagement variables made negative contributions and were influential in
directing the student toward the “unsuccessful” class. In particular, the negative effect of grade level
stands out as the main factor determining the model decision in this observation. However, mother’s
education level and digital learning access variables were observed to make limited positive
contributions.

In Figure 3(c), the student close to the decision boundary was predicted by the model as
belonging to the “successful” class, and the probability value for the “successful” class was
calculated as 0.533. This value is quite close to the decision threshold of 0.50. While grade level and
academic engagement variables contributed positively, sleep duration, academic motivation,
environmental support, and screen time variables contributed negatively. In addition, variables
related to departments were also observed to have a limited effect on the model output. This finding
indicates that the student is positioned at a sensitive point between the successful and unsuccessful
classes and that small changes may alter the model prediction.

Overall, it is observed that the model decisions in all three different observations were not
based on a single variable, but were formed through the combined effects of multiple variables such
as academic engagement, grade level, self-regulation, motivation, and environmental support. This
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finding supports the multidimensional structure of academic achievement and shows that SHAP local
explanations contribute to the interpretation of model decisions at the individual level.
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Figure 4. Local Explanation Using a SHAP Force Plot

The SHAP force plot presented in Figure 4 shows, in a holistic structure, the direction in
which the variables affect the model output for the same observation. In the plot, red-colored
variables represent a positive effect on the prediction, whereas blue-colored variables represent a
negative effect. Accordingly, grade level, academic engagement, and the department categories of
International Trade and Logistics (department 3) and Finance and Banking (department 1) are
observed to contribute positively, moving the observation closer to the “successful” class. In contrast,
sleep duration, academic motivation, environmental support, and screen time are observed to
contribute negatively, moving the observation closer to the “unsuccessful” class.

SHAP local analyses clearly reveal that the model’s decisions are formed as a result of
multiple variable interactions. This finding indicates that academic achievement cannot be explained
by a single factor and that individual and environmental variables should be evaluated together. In
addition, although the model made a correct classification, the fact that the probability of success
was close to the threshold value (0.53) indicates that this observation exhibits a profile close to the
decision boundary and that small changes may alter the class prediction.

LIME Local Findings

The LIME method was applied in order to examine the model’s decision-making mechanism
at the local level through a different XAI method. LIME analysis explains how the model’s decision
for a specific observation is shaped within the relevant ranges of the variables using a local linear
approach. In this context, the analysis was performed on the same three observations used in the
SHAP analysis in order to ensure consistency. Thus, it became possible to comparatively evaluate
the model decisions using different XAl methods. The LIME local explanation plot is presented in
Figure 5.
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Figure 5. LIME Local Explanation Plot

The LIME results presented in Figure 5 show the contributions of the variables to the model
prediction for each observation. In the plot, green-colored variables represent effects that move the
prediction closer to the “successful” class, while red-colored variables represent effects that direct it
toward the “unsuccessful” class.
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When the typical successful student shown in Figure 5(a) is examined, it is seen that
academic  engagement  (academic engagement >  4.38),  self-regulated  learning
(self regulated learning > 3.50), and academic motivation (academic_motivation > 4.55) positively
contributed to directing the student toward the “successful” class. In addition, variables such as the
student’s living with family in terms of residence type (residence type 1) < 0.00, father’s education
level (father education > 3.00), sleep duration (7.00 < sleep duration < 8.00), and social
participation (3.00 < social_participation <4.00) also contributed positively to the model. In contrast,
high grade level (grade level > 3.00), International Trade and Logistics department (department 3),
and screen time (screen_time < 5.00) were observed to produce negative contributions. These
findings indicate that academic engagement, self-regulation, and motivation were particularly
decisive in directing the student toward the “successful” class.

For the typical unsuccessful student presented in Figure 5(b), the LIME results show that
factors such as high grade level (grade level > 3.00) and low academic engagement
(academic engagement < 3.50) affected the model prediction toward the “unsuccessful” class. In
addition, moderate self-regulation (2.83 < self regulated learning < 3.33), low father’s education
level (father education < 1.00), and high study effort (study effort > 5.50) were also observed to
produce negative contributions. In contrast, the student’s living with family (residence type 1) <
0.00, International Trade and Logistics (department 3) < 0.00, 0.00 < Finance and Banking
department (department 1) < 1.00, low mother’s education level (mother education < 1.00), and low
active learning level (active learning < 3.50) were observed to make limited positive contributions
to the model output. Overall, it is understood that high grade level and low academic engagement
were the main factors determining the model decision in this observation.

When the LIME results for the student classified as “successful” and located close to the
threshold value in Figure 5(c) are examined, it is seen that low grade level (grade level < 1.00) and
high academic engagement (academic engagement > 4.38) were the strongest positive variables
directing the student toward the “successful” class. In addition, International Trade and Logistics
department (department_3) < 0.00, the student’s living with family (residence type 1) <0.00, 0.00
< Finance and Banking department (department 1) < 1.00, and gender < 0.00 also made limited
positive contributions. In contrast, low sleep duration (sleep duration < 6.00), low academic
motivation (academic_motivation < 4.00), low self-regulation (self regulated learning < 2.83), and
screen time (screen_time < 5.00) were observed to negatively affect the model output. These findings
indicate that the student had a profile close to the decision boundary and that the positive and negative
effects occurred at relatively similar levels.

Overall, the LIME analyses reveal that model decisions are shaped through specific variable
ranges and show that similar variables stand out in a manner that supports the SHAP findings. This
finding demonstrates that two different XAl methods produced consistent results and that the model’s
local decision-making mechanism can be interpreted reliably.

Results and Discussion

This study aimed to predict the academic achievement of university students using machine
learning methods and to interpret model decisions through XAI methods. The findings reveal that
academic achievement has a multidimensional structure and that this structure can be modeled more
effectively through nonlinear relationships.

When the performances of the machine learning models were compared, it was observed that
the RF model exhibited higher performance than the other models after hyperparameter optimization.
Following hyperparameter optimization, the RF model produced the most balanced results with 78%
accuracy and an F1 score of 0.79. The Support Vector Machine (SVM) model followed the RF model
with 76% accuracy and an F1 score of 0.77. In contrast, XGBoost (73% accuracy, 0.72 F1) and
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Logistic Regression (66% accuracy, 0.68 F1) models were found to exhibit lower performance. In
the literature, many studies on predicting academic achievement using machine learning report that
tree-based algorithms exhibit strong and competitive performance, particularly in complex and large
datasets (Guevara-Reyes et al., 2025; Saqr, 2024; Sun et al., 2026; Wang & Luo, 2024). These
findings indicate that the relationships among the variables affecting academic achievement have a
complex and interactive structure rather than a linear one.

The comparison of model performances on the training and test datasets showed that
overfitting occurred in some models. In particular, although the RF and XGB models achieved 100%
accuracy and F1 scores on the training dataset, their performances decreased to 76% and 66%,
respectively, on the test dataset, indicating that these models overfitted the training data. In contrast,
the SVM model exhibited a more balanced structure between training performance (90% accuracy)
and test performance (76% accuracy), showing that the model was more stable in terms of
generalizability. However, the final model selection was not based solely on the difference between
training and test performance, but also on the optimized performance values obtained through cross-
validation and the independent test dataset, as well as the balance of classification performance (the
balance between precision and recall and the F1 score). In this context, the RF model’s higher
accuracy (0.78) and F1 score (0.79) on the test dataset, together with its more balanced precision-
recall structure, indicate that the model provided higher predictive performance than the other models
in the application context.

After hyperparameter optimization, an increase in performance was observed across all
models. This finding indicates that appropriate hyperparameter selection has a significant effect on
model performance (Dewi et al., 2025; Dhilsath & Samuel, 2021). The findings reveal that model
performance in academic achievement prediction problems depends not only on algorithm selection
but also on configuring the model specifically for the dataset.

Another dimension of the study is the detailed analysis of model results using XAI methods.
SHAP analyses showed that the most influential variables in predicting academic achievement were
grade level, academic engagement, environmental support, self-regulation, and academic motivation.
These findings are consistent with previous studies emphasizing the determining role of variables
such as engagement, study behaviors, and motivation on academic achievement (Ahmed et al., 2025;
Alkan, 2026; Cleary & Kitsantas, 2017; Morosanova et al., 2022; Wang & Holcombe, 2010). This
finding reveals that academic achievement is closely associated with students’ active participation in
learning processes and the environmental conditions in which they are situated.

SHAP summary plots revealed not only the importance levels of the variables but also the
direction of their effects on the model output. In particular, an increase in grade level was found to
have a negative effect on the probability of success. In contrast, high levels of academic engagement,
self-regulation, and academic motivation were observed to have a positive effect on achievement.
Some variables, such as digital learning access, age, and parental education level, were found to
contribute relatively less to the model decision-making process.

Local-level SHAP and LIME analyses show that model decisions are shaped by the joint
effects of variables across different student profiles. In the findings related to the typical successful
student, academic engagement, self-regulation, academic motivation, environmental support, and
academic well-being emerged as the main factors strengthening the prediction of success. In contrast,
in the typical unsuccessful student observation, variables such as grade level, low academic
engagement, and environmental support were found to direct the model decision toward the
unsuccessful class. In the observation close to the decision boundary, the success probability was
calculated as 0.533, indicating that the positive and negative variable contributions were at similar
levels in this student profile. This finding reveals that, in some observations, model predictions are
based on a delicate balance rather than a clear-cut distinction, and that small changes in variables
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may affect the classification result. The fact that SHAP and LIME results point to similar variables
supports the consistency of local explanations and increases the interpretability of the model’s
decision-making mechanism. In this context, the findings indicate that academic achievement can be
explained not only by individual characteristics but also by the combined effects of multiple factors
such as academic engagement, motivation, self-regulation, and environmental support.

The LIME analysis results also supported the SHAP findings and showed that similar
variables were decisive in the model’s decision-making process. The fact that both methods produced
consistent results increases the interpretability of the model and the reliability of the findings
obtained (Sathyan et al., 2022). This situation demonstrates that XAl methods eliminate the “black-
box” nature of machine learning models and make decision-making processes more transparent
(Rane et al., 2024; Samek et al., 2021).

Overall, it is seen that academic achievement cannot be explained by a single variable; rather,
it is a complex structure that emerges as a result of the interaction of individual, behavioral, and
environmental factors. This finding indicates that educational processes should be planned not only
based on academic content but also by considering students’ learning behaviors, motivation levels,
and environmental conditions.

This study has several limitations. First, the dataset was obtained from students studying in
a specific faculty of a single university. This situation may limit the generalizability of the findings.
Since the survey method used in the data collection process was based on self-report, it may involve
bias. In addition, the fact that comprehensive psychometric validity and reliability analyses were not
conducted for the thematic composite variables used in the study should be considered one of the
important methodological limitations regarding the measurement structure.

Furthermore, transforming the academic achievement variable into a binary class limits the
more detailed analysis of achievement levels. The use of cross-sectional data in the study does not
allow causal relationships between variables to be established. In addition, the overfitting problem
observed in some models can be considered a limitation related to the size and structure of the dataset.

In future research, the generalizability of model results can be improved by collecting data
from different universities and larger samples. In addition, longitudinal data can be used to examine
changes over time in the factors affecting academic achievement.

In terms of educational practices, it is recommended that student support programs focus on
areas such as academic engagement, self-regulation, and motivation, considering their determining
role in achievement. In addition, improving students’ environmental and socioeconomic conditions
can be considered an important strategy for enhancing academic achievement.

Finally, the more widespread use of XAI methods in the field of machine learning will
contribute not only to examining prediction accuracy but also to making decision-making processes
more transparent and interpretable and to supporting data-driven decision-making.
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Universite Ogrencilerinin Akademik Basarisinin Makine Ogrenmesi ile Tahmini:
Aciklanabilir Yapay Zeka Temelli Bir Analiz

Giris

Akademik basari, egitim 6gretim kurumlarinin temel performans gostergelerinden biri olarak
egitim sisteminin kalitesini, 6grenci gelisimini ve kurumsal etkinligi yansitan kritik bir olgiittiir.
Akademik basarmin dlgiilmesinde, genel basart testi puanlart veya genel akademik ortalama goz
onlinde bulundurulmaktadir. Ancak akademik basari, yalnizca biligsel faktorlerle sinirli olmayip;
psikolojik ve sosyal degiskenlerin etkilesimiyle sekillenen ¢ok boyutlu yapiya sahiptir (Karaagac
Cingoz vd., 2025). Bu nedenle, akademik basariy1 etkileyen faktorlerin biitiinciil bi¢imde analiz
edilmesi, egitimciler ve politika yapicilar agisindan kritik bir 6nem tagimaktadir.

Geleneksel istatistiksel yontemler, degiskenler arasindaki dogrusal iliskileri agiklamada
etkili olmakla birlikte, giinlimiiz egitim verilerinin ¢ok boyutlu ve dogrusal olmayan yapisini
modellemede sinirli kalabilmektedir (Kyriazos & Poga, 2024). Dogrusal olmayan iliskiler, sosyal
davranislarin ve psikolojik siireglerin anlasilmasinda kritik bir 6neme sahiptir. Bu baglamda makine
Ogrenmesi algoritmalari, veri icerisindeki karmasik oriintiileri ortaya ¢ikarma ve yiiksek dogrulukta
tahminler saglayabilmektedir (Przybys-Mataczek vd., 2023). Ozellikle Lojistik Regresyon (LR),
Random Forest (RF), Destek Vektor Makineleri (DVM) ve XGBoost (XGB) gibi makine 6grenmesi
algoritmalari, akademik basar1 tahmini ¢alismalarinda yaygin olarak kullanilan giiclii yontemler
arasinda yer almaktadir.

Son yillarda yapay zeka uygulamalarinin egitim, saglik, tarim gibi bircok farkli alanda
kullanilmaya baglandig1 goriilmektedir (Sonmez & Zengin, 2023; Yildiz, 2025). Yapay zekanin alt
alanlarindan biri olan makine &grenmesi veri temelli tahmin siireclerinde onemli avantajlar
saglamaktadir. Bu dogrultuda makine Ogrenmesi algoritmalari, karmasik ve c¢ok boyutlu veri
yapilarindan oriintiiler 6grenme ve tahminsel modeller olusturma kapasiteleri sayesinde akademik
basar1 tahmini alaninda yaygm olarak kullanilmaktadir (Guanin-Fajardo vd., 2024; Hashim vd.,
2020; Metin, 2025; Nayak vd., 2023; Ozdemir vd., 2026; Yagci, 2022). Literatiirde akademik basar1
tahminine yonelik cok sayida makine Ogrenmesi temelli calisma bulunmasina ragmen, bu
caligmalarin biiyiik bir kismi model performansina odaklanmakta ve model kararlarinin nasil
olustugunu yeterince agiklamamaktadir. Nitekim, Boujmiraz ve ark. (2026) tarafindan
gerceklestirilen ve 6grenci akademik basarisi tahmininde kullanilan yaklagimlart biitiinciil olarak
inceleyen derleme c¢alismasinda, kara kutu modeller kullanan arastirmalarin yalnizca %14’ tiinde
aciklanabilir yapay zeka (Explainable Artificial Intelligence-XAI) yontemlerine yer verildigi
belirtilmektedir. Bu durum, yorumlanabilirlik boyutunun sinirh kaldigim ortaya koymaktadir. Oysa
egitim gibi yiiksek etkili karar siireclerinde yalnizca dogru tahminler iiretmek yeterli olmayip, bu
tahminlerin hangi faktorlere dayandiginin anlasilmasi da biiylik dnem tasimaktadir. Bu gereklilik,
aciklanabilir yapay zeka yontemlerinin 6nemini artirmigtir. SHapley Additive exPlanations (SHAP)
ve Local Interpretable Model-agnostic Explanations (LIME) gibi yontemler, model kararlarinin hem
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kiiresel hem de yerel diizeyde yorumlanmasina olanak tantyarak bu alandaki énemli bir boslugu
doldurmaktadir.

Bununla birlikte, akademik basarinin tahmininde agiklanabilir yapay zekd yontemlerinin
modelleme siirecine entegre edildigi calismalar da bulunmaktadir (Ahmed vd., 2025; Guevara-Reyes
vd., 2025; Paul vd., 2025). Bu ¢aligmalar akademik basariy1 cogunlukla akademik, yapisal ve sistem
diizeyindeki degisken gruplari lizerinden modellemektedir. Bu calisma ise, akademik basariy1
etkileyen demografik, davranigsal, akademik ve ¢evresel faktorleri birlikte kapsayan, anket temelli
Ozgiin bir veri seti izerinden, makine 6grenmesi modellerinin performansini agiklanabilir yapay zeka
ile biitiinciil bir gercevede analiz ederek literatiire metodolojik ve uygulamali katki sunmay1
amaclamaktadir. Ayrica anket yontemiyle elde edilen veriler iizerinde dznitelik olusturma siireci
uygulanmig, degiskenler tematik boyutlar altinda birlestirilerek modelleme igin veri seti
olusturulmustur. Akademik basar1 degiskeni ise siniflandirma problemlerine uygun hale getirilerek
Ogrenciler “basarili” ve “basarisiz” olarak ikili bi¢imde ele alinmisgtir.

Caligmanin temel katkilarindan biri, model sonuglarinin agiklanabilirligine odaklanmasidir.
Aciklanabilir yapay zeka, makine Ogrenmesi modellerinin kararlarinin insanlar tarafindan
anlasilabilir ve yorumlanabilir hale getirilmesini amaglayan yontem ve yaklasimlar biitiiniidiir. Bu
calismada agiklanabilir yapay zeka yontemlerinden SHAP ve LIME yontemleri kullanilmistir. Bu
kapsamda SHAP yontemi ile degiskenlerin model {izerindeki kiiresel ve yerel etkileri analiz
edilirken, LIME yo6ntemi ile bireysel tahminlerin yerel diizeyde nasil olustugu incelenmistir. Bu
yaklasim, akademik basari tahminine iligskin bulgularin yalnizca performans agisindan degil, ayni
zamanda yorumlanabilirlik a¢isindan da degerlendirilmesine olanak saglamaktadir.

Sonug olarak, akademik basariy1 etkileyen ¢ok boyutlu faktorlerin karmasik yapisi, bu
basarinin dogru ve genellenebilir bigimde tahmin edilmesini ve model kararlarinin anlasilmasini
zorlastirmaktadir. Bu ¢alisma, makine 6grenmesi ve agiklanabilir yapay zeka yontemlerini biitiinciil
bir ¢ercevede ele alarak 6zgiin veri seti lizerinden hem yiiksek performansli tahminler iiretmeyi hem
de bu tahminlerin altinda yatan karar mekanizmalarini ortaya koymay1 hedeflemektedir. Bu yoniiyle
calisma, akademik basari tahmini literatiiriine performans ve yorumlanabilirligi birlikte ele alan
biitiinciil bir yaklagim sunmaktadir?.

Bu temel amag¢ dogrultusunda, akademik basari tahminine iliskin model performansi ve
model kararlarinin agiklanabilirligi baglaminda asagidaki alt arastirma sorularina yanit aranmistir:

» Farkli makine 6grenmesi algoritmalari, {iniversite 6grencilerinin akademik basarilarini
tahmin etmede nasil bir performans gostermektedir?

* Hiperparametre optimizasyonu, model performansini ne dl¢iide etkilemektedir?

* Akademik basariy1 etkileyen en 6nemli degiskenler nelerdir?

2 Yapay zekd ve iiretken yapay zeka uygulamalarinin sosyal bilimler, egitim, dil ve edebiyat, din bilimleri, iletisim, ekonomi
ve diger akademik disiplinlerde kullanimi; arastirma, veri analizi, igerik iiretimi, 6gretim ve 6grenme siireclerine etkileri
ile yapay zekanin sundugu imkanlar, simirliliklar ve etik sorunlari farkli agilardan ele alan 6rnek ¢alismalar igin ayrica bk.
Denizci et al. 2018, Baran 2022, Keles & Keles, 2018; Karadag, 2025; Coskun, 2025; Ahmed & Hamod, 2026; Arict &
Karaci, 2013; Keles & Keles, 2017; Keles et al., 2017; Bekil, 2018; Keles, 2018; Sergemeli, 2018; Akyildiz & Akyildiz,
2020; Isik & Dar1, 2023; Abdulrazagova et al., 2025; Argin 2025; Tetik Kiigiikelgi, 2025; Cakmak, 2025; Yildirim Altun,
2025; Zan & Zan, 2025; Mazlum & Mazlum, 2025; Yildiz, 2025; Basar, 2025; Tugcu, 2025; Ozdemir, 2026; Cora et al.,
2026; Biiyiikboyaci & Yozcu, 2026; Ardaturk, 2026; Ardug Kara, 2026; Ertan, 2026; Ahmed & Hamod, 2026; Efendioglu,
2023; Celik et al., 2025; Dogru & Hacimiiftiioglu, 2025; Kogakoglu & Kogakoglu, 2025; Ekinci, 2025; Sakin & Tiirk,
2025; Askun, 2024; Yener & Kose, 2023; Romya Bilgin & Kiigiiksabanoglu, 2023; Cark, 2020; Kanat, 2020; Altindis,
2020; Zenginaloglu, 2026; Dalmus, 2026; Olger, 2025; Saribas, 2025; Karakus et al., 2025; Giizel, 2024; Kizildag, 2023;
Odacioglu, 2022, Erdem-Demiryakan 2025, 2026, Civelek 2025, Giinay 2025, Onen 2025, Ozdemir 2025; Sandikc1 & Soy
2026; Ardug Kara 2026; Ertan 2026; Uygun 2026; Yilmaz 2025; Kan Celik 2026; Bayat Arslan & Cuma 2026; Koksal &
Zorlu Kale 2025; Varol 2025; Ahmed & Hamod 2026; Efendioglu 2023; Sert 2026; Giigliiten 2026.
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* Aciklanabilir yapay zekd yontemleri (SHAP ve LIME), model kararlarinin
yorumlanmasina nasil katki saglamaktadir?

Yontem
Arastirma Modeli

Bu calisma, {iniversite 6grencilerinin akademik basart durumlarinin makine 6grenmesi
yontemleri ile tahmin edilmesini ve model kararlarinin agiklanabilir yapay zeka yontemleri ile
yorumlanmasini amaglamaktadir. Bu arastirma modeli; veri toplama, 6znitelik olusturma, model
gelistirme, hiperparametre optimizasyonu ve agiklanabilirlik analizlerinden olugmaktadir.

Aragtirma kapsaminda dncelikle anket yontemi ile elde edilen ham veriler iizerinde 6znitelik
olusturulmustur. Kavramsal olarak benzer degiskenler tematik boyutlar altinda birlestirilerek yeni
degiskenler elde edilmistir.

Modelleme siirecinin ilk agamasinda, makine dgrenmesi algoritmalarinin performanslarini
degerlendirmek amaciyla modeller varsayilan parametreler ile ele alinmis ve veri seti lizerinde 5 katli
capraz dogrulama uygulanmistir. Bu yontem, veri setinin farkli alt kiimelere béliinerek modelin her
bir alt kiime tizerinde egitilip test edilmesini saglayarak modelin asir1 6grenme riskini azaltmakta ve
daha dengeli bir performans dl¢limii sunmaktadir. Bu agsama, modellerin veri seti tizerindeki temel
performans diizeylerini ve genellenebilirlik egilimlerini ortaya koymak amaciyla gergeklestirilmistir.

Bir sonraki asamada, modellerin daha gergek¢i performanslarinin degerlendirilebilmesi
amaciyla veri seti %80 egitim ve %20 test olacak sekilde ikiye ayrilmistir. Egitim veri seti modelin
o0grenme siirecinde kullanilirken, test veri seti modelin daha 6nce gormedigi veriler tizerindeki
performansini 6lgmek amaciyla kullanilmistir. Model performanslari, egitim siirecinde 5 katli gapraz
dogrulama ile degerlendirilmistir. Nihai model performanslari ise bagimsiz test veri seti iizerinde
raporlanmistir. Bu yaklasim, modelin genellenebilirligini degerlendirmek ve asirt 6grenme riskini
azaltmak ac¢isindan 6nem tasimaktadir.

Devaminda, model performansini artirmak amaciyla hiperparametre optimizasyonu
uygulanmistir. Bu kapsamda Grid Search ve Optuna yontemleri kullanilarak her model i¢in en uygun
hiperparametre kombinasyonlar1 belirlenmistir. Optimizasyon siirecinde elde edilen sonuglar
karsilastirilarak en yiiksek performansi saglayan model secilmistir.

Son agamada ise secilen model iizerinde aciklanabilir yapay zeka yontemlerin uygulanmistir.
Bu kapsamda SHAP yontemi ile modelin kiiresel ve yerel diizeyde degisken 6nemleri analiz edilmis,
LIME yo6ntemi ile bireysel tahminlerin yerel diizeyde nasil olustugu incelenmistir. Boylece modelin
yalnizca tahmin performansi degil, ayn1 zamanda karar mekanizmasi da kapsamli bigcimde
degerlendirilmistir.

Bu siire¢ dogrultusunda olusturulan arastirma modeli Sekil 1°de sunulmaktadir.
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Sekil 1. Arastirma Modeli

Bu c¢alismada veri 6n isleme, modelleme ve analiz siiregleri Python programlama dili
kullanilarak gergeklestirilmistir. Makine Ogrenmesi modellerinin gelistirilmesinde scikit-learn,
hiperparametre optimizasyonunda GridSearchCV ve Optuna, XGBoost modellemesinde XGBoost,
aciklanabilir yapay zeka analizlerinde ise SHAP ve LIME Kkiitliphanelerinden yararlanilmistir.

Veri Seti ve Cahsma Grubu

Bu ¢alismada kullanilan veri seti, liniversite 6grencilerinden anket yontemiyle elde edilmis
olup toplam 353 katilimciya ait gozlemleri icermektedir. Arastirmanin 6rneklemi, aragtirmacinin
erisim kolaylig1 nedeniyle Bolu Abant izzet Baysal Universitesi Gerede Uygulamali Bilimler
Fakiiltesi’'nde 6grenim goéren Ogrenciler arasindan kolayda oOrnekleme yontemiyle secilmistir.
Kolayda 6rnekleme, arastirmacinin ulasmasi en kolay, erisilebilir ve hazir olan bireyleri 6rneklem
olarak sectigi bir 6rnekleme yontemidir (Cohen vd., 2018). Veri toplama siirecinde, dgrencilerin
demografik, akademik, davranigsal, dijital ve sosyoekonomik 6zelliklerini kapsayan ¢ok boyutlu bir
yap1 benimsenmistir. Bu kapsamda, aragtirmaci tarafindan hazirlanan 38 soruluk anket araciligryla
elde edilen verilerle veri seti olusturulmustur. Veri setinde bdliim, yas, cinsiyet, sinif diizeyi, ebeveyn
egitim durumu ve ikamet tiirii gibi demografik degiskenlerin yani sira, 6grencilerin akademik
siireclerine iliskin davranissal ve psikososyal 6zellikleri yansitan degiskenler de yer almaktadir. Veri
setinde yer alan degiskenler, akademik basariy1 etkileyen motivasyon, 6z-diizenleme, akademik
katilim, c¢alisma aligkanliklari, ebeveyn egitimi ve sosyoekonomik/gevresel destek gibi faktorleri
inceleyen Onceki arastirmalarin bulgularina dayali olarak belirlenmistir (Credé & Kuncel, 2008; Fan
& Chen, 2001; Richardson vd., 2012; Sirin, 2005; Tao vd., 2022). Tematik yapilarin
olusturulmasinda, literatiirde akademik basari ile iliskili oldugu gosterilen kavramsal yapilar dikkate
alimmistir. Benzer davranissal, motivasyonel ve ¢evresel 6zellikleri temsil eden maddeler ayni tema
altinda birlestirilmistir. Ancak calisma kapsaminda bu tematik yapilarin psikometrik 6zelliklerini
degerlendirmeye yonelik kapsamli gegerlik ve giivenirlik analizleri gerceklestirilmemistir. Bu
durum, olusturulan bilesik degiskenlerin gecerligi ve i¢ tutarliligi agisindan ¢aligmanin metodolojik
smirliliklarindan biri olarak degerlendirilmelidir. Bununla birlikte, 6rneklemin tek bir tiniversitenin
belirli bir fakiiltesi ile sinirh olmasi ve kolayda ornekleme yonteminin kullanilmasi, elde edilen
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bulgularin genellenebilirligini sinirlayan énemli bir metodolojik kisit olarak degerlendirilmelidir.
Elde edilen tematik yap1 ve kodlanmis degiskenler Tablo 1°de sunulmaktadir. Her bir tema icin ilgili
maddelerin aritmetik ortalamasi alinarak yeni degiskenler olusturulmustur.

Tablo 1: Universite Ogrencilerinin Akademik Basarilarimi Etkileyen Degiskenlerin Tematik
Smiflandirilmasi ve Kodlanmasi

Tema Kodlanmis Degisken Maddeler (Gozlenen Degiskenler)
Adi
Akademik Basarn gno Ogrencinin Genel Not Ortalamasi (70 ve iizeri
basarili, alt1 basarisiz olarak siniflandirilmustir)
department 1 Finans ve bankacilik boliimii
department 2 Pazarlama bolimii
department 3 Uluslararasi ticaret ve lojistik boliimii
age Ogrencinin yast
Demografik Ozellikler gender Ogrencinin cinsiyeti

Oz-Diizenleme

Akademik Motivasyon

Aktif Ogrenme
Davraniglari

Akademik Katilim

Akademik Iyi Olus

Dijital Ogrenme
Olanaklar1

Cevresel ve

grade level
mother _education
father education
residence_type 1
residence_type 2
residence type 3
self regulated learning

academic_motivation

active_learning

academic_engagement

academic_wellbeing

digital learning_access

environmental support

Ogrencinin smif diizeyi

Annenin egitim diizeyi

Babanin egitim diizeyi
Ogrencinin aile evinde barmmast

Ogrencinin 6grenci yurdunda barmmasi
Ogrencinin diger barinma yerleri
Haftalik diizenli bir ¢caligma plan1 uygularim.
Ders tekrarlarini diizenli yaparim.
Sinavlara planlt hazirlanirim.

Ders ¢alisirken dikkatimi siirdiirebilirim.
Derse girmeden 6nce konuyu gézden gegiririm.
Zamanimi planli kullanirim.
Akademik olarak ilerlemek benim igin dnemlidir.
Ogrendiklerimin gelecegim icin degerli oldugunu
diistiniiyorum.

Hedeflerim dogrultusunda ¢aligirim.

Caba gosterdigimde basarili olabilecegime
inanirim.

Zorlandigim durumlarda ¢6ziim {iiretebilirim.
Anlamadigim konularda yardim isterim.
Ogrenmek igin farkl kaynaklardan yararlanirim.
Derslerde aktif katilim gosteririm.

Grup ¢alismalar1 6grenmemi destekler.
Derslere diizenli devam ederim.
Derslere hazirlikli gelirim.

Akademik stresimi yonetebiliyorum.

Sinav dénemlerinde kendimi dengede hissederim.
Uyku diizenim yeterlidir.

Yapay zeka araglarini 6grenme stirecinde
kullanirim.

Ders calismak i¢in gerekli dijital araglara kolayca
erigebilirim.

Barinma kosullarim ders ¢aligmami destekler.

Sosyoekonomik Destek Ekonomik durumum egitim hayatimi
stirdiirebilmem i¢in yeterlidir.
Ulagim kosullarim ders diizenimi destekler.
Calisma ortamim verimli ders ¢alismaya uygundur.
Akademik Calisma study_effort Haftalik ders dis1 ¢alisma siiresi(saat).
Yogunlugu Haftalik kiitiiphane/etiit kullanim siiresi(saat).
Ekran Kullanimi screen_time Gilinliik ekran siiresi (saat).
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Uyku Siiresi sleep duration ) Giinliik uyku siiresi (saat).
Sosyal Katilim social participation Universite/kampiis i¢i sosyal etkinliklere katilirim.

Oznitelik olusturma sonucunda, baslangicta 38 olarak gdzlenen degisken sayisi, tematik
bilesik degiskenler araciligiyla azaltilmis ve hedef degisken (GNO) dahil olmak iizere toplam 19
degiskenden olusan bir veri seti elde edilmistir. Bu say1 kavramsal degisken sayisini ifade etmektedir.
Modelleme siirecinde nominal yapiya sahip boliim (department) ve ikamet tiirii (residence type)
degiskenleri one-hot encoding yontemi ile doniistiiriilmiis olup makine 6grenmesi modellerine giren
nihai 6znitelik sayis1 23’e yiikselmistir.

Bu galismada bagimli degisken olarak 6grencilerin akademik basar1 diizeyini temsil eden
GNO kullanilmigtir. Ancak makine &grenmesi siniflandirma modellerine uygunluk saglamak
amaciyla bu degisken ikili sinifa doniistiiriilmustiir. Esik degeri belirlenirken veri setine ait GNO
ortalamas1 (68.80) dikkate alinmig ve bu degerin egitim sistemlerinde yaygin olarak kullanilan
degerlendirme sinirlara karsilik gelen en yakin tam sayi1 olan 70 puana yuvarlanmasi tercih
edilmistir. Boylece, hedef degisken dengeli bir dagilim gostermis ve belirlenen esik degeri hem veri
dagilimina dayali bir referans noktasi hem de egitim uygulamalarinda anlamli bir basari sinir1 olarak
belirlenmistir. Bu dogrultuda 6grenciler “basarili” (GNO > 70) ve “basarisiz” (GNO <70) olarak
siniflandirilmistir. Bu doniisiim, siirekli bir degiskenin siniflandirma problemlerine uygun hale
getirilmesini saglamigstir. Ayrica, veri setinin gorece sinirlt biiyiikliigii (n=353) ve anket temelli yapisi
dikkate alindiginda, siirekli degiskenlerin tahminine yonelik regresyon modellerinin daha yiiksek
varyans iretme riski bulunmaktadir. Bu nedenle, modelin genellenebilirligini artirmak ve daha
dengeli performans elde etmek amaciyla siniflandirma yaklagimi tercih edilmistir.

Sonug¢ olarak, demografik, davranigsal ve g¢evresel boyutlar1 biitiinciil bigimde igeren,
tematik olarak yapilandirilmis ve 6znitelik olusturma siireci igeren ve makine 6grenmesi modellerine
uygun hale getirilmis bir veri seti olusturulmustur.

Ayrica bu ¢alismada kullanilan anket icin gerekli etik kurul izni, Bolu Abant Izzet Baysal
Universitesi Sosyal Bilimler Insan Arastirmalari Etik Kurulu’nun 2026/03 sayili toplantisinda
verilmis olup bagvuru etik acidan uygun bulunmustur (Protokol No: 2026/212). Veri toplama
siirecinde katilimcilardan goniillii katilim esasina dayali olarak bilgilendirilmis, katilimcilarin kimlik
bilgileri toplanmamis ve tim veriler anonimlestirilmistir. Elde edilen veriler yalnizca bilimsel
aragtirma amaciyla kullanilmistir.

Veri On Isleme Siireci

Makine 6grenmesi modellerinin dogru ve giivenilir sonuglar {iretebilmesi i¢in veri setinin
analiz dncesinde uygun sekilde hazirlanmasi gerekmektedir. Bu dogrultuda, ¢alismada kullanilan
veri seti veri On igleme siirecinden gegirilmistir.

Calismada kullanilan makine 6grenmesi algoritmalarinin bazilar1 (6rnegin DVM ve LR)
degisken oOlgeklerine duyarli oldugundan, veri setine standardizasyon islemi uygulanmigtir. Bu
kapsamda degiskenler, ortalamasi O ve standart sapmasi 1 olacak sekilde olgeklendirilmistir.
Olgekleme islemi yalmzca egitim verisi iizerinde 6grenilmis ve ayni ddniisiim parametreleri test
verisine uygulanmistir.

Veri 6n isleme siireci kapsaminda ayrica hedef degisken uygun bigimde kodlanarak modele
hazir hale getirilmistir. Hedef degiskenin “basarisiz” ve “basaril” siiflar sirasiyla O ve 1 olarak
temsil edilmistir. Nominal yapiya sahip bolim (department) ve barinma tiirii (residence type)
degiskenleri, kategoriler arasinda yapay bir siralama iliskisi olugsmasini 6nlemek amaciyla one-hot
encoding yontemi ile temsil edilmistir. Ikili yapidaki cinsiyet (gender) degiskeni binary kodlama ile
modele dahil edilirken, dogal siralama iceren smf diizeyi (grade level), anne egitim diizeyi
(mother education) ve baba egitim diizeyi (father education) degiskenlerinde kategoriler arasindaki
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siral1 yap1 korunarak ordinal kodlama tercih edilmistir. Diger siirekli degiskenler ise mevcut sayisal
yapilar korunarak modele dogrudan dahil edilmistir.

Makine Ogrenmesi Modelleri

Bu calismada, 6grencilerin akademik basari durumlarini tahmin etmek amaciyla farkli
modelleme yaklagimlarini temsil eden dort makine 6grenmesi algoritmasi kullanilmigtir. Kullanilan
modeller asagida agiklanmigtir.

LR, temel olarak bir veri 6rneginin belirli bir sinifa ait olma olasiligim tahmin etmek i¢in
kullanilir. En yaygin kullanim alani, sonucun iki olast durumdan biri oldugu "ikili siniflandirma”
problemleridir (Géron, 2019).

RF, ¢ok sayida karar agacinin kolektif bir yapida birlesmesiyle ¢aligan hem regresyon hem
de siniflandirma problemlerinde yiiksek performans gdsteren etkili bir topluluk 6grenmesi (ensemble
learning) yontemidir (Breiman, 2001). Algoritma, bootstrap ornekleme (bagging) ve rastgele
Oznitelik se¢cimi mekanizmalar1 sayesinde ¢ok sayida karar agaci olusturur. Bu agaclarin ¢iktilari
birlestirilerek tek bir karar agacina kiyasla daha yiiksek dogruluk ve daha giiglii genelleme yetenegine
sahip bir model elde edilir.

DVM, hem lineer hem de lineer olmayan siniflandirma, regresyon ve aykiri deger belirleme
islemlerinde kullanilabilen, oldukca esnek ve etkili bir makine 6grenmesi algoritmasidir. Ozellikle
ylksek karmasikliga sahip, kii¢iikk veya orta biiyiikliikkteki veri kiimelerinde sergiledigi yiiksek
performansla 6ne ¢ikar (Géron, 2019).

XGB, makine 6grenmesinde sik¢a kullanilan Gradyan Artirma (Gradient Boosting)
algoritmasinin optimize edilmis, popiiler ve yiiksek performansli bir uygulamasidir (Géron, 2019;
Raschka vd., 2022).

Bu algoritmalarin birlikte kullanilmas1 hem dogrusal hem de dogrusal olmayan iliskilerin
kapsamli bigimde analiz edilmesine olanak tanimis ve akademik basariyi etkileyen faktorlerin farkli
modelleme perspektifleri ¢ercevesinde karsilastirmali olarak degerlendirilmesini miimkiin kilmistir.

Hiperparametre Optimizasyonu

Makine 6grenmesi modellerinin performansi, yalnizca kullanilan algoritmaya degil, ayni
zamanda bu algoritmalara ait hiperparametrelerin dogru sekilde belirlenmesine de baglidir.
Hiperparametreler, model egitim siirecinde 6grenilmeyen ancak modelin davranigini dogrudan
etkileyen parametrelerdir. Bu nedenle, uygun hiperparametre kombinasyonlarinin belirlenmesi
model performansini 6nemli 6l¢ilide artirabilmektedir.

Bu ¢alismada, kullanilan makine 6grenmesi algoritmalarinin hiperparametrelerini optimize
etmek amaciyla Grid Search ve Optuna olmak iizere iki farkli yontem birlikte kullanilmustir.

Grid Search yontemi, 6nceden tanimlanmis bir hiperparametre arama uzayi icerisindeki tim
olas1 kombinasyonlar: sistematik olarak degerlendiren deterministik bir optimizasyon yaklagimidir.
Bu yontemde, her bir parametre kombinasyonu ¢apraz dogrulama siireci ile test edilmekte ve en
yiiksek performans: saglayan parametre seti segilmektedir. Grid Search yOntemi, arama uzayinin
tamamin1 kapsamasi nedeniyle giivenilir sonuclar sunmakla birlikte, 6zellikle parametre sayisinin ve
araliklarinin genis oldugu durumlarda hesaplama maliyetinin yiiksek olmasi 6énemli bir smirlilik
olarak degerlendirilmektedir.

Optuna, hiperparametre optimizasyonu igin gelistirilmis, modern ve adaptif bir arama
algoritmasidir. Bu yontem, Bayesian optimizasyon yaklasimina benzer sekilde, 6nceki denemelerden
elde edilen sonuglart kullanarak sonraki denemelerde daha umut verici hiperparametre
kombinasyonlarin1 segmektedir. Boylece arama siireci daha verimli hale gelmekte ve daha kisa
stirede daha iyi sonuglar elde edilebilmektedir. Optuna’nin en dnemli avantajlarindan biri, arama
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siirecinde gereksiz denemeleri azaltarak hesaplama maliyetini diisiirmesi ve genis parametre
uzaylarinda daha etkin bir kesif saglamasidir.

Hiperparametre optimizasyon siirecinde veri seti, sinif dagilimi korunacak sekilde (stratify
=y) %80 egitim ve %20 test verisi olarak ayrilmigtir. Tiim modellerde 5 katli Stratified K-Fold
capraz dogrulama yapisi kullanilmis olup (n_splits = 5, shuffle = True, random_state = 42),
hiperparametre optimizasyonunda degerlendirme 6lgiitii olarak F1 skoru esas alinmistir. Grid Search
siirecinde her model i¢in Onceden tanimlanan parametre araliklart kullanilirken, Optuna
optimizasyonunda her model igin 15 deneme (n_trials = 15) gergeklestirilmistir. Calismada
tekrarlanabilirligi saglamak amaciyla veri bélme ve modelleme siireglerinde random_state = 42
degeri kullanilmistir. Nihai model seciminde ise Grid Search ve Optuna yontemleri arasindan test
veri setinde daha yiiksek F1 skoru elde eden model tercih edilmistir. Hiperparametre optimizasyon
siirecinde kullanilan hiperparametre araliklar1 Tablo 2’de sunulmustur.

Tablo 2: Grid Search ve Optuna Siireclerinde Kullanilan Hiperparametre Araliklar

Model Optimizasyon Yontemi Hiperparametre Aralik / Degerler
LR Grid Search C [0.01, 0.1, 1, 10]
class weight [None, balanced]
Optuna C 0.01-10 (logaritmik)
class weight [None, balanced]
RF Grid Search n_estimators [200, 300]
max_depth [None, 5, 10]
Optuna n_estimators 100-500
max_depth 3-15
DVM Grid Search C [0.1, 1, 10]
kernel [rbf, linear]
Optuna C 0.1-10 (logaritmik)
kernel [rbf, linear]
XGB Grid Search n_estimators [200, 300]
max_depth [3,5,7]
learning_rate [0.01, 0.05, 0.1]
Optuna n_estimators 100-500
max_depth 3-9
learning_rate 0.01-0.20

Model Performans Olgiitleri

Bu calismada gelistirilen makine 6grenmesi modellerinin performanslari, siniflandirma
problemleri i¢in literatiirde yaygin olarak kullanilan ¢coklu degerlendirme 6l¢iitleri kullanilarak analiz
edilmistir. Model performansinin tek bir dlgiite dayali olarak degerlendirilmesi yaniltici sonuglara
yol agabileceginden, farkli yonleri 6lgen birden fazla performans metrigi birlikte ele alinmustir.

Bu kapsamda modellerin performans: dogruluk, kesinlik, duyarlilik, F1 skoru ve ROC-AUC
(Receiver Operating Characteristic-Area Under Curve) olgiitleri kullanilarak degerlendirilmistir.
Ayrica her bir model i¢in karigiklik matrisleri (confusion matrix) incelenerek dogru ve hatali
siniflandirmalarin dagilimi analiz edilmistir.

Dogruluk, modelin toplam gozlemler icerisindeki dogru smiflandirma oranimi ifade
etmektedir. Ancak smif dagilimimin dengesiz oldugu durumlarda tek bagma yeterli bir Olgiit
olmayabileceginden, diger metriklerle birlikte degerlendirilmistir.

.....

olanlarin oranini gdstermektedir. Bu Olgiit, yanlis pozitif (false positive) hatalarin azaltilmasi
acisindan 6nem tagimaktadir.
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Duyarlilik, gergekte basarili olan 6grencilerin ne kadarinin model tarafindan dogru sekilde
tespit edildigini ifade etmektedir. Bu metrik, 6zellikle basar1 potansiyeli yiiksek Ogrencilerin
kagiritlmamasi agisindan kritik 6neme sahiptir.

F1 skoru, kesinlik ve duyarlilik degerlerinin harmonik ortalamasi olup, modelin genel
performansini dengeli bir sekilde degerlendiren 6nemli bir Slgiittiir. Bu calismada hiperparametre
optimizasyon siirecinde temel degerlendirme Slgiitii olarak F1 skoru kullanilmustir.

ROC-AUC metrigi, modelin farkli esik degerleri altinda siniflar arasindaki ayirt edicilik
giiclinli 6lgmektedir.

Karigiklik matrisi ise modelin dogru ve hatali siniflandirmalarini detayli bigimde
gostermekte; dogru pozitif, dogru negatif, yanlis pozitif ve yanlis negatif degerler izerinden model
hatalarinin dagilimini analiz etmeye olanak tanimaktadir.

Aciklanabilir Yapay Zeka Analizi

Bu calismada makine &grenmesi modeli gelistirilmesinin yan1 sira modelin karar
mekanizmalarinin anlasilabilir ve yorumlanabilir olmasi hedeflenmistir. Bu dogrultuda, en yiiksek
performansi saglayan model {izerinde agiklanabilir yapay zeka yontemleri uygulanmistir.
Aciklanabilir Yapay Zeka, modellerin karar siireglerini agiklayarak giiclii ve zayif yonlerini ortaya
koyan ve gelecekteki davraniglarina iligkin 6ng6ril sunan yaklagimlar ifade etmektedir (Gunning &
Aha, 2019). Bu ¢alismada modelin agiklanabilirligini saglamak amaciyla iki farkli yaklasim birlikte
kullanilmistir: SHAP ve LIME. Bu yontemler, model kararlarinin hem kiiresel (global) hem de yerel
(local) diizeyde analiz edilmesine olanak saglamaktadir.

SHAP yontemi, oyun teorisine dayanan Shapley degerleri yaklasimini kullanarak her bir
degiskenin model ¢iktisina olan katkisini hesaplamaktadir. Bu yontem, her bir 6zniteligin tahmin
iizerindeki etkisini adil bir sekilde dagitarak model kararlarinin seffaf bi¢imde yorumlanmasini
saglamaktadir (Mane vd., 2024). Bu ¢alismada SHAP analizi iki diizeyde gergeklestirilmistir:

Kiiresel Aciklama: Modelin genel davranisi analiz edilerek hangi degiskenlerin akademik
basari iizerinde daha etkili oldugu belirlenmistir. Bu analizde, her bir degiskenin ortalama mutlak
SHAP degeri hesaplanmis ve degisken 6nem siralamasi elde edilmistir.

Yerel Agiklama: Tekil gézlemler tizerinden modelin verdigi tahminler analiz edilmistir. Bu
sayede belirli bir 6grencinin neden “basarili” veya “basarisiz” olarak siniflandirildigi, hangi
degiskenlerin bu karar1 ne yonde etkiledigi ortaya konmustur.

SHAP yontemi, modelden bagimsiz bir agiklama sunmast ve hem kiiresel hem de yerel
diizeyde yorumlama imkani saglamasi nedeniyle bu ¢alismada temel agiklanabilirlik yontemi olarak
tercih edilmistir.

LIME yo6ntemi, modelin belirli bir gézlem i¢in verdigi tahmini, o gdzlem c¢evresinde
olusturulan yerel bir dogrusal model ile agiklamay1 amaglamaktadir (Paul vd., 2025). Bu yaklasim,
karmasik makine 6grenmesi modellerinin yerel davraniglarini daha basit ve anlagilir bir model
iizerinden yorumlamaya olanak saglamaktadir.

Bu calismada LIME yontemi, secilen bireysel gdzlemler i¢in uygulanmis ve modelin tahmin
kararlarinin hangi degiskenler tarafindan ne yonde etkilendigi analiz edilmistir. Elde edilen sonuglar,
her bir degiskenin belirli bir gozlem {izerindeki katkisini agirlik (weight) degerleri ile gostermektedir.

SHAP ve LIME yo6ntemlerinin birlikte kullanilmasi, modelin yalnizca hangi tahmini yaptigi
degil, ayn1 zamanda bu tahmini neden yaptig1 sorusuna da yanit vermektedir. Bu kapsamda SHAP
ve LIME sonuglarinin karsilagtirilmasi, elde edilen agiklamalarin tutarliliginin degerlendirilmesine
olanak saglamaktadir. Bu durum, modelin giivenilirligini artirmakta ve elde edilen bulgularin daha
saglam bir temele dayandirilmasina katki sunmaktadir. Ayrica aciklanabilir yapay zeka
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yontemlerinin kullanilmasi, makine 6grenmesi modellerinin “kara kutu” yapisii ortadan kaldirarak,
model kararlarinin seffaf ve yorumlanabilir hale getirilmesine olanak saglamaktadir.

Bulgular

Tammlayic Istatistikler

Aragtirma kapsaminda katilimcilarin demografik 6zellikleri incelenmis ve bu dzelliklere

iligkin frekans ve yiizde dagilimlar1 hesaplanmistir. Elde edilen bulgular Tablo 3’te sunulmaktadir.

Tablo 3: Katilimcilarin Demografik Ozellikleri

Degisken Kategori n %
GNO (Basar1 Durumu) Bagarili 180 50.99
Basarisiz 173 49.01
Cinsiyet Kadin 217 61.47
Erkek 136 38.53
Bolim Finans ve Bankacilik 157 44.48
Pazarlama 93 26.35
Uluslararasi Ticaret ve Lojistik 103 29.18
Sinif Diizeyi 1. Simif 151 42.78
2. Smif 83 23.51
3. Smif 58 16.43
4, Simif 61 17.28
Anne Egitim Tlkokul 137 38.81
Ortaokul 82 23.23
Lise 91 25.78
Universite 43 12.18
Baba Egitim Tlkokul 111 31.44
Ortaokul 73 20.68
Lise 113 32.01
Universite 56 15.86
Ikamet Tiirii Aile Evi 75 21.25
Ogrenci Yurdu 212 60.06
Diger 66 18.70

Tablo 3’te arastirmaya katilan 353 Ogrencinin demografik ozellikleri sunulmaktadir.
Katilimcilarin akademik basari durumlart incelendiginde, basarili (%50.99, n=180) ve basarisiz
(%49.01, n=173) ogrencilerin dagiliminin olduk¢a dengeli oldugu goriilmektedir. Bu bulgu,
analizlerde siniflar aras1 karsilastirmalarin daha saglikli yapilabilmesine olanak saglamaktadir.

Veri setinde “GNO” hedef degisken olarak kullanilmistir. Hedef degiskenin dengeli sinif
dagilimia sahip olmasi (basarili: %50.99; basarisiz: %49.01), modelleme siirecinde smif
dengesizligine bagl yanlilik riskini azaltmakta ve performans dlgiitlerinin daha giivenilir bicimde
degerlendirilmesine olanak saglamaktadir.

Cinsiyet dagilimina bakildiginda, katilimcilarin ¢ogunlugunu kadin 6grencilerin olusturdugu
(%61.47, n=217), erkek 6grencilerin ise %38.53 (n=136) oraninda temsil edildigi goriilmektedir.

Boliim bazinda incelendiginde, en yiiksek katilimin Finans ve Bankacilik boliimiinden
(%44.48, n=157) oldugu, bunu Uluslararas1 Ticaret ve Lojistik (%29.18, n=103) ve Pazarlama
(%26.35, n=93) boliimlerinin izledigi goriilmektedir.

Smf diizeyine gore dagilim incelendiginde, katilimcilarin biiyiikk ¢ogunlugunun 1. simf
Ogrencilerinden (%42.78, n=151) olustugu, iist siniflara dogru kademeli bir azalma oldugu
goriilmektedir.
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Ebeveyn egitim diizeyleri degerlendirildiginde, annelerin biiyiikk ¢ogunlugunun ilkokul
mezunu oldugu (%38.81), bunu lise (%25.78) ve ortaokul (%23.23) mezunlarinin izledigi
goriilmektedir. Benzer sekilde babalarin egitim diizeyinde de en yiiksek oran lise (%32.01) ve ilkokul
(%31.44) mezunlarinda yogunlagmaktadir.

Tkamet tiirii agisindan incelendiginde, katilimcilarin biiyiik ¢ogunlugunun 6grenci yurdunda
kaldig1 (%60.06, n=212), aile yaninda kalanlarin %21.25 (n=75) ve diger barinma yerlerinde ise
kalanlarin %18.70 (n=66) oraninda oldugu goriilmektedir.

Demografik o&zelliklerin ardindan, arastirmada kullanilan siirekli degiskenlere iliskin
betimsel istatistikler analiz edilmistir. Bu kapsamda degiskenlerin ortalama ve standart sapma
degerleri hesaplanarak Tablo 4’te sunulmustur.

Tablo 4: Siirekli Degiskenlere Ait Betimsel Istatistikler

Degisken Min Maks Ortalama (X) SS

Yas 17 27 19.90 1.74
Oz-Diizenleme 1.00 5.00 3.25 0.88
Akademik Motivasyon 1.80 5.00 4.17 0.68
Aktif Ogrenme 1.00 5.00 3.73 0.73
Akademik Katilim 1.00 5.00 3.76 0.76
Akademik Iyi Olus 1.00 5.00 2.99 0.92
Dijital Ogrenme Erisimi 2.50 5.00 4.26 0.61
Cevresel Destek 2.00 5.00 3.66 0.69
Calisma Cabasi 1.00 20.00 4.28 2.64
Ekran Siiresi (saat) 1 12 6.48 2.24
Uyku Siiresi (saat) 4 13 7.19 1.52
Sosyal Katilim 1 5 3.01 1.15

Tablo 4 incelendiginde katilimcilarin yas ortalamasi 19.90 (SS=1.74) oldugu goériilmektedir.
Ogrenme siireglerine iliskin degiskenler incelendiginde, akademik motivasyon diizeyinin yiiksek
oldugu (x=4.17, SS=0.68) goriilmektedir. Benzer sekilde dijital 6grenme erisimi de yiiksek bir
ortalamaya sahiptir (x=4.26, SS=0.61). Aktif 6grenme (¥=3.73, SS=0.73), akademik katilim
(x=3.76, SS=0.76) ve cevresel destek (x=3.66, SS=0.69) degiskenlerinin orta-iist diizeyde oldugu
goriilmektedir. Oz-diizenleme diizeyi (x=3.25, SS=0.88) orta seviyede olup, bireyler arasinda gorece
daha yiiksek bir degiskenlik gostermektedir. Akademik iyi olus degiskeninin ortalamasi (x=2.99,
SS=0.92) diger degiskenlere kiyasla daha diisiik olup, 6grencilerin psikolojik ve akademik iyi olus
diizeylerinin gorece sinirli oldugunu gostermektedir. Davranigsal degiskenler incelendiginde,
caligma g¢abasi ortalamasi 4.28 (SS=2.64) olup genis bir dagilima sahiptir. Bu bulgu, 6grencilerin
ders calisma yogunluklarinin oldukg¢a heterojen oldugunu gostermektedir. Ekran siiresi ortalamast
giinliik 6.48 saat (SS=2.24) olarak bulunurken, uyku siiresi ortalamasi 7.19 saat (SS=1.52) olarak
hesaplanmistir. Bu bulgular, 6grencilerin 6énemli bir kisminin yiiksek ekran kullanimina sahip
oldugunu gostermektedir. Son olarak sosyal katilim diizeyi (x=3.01, SS=1.15) orta seviyede oldugu
gorlilmektedir.

Model Performanslarinin Karsilastirilmasi

Bu calismada {iiniversite Ogrencilerinin akademik basarisin1 tahmin etmek amaciyla
gelistirilen makine 6grenmesi modellerinin performanslart dogruluk, kesinlik, duyarlilik, F1 skoru
ve ROC-AUC olgiitleri kullanilarak degerlendirilmistir. Model performanslariin hiperparametre
optimizasyonundan bagimsiz olarak degerlendirilmesi amaciyla, algoritmalar varsayilan parametre
ayarlan ile test edilmistir. Bu kapsamda LR, RF, DVM ve XGB modelleri lizerinde 5 katli ¢apraz
dogrulama uygulanmis ve elde edilen performans sonuglari Tablo 5’te sunulmustur.
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Tablo 5: Modellerin 5 Kath Capraz Dogrulama Sonuglari

Model Dogruluk Kesinlik Duyarhhk F1 Skoru ROC-
AUC
DVM 0.69 0.71 0.68 0.69 0.75
RF 0.68 0.69 0.71 0.69 0.76
XGB 0.65 0.66 0.65 0.65 0.73
LR 0.65 0.65 0.68 0.66 0.72

Elde edilen bulgular incelendiginde RF ve DVM modellerinin diger modellere kiyasla daha
yiiksek performans sergiledigi goriilmektedir. Ozellikle RF modeli, en dengeli performansi sunarken,
DVM modelinin dogruluk ve kesinlik degerlerinin gorece yliksek oldugu dikkat ¢ekmektedir. Buna
karsilik, LR ve XGB modellerinin performanslarinin daha sinirh kaldigi gézlemlenmistir.

Modellerin genellenebilirlik diizeylerinin daha ayrintili bi¢imde incelenebilmesi amaciyla,
veri seti %80 egitim ve %20 test olacak sekilde ikiye ayrilmis ve modeller bu ayrim tizerinden
degerlendirilmistir. Egitim veri seti modelin 6grenme siirecinde kullanilirken, test veri seti modelin
daha 6nce gormedigi veriler ilizerindeki performansini 6l¢gmek amaciyla kullanilmistir. Elde edilen
bulgular Tablo 6’da sunulmaktadir.

Tablo 6: Egitim ve Test Veri Setleri Uzerinde Model Performanslarinin Karsilastiriimasi

Model Dogruluk F1 Skoru Kesinlik Duyarhhk ROC-AUC
Egitim Test Egitim Test Egitim Test Egitim Test Egitim Test
LR 0.69 0.64 0.71 0.64  0.69 0.65 0.72 0.63  0.76 0.76
RF 1.00 0.76  1.00 0.76  1.00 0.77  1.00 0.75  1.00 0.82
DVM 0.90 0.76  0.90 0.77 091 0.73  0.88 0.83 094 0.80
XGB 1.00 0.66 1.00 0.68  1.00 0.65 1.00 0.72  1.00 0.73

Tablo 6 incelendiginde, RF ve XGB modellerinin egitim veri seti {izerinde ¢ok yiiksek
performans degerlerine (Dogruluk = 1.00, F1 =1.00) ulastig1, ancak test veri setinde bu performansin
belirgin bi¢cimde diistiigii gortilmektedir. Bu bulgu, s6z konusu modellerin egitim verisine asirt uyum
sagladigini gdstermektedir.

Buna karsilik, DVM modelinin egitim ve test performanslari arasinda daha dengeli bir yap1
sergiledigi gortilmektedir. LR modelinin ise hem egitim hem de test performanslarinin gérece diisiik
olmasi, modelin veri setindeki karmasik ve dogrusal olmayan iliskileri yeterince temsil edemedigini
gostermektedir.

Varsayilan parametrelerle elde edilen baslangi¢c performanslarinin ardindan, modellerin
performansini artirmak amaciyla hiperparametre optimizasyonu uygulanmistir. Bu kapsamda veri
seti %80 egitim ve %20 test olacak sekilde ayrilmistir. Hiperparametre optimizasyon siirecinde 5
katl capraz dogrulama yontemi kullanilmis ve nihai model se¢iminde F1 skoru temel alinmistir.
Modellerin performansi, egitim siirecinden bagimsiz olarak daha once goriilmemis test verisi
iizerinde degerlendirilmistir. Bu yaklasim, elde edilen sonuglarin genellenebilirligini artirmay1
amaclamaktadir. Ayrica her model icin hiperparametre optimizasyonunda Grid Search ve Optuna
yontemleri karsilagtirilmistir. Buna gore daha yiiksek F1 skoru saglayan yontem ilgili model igin
tercih edilmistir. Elde edilen sonuglar Tablo 7’de sunulmaktadir.

Tablo 7: Hiperparametre Optimizasyonu Sonrasi Model Performanslari

Model Yontem Dogruluk F1 Skoru Kesinlik Duyarlihik  ROC-
AUC
RF Grid Search 0.78 0.79 0.78 0.80 0.81
DVM Optuna 0.76 0.77 0.74 0.80 0.80
XGB Grid Search 0.73 0.72 0.75 0.69 0.77
LR Grid Search 0.66 0.68 0.65 0.72 0.76

www.turkishstudies.net/turkishstudies



3694 Murat Urfalioglu

Tablo 7 incelendiginde, genel olarak modellerin performanslarinin arttigi goriilmektedir. Bu
modeller arasinda RF modelinin en yiiksek genel performansi sergiledigi dikkat ¢cekmektedir. RF
modeli, dogruluk (0.78) ve F1 skoru (0.79) agisindan diger modellere kiyasla daha basarili sonuglar
tretmistir. Ayrica kesinlik (0.78) ve duyarlilik (0.80) degerlerinin birbirine oldukca yakin olmasi,
modelin hem pozitif sinifi dogru tahmin etme hem de gergek pozitifleri yakalama agisindan dengeli
bir performans sundugunu gostermektedir. ROC-AUC degerleri incelendiginde, RF (0.81) ve DVM
(0.80) modellerinin en yiiksek ayirt edicilik performansini sergiledigi goriilmektedir. XGB (0.77) ve
LR (0.76) modelleri ise gorece daha diisiik performans sunmaktadir. Bu bulgular, RF modelinin
genel performansin yani sira smiflar aras1 aynim giicli agisindan da en basarili model oldugunu
gostermektedir.

DVM modeli, dogruluk (0.76) ve F1 skoru (0.77) bakimindan RF modelinin gerisinde
kalmakla birlikte, duyarlilik degeri (0.80) RF ile aynidir. Bu bulgu, DVM modelinin pozitif sinifa ait
ornekleri yakalama konusunda oldukga basarili oldugunu gostermektedir. Ancak kesinlik degerinin
(0.74) daha diisiik olmasi, modelin yanlis pozitif iiretme egiliminin RF modeline kiyasla daha yiiksek
olabilecegini diisiindiirmektedir. Bu bulgu, DVM modelinin pozitif smifin tespit edilmesinin
oncelikli oldugu uygulamalar agisindan potansiyel bir alternatif olabilecegini diisiindiirmektedir.

XGB modeli orta diizeyde bir performans sergilemistir. Kesinlik degerinin (0.75) gorece
ylksek olmasina ragmen duyarlilik degerinin (0.69) daha diisiik olmasi, modelin daha segici
davrandigin1 ve baz1 gergek pozitif 6rnekleri kacirdigimi gostermektedir. Bu bulgu, yanlis negatif
oraninin artabilecegine isaret etmekte ve Ozellikle duyarliligin 6nemli oldugu uygulamalarda
sinirlilik olusturabilecegini diislindiirmektedir.

LR modeli ise tiim performans 6l¢iitleri agisindan en diisiik sonuglart vermistir (Dogruluk =
0.66, F1 = 0.68). Bu bulgu, veri setindeki iliskilerin dogrusal varsayimlar ile yeterince temsil
edilemedigini ve daha karmasik, dogrusal olmayan modellerin daha basarili sonuglar iirettigini
gostermektedir.

Dogruluk ve F1 skoru birlikte ele alindiginda RF modelinin en dengeli ve yiiksek
performans1 sundugu, DVM modelinin ise ozellikle duyarlilik agisindan giiglii bir alternatif
olusturdugu sonucuna ulasilmaktadir. Bu dogrultuda, genel siniflandirma performans: oncelikli
oldugunda RF modeli 6ne ¢iktig1 goriilmektedir.

Model performanslarinin karsilastirilmasinin ardindan, her bir algoritma i¢in en yiiksek
performansi saglayan hiperparametre kombinasyonlari incelenmis ve ilgili sonuclar Tablo 8’de
sunulmustur.

Tablo 8: Optimize Edilmis Model Hiperparametreleri

Model Yontem Hiperparametreler

RF Grid Search max_depth =5, n_estimators = 200

DVM Optuna C=0.118, kernel = rbf

XGB Grid Search learning_rate = 0.01, max_depth = 3, n_estimators = 300
LR Grid Search C =0.01, class weight = balanced

Tablo 8’de, F1 skoru 6lgiitii esas alinarak hiperparametre optimizasyonu sonucunda her bir
model i¢in en iyi performansi saglayan hiperparametre degerleri sunulmustur. Tablo 8
incelendiginde, Grid Search ve Optuna yontemlerinin farklt modeller iizerinde farkli diizeylerde
etkili oldugu goriilmektedir. Grid Search yontemi 6zellikle RF ve XGB modellerinde tercih edilirken,
DVM modelinde Optuna ile daha esnek bir parametre arama siireci gergeklestirilmistir. Elde edilen
parametre degerleri, modellerin veri setine 6zgii en uygun yapilandirmalarini yansitmaktadir. Ancak
genel olarak degerlendirildiginde, her iki yontemin birlikte kullanilmas1 model performansinin daha
kapsaml1 bigimde optimize edilmesine katki saglamistir.
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Hiperparametre optimizasyonu sonrasinda RF (0.78 dogruluk, 0.79 F1 skoru, 0.81 ROC-
AUC) modelinin akademik basariy1 tahmin etmede en yiiksek ve dengeli performansi sergiledigi
gorilmektedir.

Model performanslarinin genel degerlendirilmesinin ardindan, modellerin dogru ve hatali
siniflandirma Sriintiilerini daha ayrintili analiz edebilmek amaciyla test verisi lizerinden elde edilen
her bir algoritmaya ait karisiklik matrisleri Tablo 9’da sunulmustur.

Tablo 9: Karisiklik Matrisi Sonuglari
Model Dogru Negatif (TN) Yanhs Pozitif (FP) Yanhs Negatif (FN) Dogru Pozitif (TP)

LR 21 14 10 26
RF 27 8 7 29
DVM 25 10 7 29
XGB 27 8 11 25

Tablo 9’a gére RF modeli diisiik FP ve FN degerleri ile en dengeli performansi sunmaktadir.
DVM benzer TP degerine sahip olmakla birlikte hata oranlar1 biraz daha yiiksektir. XGB modeli
yiiksek FN degeri nedeniyle pozitif sinifi kagirma egilimi gosterirken, LR modeli en yiiksek hata
oranlari ile en diisiik performansi sergilemektedir.

SHAP Kiiresel Bulgular

Bu ¢alismada, en yiiksek performans gosteren RF modelinin karar mekanizmasin kiiresel
diizeyde acgiklamak amaciyla SHAP yontemi kullanilmistir. SHAP analizi, model tahminlerine her
bir degiskenin katkisini nicel olarak ortaya koyarak degisken 6nem siralamasini ve etkilerin yoniinii
analiz etmeye olanak saglamaktadir.

Bu kapsamda elde edilen SHAP bulgulart Sekil 2’de sunulmaktadir. Sekil 2(a)’da
degiskenlerin ortalama mutlak SHAP degerlerine gore 6nem siralamasi verilmis, Sekil 2(b)’de ise
degiskenlerin model ¢iktisi {izerindeki etkilerinin yonii ve dagilimi gosterilmistir.
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Sekil 2: SHAP Kiiresel Agiklama Sonuglari: (a) Degisken Onem Siralamasi, (b) SHAP Ozet
Grafigi

Sekil 2(a) incelendiginde, modelin tahmin performansinda en etkili degiskenin siif diizeyi
oldugu goriilmektedir. Bu degiskeni sirasiyla akademik katilim, ¢evresel destek, 6z-diizenleme ve

akademik motivasyon izlemektedir.

Sekil 2(b)’de sunulan SHAP 6zet grafigi, degiskenlerin yalnizca 6nem diizeylerini degil, ayn1
zamanda model ciktis1 {izerindeki etkilerinin yoniinii de ortaya koymaktadir. Grafikte kirmizi renk
yiiksek, mavi renk ise diisiik degisken degerlerini temsil etmektedir. Sinif diizeyi hizasindaki mavi
noktalarin sagda, kirmizi noktalarin solda yogunlagmasi, diisiik sinif diizeylerinin model ¢iktisini
pozitif yonde, yliksek sinif diizeylerinin ise negatif yonde etkiledigini gdstermektedir. Buna gore,
model diisiik sinif diizeyindeki 6grencileri “basaril’” sinifina daha yakin degerlendirirken, simif
diizeyi ylikseldikce tahminin “basarisiz” yoniine kayma egilimi artmaktadir. Bu bulgu, veri setinde
alt siniflardaki 6grencilerin akademik basar1 bakimindan daha avantajh bir profile sahip olabilecegini
ya da simif diizeyi arttik¢a akademik yiik, ders zorlugu ve performans baskisi gibi unsurlarin basari
olasiligimt azaltici yonde etkide bulundugunu diisiindiirmektedir. Bununla birlikte, elde edilen bu
bulgunun o&rneklem yapisindan kaynaklanan bir yanlilik icerme olasiligi da g6z Oniinde
bulundurulmalidir. Arastirma O&rnekleminin Onemli bir boliimiini (%42.78) birinci  siif
Ogrencilerinin olusturmasi, modelin 6grenme siirecinde bu gruba ait Oriintiilerin daha baskin hale

gelmesine neden olmus olabilir.

Akademik katilim, 6z-diizenleme ve akademik motivasyon degiskenlerinin ise yiiksek
degerlerinin model ¢iktisini pozitif yonde etkiledigi, diisiik degerlerinin ise bagar1 olasiligini azalttigi
gbzlemlenmektedir. Bazi degiskenlerin ise etkisinin siirli oldugu goriilmektedir. Ozellikle dijital
Ogrenmeye erisim, yas ve baba egitim diizeyi gibi degiskenlerin SHAP degerlerinin diisiik olmas,
bu degiskenlerin model karar siirecine gorece daha az katki sagladigini gdstermektedir.

SHAP analizleri modelin kararlarimin biiyiik olciide 6grencilerin akademik davranislari,
Ogrenme siireclerine katilim diizeyi ve ¢evresel destek faktorleri tarafindan sekillendigini ortaya
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koymaktadir. Bu bulgu, akademik basarinin yalnizca bireysel Ozelliklerle degil, ayni zamanda
O0grenme ortam1 ve davranissal faktorlerle de yakindan iligkili oldugunu gdstermektedir.

SHAP Yerel Bulgularn

Modelin yerel diizeyde karar mekanizmasimi analiz etmek amaciyla SHAP yontemi
kullanilarak yerel aciklamalar elde edilmistir. Bu kapsamda veri setinden; tipik bir basaril1 6grenci,
tipik bir basarisiz 6grenci ve karar sinirina yakin bir 6grenci olmak tizere ii¢ farkli gézlem segilmistir.
Boylece modelin yalmzca tek bir gozlem iizerindeki karar siireci degil, farkli 6grenci profilleri
tizerindeki agiklama oriintiileri karsilastirmali olarak degerlendirilmistir.

©
| SE—==T—

050
\\\\\

Sekil 3: SHAP Selale Grafigi ile Yerel Agiklama

Sekil 3(a)’da yer alan tipik basarili 6grenci, model tarafindan dogru bi¢cimde “basarili”
sinifinda tahmin edilmis olup “basarili” sinifina ait olasilik degeri 0.856 olarak hesaplanmistir. Bu
gozlemde akademik katilim, 6z-diizenleme, akademik motivasyon, ¢evresel destek ve akademik iyi
olus degiskenlerinin pozitif katki saglayarak 6grenciyi “basarili” sinifina yaklastirdigi goriilmektedir.
Ozellikle akademik katilimin yiiksek diizeyde olmasi, model kararinda en belirgin pozitif etkiyi
olusturmustur. Buna karsilik sinif diizeyi ve ¢alisma ¢abasi degiskenlerinin sinirli diizeyde negatif
katki tirettigi gézlemlenmektedir.

Sekil 3(b)’de yer alan tipik basarisiz 6grenci icin modelin “basarili” sinifina ait olasilik
tahmini 0.277°dir. Bu gbzlemde simf diizeyi, cevresel destek, calisma cabasi ve akademik katilim
degiskenleri negatif katki saglayarak 6grencinin “basarisiz” sinifina yonelmesinde etkili olmustur.
Ozellikle smif diizeyinin negatif etkisi, bu gézlemde model kararin1 belirleyen temel unsur olarak
one ¢cikmaktadir. Bununla birlikte anne egitim diizeyi, dijital 6grenmeye erisim degiskenlerinin sinirlt
diizeyde pozitif katki sagladig1 goriilmektedir.

Sekil 3(c)’de ise karar sinirina yakin 6grenci, model tarafindan “bagarili” sinifinda tahmin
edilmis olup “basarili” sinifina ait olasilik degeri 0.533 olarak hesaplanmistir. Bu deger karar sinirt
olan 0.50’ye oldukca yakindir. Sinif diizeyi ve akademik katilim degiskenleri pozitif yonde katki
saglarken; uyku siiresi, akademik motivasyon, ¢evresel destek ve ekran siiresi degiskenleri negatif
yonde katki iiretmistir. Ayrica boliimlere ait degiskenlerin de model ¢iktisi {izerinde sinirlt diizeyde
etkili oldugu goriilmektedir. Bu bulgu, 6grencinin basar1 ve basarisizlik siniflar1 arasinda hassas bir
konumda yer aldigin1 ve kiigiik degisikliklerin model tahminini degistirebilecegini gostermektedir.

Genel olarak degerlendirildiginde, ii¢ farkli gbézlemde de model kararlarinin tek bir
degiskene bagl olarak degil; akademik katilim, sinif diizeyi, 6z-diizenleme, motivasyon ve gevresel
destek gibi birden fazla degiskenin birlikte etkisiyle olustugu goriilmektedir. Bu bulgu, akademik
basarin ¢ok boyutlu yapisimi desteklemekte ve SHAP yerel agiklamalarinin model kararlarini
bireysel diizeyde yorumlamaya katki sagladigin1 gostermektedir.
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Sekil 4: SHAP Kuvvet Grafigi ile Yerel Ag¢iklama

Sekil 4’te yer alan SHAP kuvvet grafigi, ayn1 gézlem i¢cin degiskenlerin model ¢iktisini hangi
yonde etkiledigini biitlinciil bir yap1 igerisinde gostermektedir. Grafikte kirmizi renkli degiskenler
tahmin {izerinde pozitif, mavi renkli degiskenler ise negatif etkiyi temsil etmektedir. Bu dogrultuda,
siif diizeyi, akademik katilim ve boliim kategorilerinden uluslararasi ticaret ve lojistik bolimii
(department_3) ve finans ve bankacilik boliimii (department 1) degiskeninin pozitif yonde katki
saglayarak gozlemi ‘“basarili” sinifina yaklastirdigr goriilmektedir. Buna karsilik uyku siiresi,
akademik motivasyon, gevresel destek ve ekran siiresi degiskenlerinin negatif yonde katki saglayarak
gozlemi “basarisiz” siifina yaklastirdigi goriilmektedir.

SHAP yerel analizleri modelin kararlariin ¢oklu degisken etkilesimleri sonucunda
olustugunu agik bigimde ortaya koymaktadir. Bu bulgu, akademik basarinin tek bir faktorle
aciklanamayacagini, bireysel ve cevresel degiskenlerin birlikte degerlendirilmesi gerektigini
gostermektedir. Ayrica, modelin dogru sniflandirma yapmasina ragmen basari olasiliginin siir
degere yakin olmasi (0.53), bu gozlemin karar simirma yakin bir profil sergiledigini ve kiigiik
degisikliklerin sinif tahminini degistirebilecegini gostermektedir.

LIME Yerel Bulgular:

Modelin yerel diizeyde karar mekanizmasini farkli bir a¢iklanabilir yapay zeka yontemi ile
incelemek amaciyla LIME yontemi uygulanmistir. LIME analizi, modelin belirli bir gdzlem i¢in
verdigi kararmn, ilgili degiskenlerin hangi araliklarinda nasil sekillendigini yerel dogrusal bir
yaklagim ile agiklamaktadir. Bu kapsamda SHAP analizinde kullanilan gézlemler ile tutarlilig
saglamak amaciyla ayni li¢ gdzlem tiizerinde analiz gerceklestirilmistir. Boylece model kararlarinin
farkli agiklanabilir yapay zeka yontemleri ile karsilastirmali olarak degerlendirilmesi miimkiin hale
getirilmigstir. LIME yerel agiklama grafigi Sekil 5’te sunulmustur.

(a) (b) (c)

LIME - Tipik Basarili Ogrenci LIME - Tipik Basanisiz Ogrenci LIME - Sinir Degere Yakin Ogrenci

Sekil 5: LIME Yerel A¢iklama Grafigi

Sekil 5°te sunulan LIME sonuglari, her bir gozlem icin degiskenlerin model tahminine olan
katkilarmi gdstermektedir. Grafikte yesil renkli degiskenler tahmini “basarili” siifina yaklastiran,
kirmizi renkli degiskenler ise “basarisiz” sinifina yonlendiren etkileri temsil etmektedir.

Sekil 5(a)’da yer alan tipik basarili Ogrenci incelendiginde, akademik katilim
(academic_engagement > 4.38), Oz-diizenleme (self regulated learning > 3.50) ve akademik
motivasyon (academic motivation > 4.55) degiskenlerinin pozitif katkilar saglayarak 6grenciyi
“basaril1” smifina yonlendirdigi goriilmektedir. Ayrica ikamet tiirline iliskin 6grencinin aile yaninda
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barinmasi (residence type 1) <0.00, baba egitim diizeyi (father education > 3.00), uyku siiresi (7.00
<sleep duration < 8.00) ve sosyal katilim (3.00 <social participation <4.00) degiskenleri de modele
pozitif yonde katki saglamaktadir. Buna karsilik, sinif diizeyinin yiiksek olmasi (grade level > 3.00),
uluslararasi ticaret ve lojistik bolimii (department 3) ve ekran siiresi (screen time < 5.00)
degiskenlerinin negatif katki irettigi goriilmektedir. Bu bulgular, 6grencinin “basarili” sinifina
yonelmesinde 6zellikle akademik katilim, 6z-diizenleme ve motivasyon degiskenlerinin belirleyici
oldugunu gostermektedir.

Sekil 5(b)’de sunulan tipik basarisiz 6grenci i¢in LIME sonuglari, simif diizeyinin yiliksek
olmasi (grade level > 3.00) ve akademik katilimin diisiik seviyede olmasi (academic_engagement <
3.50) gibi faktorlerin model tahminini “basarisiz” yoniinde etkiledigini gostermektedir. Ayrica orta
diizey 0Oz-diizenleme (2.83 < self regulated learning < 3.33), diisik baba egitim diizeyi
(father education < 1.00) ve yiiksek calisma g¢abasi (study effort > 5.50) degiskenlerinin de negatif
katki iirettigi goriilmektedir. Buna karsilik, 6grencinin aile yaninda barimmasi (residence type 1) <
0.00, uluslararasi ticaret ve lojistik (department 3) < 0.00, 0.00 < finans ve bankacilik bdliimii
(department 1) < 1.00, diisiik anne egitim diizeyi (mother education < 1.00) ve diisiik aktif 6grenme
diizeyi (active_learning < 3.50) degiskenlerinin model ¢iktisina sinirli diizeyde pozitif katki sagladigi
gozlemlenmektedir. Genel olarak degerlendirildiginde, 6zellikle yiiksek smif diizeyi ve diisiik
akademik katilimin bu gézlemde model kararini belirleyen temel unsurlar oldugu anlasiimaktadir.

Sekil 5(c)’de yer alan “basarili” olarak siiflandirilmis ve sinir degere yakin 6grenci igin
LIME sonuglart incelendiginde, diisiik sinif diizeyi (grade level < 1.00) ve yiiksek akademik
katilimin (academic_engagement > 4.38) 6grenciyi “basarili” sinifina yonlendiren en giiglii pozitif
degiskenler oldugu goriilmektedir. Bunun yani sira, uluslararasi ticaret ve lojistik bolimii
(department 3) < 0.00, 6grencinin aile yaninda barinmasi (residence type 1) < 0.00, 0.00 < finans
ve bankacilik boliimii (department 1) < 1.00 ve gender < 0.00 degiskenleri de sinirli diizeyde pozitif
katki saglamaktadir. Buna karsilik, diisiik uyku siiresi (sleep duration < 6.00), diisiik akademik
motivasyon (academic_motivation < 4.00), diisiik 6z-diizenleme (self regulated learning <2.83) ve
ekran siiresi (screen_time < 5.00) degiskenlerinin model c¢iktisin1 negatif yonde etkiledigi
gozlemlenmektedir. Bu bulgular, 6grencinin karar siniria yakin bir profilde bulundugunu ve pozitif
ile negatif etkilerin birbirine oldukga yakin diizeyde gerceklestigini gdstermektedir.

Genel olarak degerlendirildiginde, LIME analizleri model kararlarinin belirli degisken
araliklar1 tizerinden sekillendigini ortaya koymakta ve SHAP bulgularin1 destekler nitelikte benzer
degiskenlerin 6ne ciktigini gostermektedir. Bu bulgu, iki farkli agiklanabilir yapay zeka yonteminin
tutarli sonuglar drettigini ve modelin yerel karar mekanizmasinin giivenilir bi¢imde
yorumlanabilecegini ortaya koymaktadir.

Sonuclar ve Tartisma

Bu calismada, {iniversite Ogrencilerinin akademik basarilarinin makine Ogrenmesi
yontemleri ile tahmin edilmesi ve model kararlarinin agiklanabilir yapay zeka ile yorumlanmasi
amaclanmistir. Elde edilen bulgular, akademik basarinin ¢ok boyutlu bir yap1 sergiledigini ve bu
yapmin dogrusal olmayan iliskiler iizerinden daha etkili bicimde modellenebildigini ortaya
koymaktadir.

Makine Ogrenmesi modellerinin performanslar1 karsilastirildiginda, hiperparametre
optimizasyon sonrasinda RF modelinin digerler modellere gore yiiksek performans sergiledigi
goriilmiistlir. Hiperparametre optimizasyonu sonrasinda RF modeli %78 dogruluk ve 0.79 F1 skoru
ile en dengeli sonuglari {iretmistir. Destek Vektor Makineleri (DVM) modeli ise %76 dogruluk ve
0.77 F1 skoru ile RF modelini takip etmistir. Buna karsilik, XGBoost (%73 dogruluk, 0.72 F1) ve
Lojistik Regresyon (%66 dogruluk, 0.68 F1) modellerinin daha diisiik performans sergiledigi
belirlenmistir. Literatiirde, makine 6grenmesi ile akademik basarinin tahmin edilmesine yonelik
bir¢ok caligmada, aga¢ tabanli algoritmalarin 6zellikle karmagik ve biiyiik veri setlerinde gii¢lii ve
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rekabetci performans sergiledigi raporlanmaktadir (Guevara-Reyes vd., 2025; Saqr, 2024; Sun vd.,
2026; Wang & Luo, 2024). Bu bulgular, akademik basariy1 etkileyen degiskenler arasindaki
iligkilerin dogrusal olmaktan ziyade karmasik ve etkilesimli bir yapiya sahip oldugunu
gostermektedir.

Model performanslarinin egitim ve test veri setleri lzerindeki karsilagtirilmasi, bazi
modellerde asir1 dgrenme probleminin ortaya ciktigini gostermistir. Ozellikle RF ve XGB
modellerinin egitim veri setinde %100 dogruluk ve F1 skoruna ulagsmasina ragmen test veri setinde
performanslarinin sirasiyla %76 ve %66 seviyelerine diismesi, bu modellerin egitim verisine asiri
uyum sagladigim gostermektedir. Buna karsilik, DVM modelinin egitim (%90 dogruluk) ve test
(%76 dogruluk) performanslar1 arasinda daha dengeli bir yap1 sergilemesi, modelin genellenebilirlik
acisindan daha istikrarli oldugunu ortaya koymaktadir. Bununla birlikte, nihai model se¢imi yalnizca
egitim-test performans farkina dayali olarak degil, ¢apraz dogrulama ve bagimsiz test veri seti
tizerindeki optimize edilmis performans degerleri, simiflandirma basarisinin dengesi (kesinlik ve
duyarlilik dengesi ve F1 skoru) dikkate alinarak gergeklestirilmistir. Bu kapsamda RF modelinin test
veri seti lizerindeki daha yiliksek dogruluk (0.78) ve F1 skoru (0.79) ile daha dengeli bir kesinlik-
duyarlilik yapisi sunmasi, modelin uygulama baglaminda diger modellere gore daha yiiksek tahmin
basaris1 sagladigini gdstermektedir.

Hiperparametre  optimizasyonu sonrasinda tiim modellerde performans artisi
gbzlemlenmistir. Bu bulgu, uygun hiperparametre se¢imlerinin model performansi {izerinde anlamli
bir etkiye sahip oldugunu gostermektedir (Dewi vd., 2025; Dhilsath & Samuel, 2021). Elde edilen
bulgular, akademik basar1 tahmini problemlerinde model performansinin yalnizca algoritma
secimine bagli olmadigini, ayn1 zamanda modelin veri setine 6zgii olarak yapilandirilmasinin da
kritik bir rol oynadigini ortaya koymaktadir.

Calismanin diger boyutu, model sonuglarinin agiklanabilir yapay zeka ile detayli bigimde
analiz edilmesidir. SHAP analizleri, akademik basar1 tahmininde en etkili degiskenlerin sinif diizeyi,
akademik katilim, ¢evresel destek, 6z-diizenleme ve akademik motivasyon oldugunu gdstermistir.
Bu bulgular, akademik basari {izerinde katilim, ¢calisma davranislar1 ve motivasyon gibi degiskenlerin
belirleyici roliinii vurgulayan 6nceki calismalarla ortiismektedir (Ahmed vd., 2025; Alkan, 2026;
Cleary & Kitsantas, 2017; Morosanova vd., 2022; Wang & Holcombe, 2010). Bu bulgu, akademik
basarinin 6grencilerin 6grenme siireclerine aktif katilimi ve icinde bulunduklar gevresel kosullarla
da yakindan iliskili oldugunu ortaya koymaktadir.

SHAP ozet grafikleri, degiskenlerin yalnizca dnem diizeylerini degil, ayn1 zamanda model
ciktist iizerindeki etkilerinin yoniinii de ortaya koymustur. Ozellikle smif diizeyinin artmasinin basari
olasilig1 iizerinde negatif yonde bir etki olusturmaktadir. Buna karsilik akademik katilim, 6z-
diizenleme ve akademik motivasyon diizeylerinin yiiksek olmasinin basariy1 artirici yonde etkide
bulundugu gorilmiistiir. Dijital 6§renmeye erisim, yas ve ebeveyn egitim diizeyi gibi bazi
degiskenlerin model karar siirecine gorece daha sinirli katki sagladigi belirlenmistir.

Yerel diizeyde gergeklestirilen SHAP ve LIME analizleri, model kararlarinin farkli 6grenci
profillerinde degiskenlerin ortak etkisiyle sekillendigini gostermektedir. Tipik basarili 6grenciye
iligkin bulgularda akademik katilim, 6z-diizenleme, akademik motivasyon, ¢evresel destek ve
akademik iyi olus degiskenleri bagar1 tahminini giiglendiren temel faktorler olarak 6ne ¢ikmistir.
Buna karsilik tipik basarisiz 6grenci gézleminde 6zellikle sinif diizeyi, diisiik akademik katilim ve
cevresel destek gibi degiskenlerin model kararini basarisiz sinifina yonlendirdigi goriilmiistiir. Karar
sinirina yakin gozlemde ise basari olasiliginin 0.533 olarak hesaplanmasi, bu 6grenci profilinde
pozitif ve negatif degisken katkilarinin birbirine yakin diizeyde oldugunu gostermektedir. Bu bulgu,
baz1 gozlemlerde model tahminlerinin kesin bir ayrimdan ziyade hassas bir dengeye dayandigini ve
kiiciik degisken degisimlerinin siniflandirma sonucunu etkileyebilecegini ortaya koymaktadir. SHAP
ve LIME sonuglarmin benzer degiskenlere isaret etmesi, yerel aciklamalarm tutarliligim
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desteklemekte ve modelin karar mekanizmasinin yorumlanabilirligini artirmaktadir. Bu kapsamda
bulgular, akademik basarinin yalnizca bireysel 6zelliklerle degil; akademik katilim, motivasyon, 6z-
diizenleme ve c¢evresel destek gibi ¢oklu faktdrlerin birlikte etkisiyle agiklanabilecegini
gostermektedir.

LIME analizi sonuglari da SHAP bulgularmi destekler nitelikte olup, modelin karar
siirecinde benzer degiskenlerin belirleyici oldugunu gdstermistir. Her iki yontemin tutarli sonuglar
tiretmesi, modelin yorumlanabilirligini ve elde edilen bulgularin giivenilirligini artirmaktadir
(Sathyan vd., 2022). Bu durum, agiklanabilir yapay zekd yontemlerinin makine Ogrenmesi
modellerinin “kara kutu” yapisini ortadan kaldirarak karar siireglerini daha seffaf hale getirdigini
ortaya koymaktadir (Rane vd., 2024; Samek vd., 2021).

Genel olarak degerlendirildiginde, akademik basarinin tek bir degiskenle agiklanamayacagi,
aksine bireysel, davranigsal ve gevresel faktorlerin etkilesimi sonucunda ortaya ¢ikan karmagik bir
yap1 oldugu goriilmektedir. Bu bulgu, egitim siireglerinin yalnizca akademik igerik lizerinden degil,
ayni zamanda dgrencilerin 6grenme davraniglari, motivasyon diizeyleri ve ¢evresel kosullari dikkate
alinarak planlanmasi gerektigini gostermektedir.

Bu calismanin bazi siirhiliklart bulunmaktadir. Oncelikle veri seti, tek bir {iniversitenin
belirli bir fakiiltesinde 6grenim goren dgrencilerden elde edilmistir. Bu durum, elde edilen bulgularin
genellenebilirligini sinirlayabilir. Veri toplama siirecinde kullanilan anket yontemi, 6z-bildirim
temelli oldugundan yanlilik igerebilir. Bunun yaninda g¢alismada kullanilan tematik bilesik
degiskenler i¢in kapsamli psikometrik gegerlik ve gilivenirlik analizlerinin gerceklestirilmemis
olmasi, 6l¢iim yapisina iliskin dnemli metodolojik smirliliklardan biri olarak degerlendirilmelidir.

Bununla birlikte, akademik basar1 degiskeninin ikili sinifa doniistiiriilmesi, basari
diizeylerinin daha ayrintili analiz edilmesini sinirlamaktadir. Calismada kesitsel veri kullanilmasi,
degiskenler arasindaki nedensel iliskilerin ortaya konulmasina imkan vermemektedir. Ayrica bazi
modellerde gézlemlenen asir1 6grenme problemi, veri setinin biyiikligi ve yapisi ile iligkili bir
sinirlilik olarak degerlendirilebilir.

Gelecek aragtirmalarda farkli iiniversitelerden ve daha genis 6rneklemlerden veri toplanarak
model sonuglarinin genellenebilirligi artirilabilir. Ayrica boylamsal veri kullanilarak akademik
basariy1 etkileyen faktorlerin zaman igerisindeki degisimi incelenebilir.

Egitim uygulamalar1 acisindan, akademik katilim, 6z-diizenleme ve motivasyon gibi
degiskenlerin basari iizerindeki belirleyici rolii dikkate alinarak 6grenci destek programlarinin bu
alanlara odaklanmasi Onerilmektedir. Bunun yani sira, 6grencilerin ¢evresel ve sosyoekonomik
kosullarinin iyilestirilmesi, akademik basariyr artirmaya yonelik Onemli bir strateji olarak
degerlendirilebilir.

Son olarak, agiklanabilir yapay zeka yontemlerinin makine 6grenmesi alaninda daha yaygin
kullanilmasi, yalnizca tahmin dogrulugunu incelemekle kalmayip, ayn1 zamanda karar verme
siireclerinin daha seffaf, yorumlanabilir ve veri temelli kararlar alinmasina katki saglayacaktir.
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olusturulmasinda kullanilmamistir. Calismanin bilimsel igerigi, analizleri ve sonuglari
tamamen yazara ait olup makalenin icerigine iliskin tiim akademik sorumluluk tamamen
bana aittir.

Telif Haklar1 ve izinler

Gerekli oldugu durumlarda telif hakki kapsamindaki materyaller igin tiim gerekli izinlerin
alindigin1 ve makalenin herhangi bir fikrl miilkiyet hakkini ihlal etmedigini beyan ederim.

Yazar Onay1

Makalenin son halini okudugumu ve onayladigimi, ayrica makalenin sunulmasina ve
yayimlanmasina onay verdigimi beyan ederim.
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