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This study aims to evaluate the efficiency of artificial intelligence models in
educational planning and predicting students' academic performance, as well as
optimizing personalized learning. A comparison between Artificial Neural
Networks (ANN) and Linear Regression (LR) was conducted to identify the
optimal model for analyzing educational data.This quantitative research was
conducted using an analytical-comparative method. Educational data were
extracted from Learning Management Systems (LMS), and both Linear
Regression (LR) and Artificial Neural Networks (ANN) were utilized for
analysis. Indicators such as the coefficient of determination (R?), Mean
Absolute Error (MAE), and Root Mean Square Error (RMSE) were examined
to assess the accuracy and generalizability of the models.The findings revealed
that the neural network, with a coefficient of determination (R? = 0.88) in the
testing phase, exhibited higher accuracy compared to linear regression (R2 =
0.75). The neural network was better at identifying complex relationships
among educational variables, demonstrating its superior accuracy in predicting
students' academic performance and optimizing educational planning.This
study demonstrates that artificial neural networks are powerful analytical tools
with significant potential for optimizing educational planning processes.
However, effective utilization of these models requires sufficient data, optimal
configurations, and appropriate computational infrastructure. It is
recommended that universities and educational institutions leverage machine
learning models for analyzing large-scale educational data and equip
educational planning systems with Al-based technologies. Additionally,
increasing awareness and training educators about the applications of Al in
educational planning and personalized learning can enhance the quality of
education and reduce academic dropout rates.
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Introduction

The rapid advancement of artificial intelligence (Al) and data science has transformed higher education
by enabling data-driven educational planning, personalized learning, and predictive analytics. Al
integration facilitates the analysis of vast datasets from learning management systems (LMS), identifying
student behavior patterns to tailor educational strategies to individual needs, thereby addressing challenges
posed by student diversity and labor market demands (Ouyang et al., 2023). Personalized learning,
powered by Al algorithms, optimizes engagement and academic outcomes by adapting content to learners’
preferences (Nkomo et al., 2021). Predictive analytics further enhances decision-making, with machine
learning (ML) models forecasting academic performance and identifying at-risk students through historical
data, interaction patterns, and assignment metrics (Goldberg et al., 2021). However, traditional methods
like linear regression (LR) often fail to capture complex nonlinear relationships in educational data,
limiting their efficacy (Luckin & Cukurova, 2019). In contrast, artificial neural networks (ANN) excel in
modeling intricate patterns, improving accuracy in predicting performance, reducing dropout rates, and
aligning curricula with industry needs (Bhardwaj et al., 2021; Gasevic et al., 2017). Despite these benefits,
Al adoption faces barriers such as inadequate infrastructure, data privacy concerns, and educator resistance
(Bowden et al., 2021). This study evaluates AI’s efficiency in educational optimization by comparing
ANN and LR using LMS-derived data, with performance metrics including R?, MAE, and RMSE. The
research underscores the potential of integrating ML with educational planning to develop adaptive
learning pathways and intelligent decision-support systems, addressing challenges like technological
limitations and ethical considerations. By bridging Al capabilities with academic strategies, this approach
aims to enhance educational quality and institutional efficiency, offering novel solutions for future-ready

pedagogy.

Results

This study compared the effectiveness of linear regression (LR) and artificial neural network (ANN)
models in predicting students' future academic performance and success in personalized learning. Data
were collected from 384 students, considering variables such as interaction in virtual classes, previous
grades, learning styles, educational interests, number of completed assignments, and participation in class
discussions. The LR model identified previous grades and educational interests as the most significant
predictors, with coefficients of 0.52 each, followed by interaction in virtual classes (0.32) and participation
in class discussions (0.25). The model achieved a coefficient of determination (R?) of 0.80 and a mean
absolute error (MAE) of 0.84, explaining 80% of the variance in academic performance. For predicting
success in personalized learning, previous grades and educational interests remained key predictors, with
coefficients of 0.47 each. This model had an R2 of 0.75 and an MAE of 0.84, indicating acceptable

accuracy.

The ANN model demonstrated superior performance across training, validation, and testing phases.
In the test phase, it achieved an R? of 0.88 and an MAE of 0.81, outperforming the LR model. The ANN
effectively captured complex nonlinear relationships among variables, as evidenced by higher correlation
coefficients and lower errors in all phases. These results suggest that the ANN model provides higher
accuracy and better generalization for predicting academic outcomes and optimizing personalized
learning.

In conclusion, the ANN model outperforms the LR model in predicting students' academic
performance and enhancing personalized learning. Implementing ANN models can assist educational
institutions in improving educational planning, personalizing learning pathways, and better supporting
student success. The superior accuracy and ability to model complex relationships make ANN a valuable
tool for advancing educational outcomes in higher education.indirect effect of academic stressors on
academic burnout through procrastination is not significant.
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Conclusions

This study demonstrates that artificial neural networks (ANN) outperform linear regression (LR) in
predicting students’ academic performance and optimizing personalized learning and educational
planning. In addressing the first research question on predictive accuracy, ANN achieved a higher
coefficient of determination (R? = 0.88) compared to LR (R? = 0.75) during testing, highlighting ANN’s
superior generalizability and ability to capture complex, nonlinear relationships among educational
variables. ANN also exhibited a lower mean absolute error (MAE) across all stages, indicating greater
precision in predicting academic outcomes. These findings align with prior research: Bhardwaj et al.
(2021) and Ouyang et al. (2023) emphasize deep learning models’ efficacy in analyzing student
engagement and enhancing personalized learning, while Luckin & Cukurova (2019) link Al-driven tools
to reduced academic dropout rates. Dawson et al. (2019) and Bowden et al. (2021) further validate the role
of educational big data and deep learning in understanding student behavior and improving instructional
strategies.

The study underscores ANN’s advantages over LR, particularly in processing multidimensional data
and identifying intricate patterns, enabling more accurate, adaptive educational interventions. ANN’s
capabilities can reduce academic attrition by enabling early identification of at-risk students and facilitating
timely support. Practical recommendations include integrating ANN-based systems into learning
management platforms for real-time performance monitoring, adaptive content delivery, and automated
alerts for educators. Policymakers are urged to develop Al-driven curricula that align with individual
learning styles, leveraging ANN to personalize educational pathways and enhance learning efficacy. By
adopting ANN-powered analytics, institutions can optimize digital education systems, improve student
success rates, and advance the future of higher education through data-driven, student-centric approaches.
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1. Educational Future

2. Personalized learning
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