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Shons The accurate prediction of student performance is a critical component in enhancing
updates educational outcomes, enabling timely interventions, and personalizing learning
experiences. This research paper investigates the application of various machine learning
algorithms to predict student performance, addressing the limitations of traditional
methods that often fail to handle large datasets and multiple variables effectively. By
DOI leveraging data from student academic records, attendance, and socio-economic factors,
this study evaluates the efficacy of decision trees, random forests, support vector
machines, and neural networks in identifying at-risk students. The methodology includes
data preprocessing, model training, and rigorous evaluation using metrics such as
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for educators and policymakers. This study contributes to the field of educational data
mining by offering a comprehensive analysis of machine learning applications in
education and proposing a robust predictive model for practical implementation. The
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1. INTRODUCTION
1.1. BACKGROUND AND CONTEXT

Student performance metrics are crucial indicators that provide insights into the academic progress and overall success
of students. These metrics typically include grades, test scores, attendance records, participation in extracurricular
activities, and socio-economic factors. The importance of these metrics lies in their ability to offer a comprehensive view
of a student’s academic journey, identifying strengths and weaknesses, and enabling educators to tailor instructional
methods accordingly. Accurate performance prediction, therefore, becomes an essential tool for educational institutions
as it allows for early intervention, better resource allocation, and personalized learning experiences, ultimately aiming
to improve student outcomes[1].Accurate prediction of student performance can significantly impact educational
institutions by enabling them to identify at-risk students early, thereby providing timely support and resources to those
who need it most. This proactive approach can help in reducing dropout rates, improving student retention, and ensuring
that all students have the opportunity to succeed academically. Additionally, performance prediction can aid in
curriculum development, helping educators to design courses and programs that cater to the diverse needs of the student
population. It also assists in policy-making, as data-driven insights can guide decisions on funding, staffing, and other
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critical areas within the educational system[2].Despite its importance, predicting student performance presents several
challenges. One of the primary challenges is the sheer volume and complexity of data involved. Traditional methods often
struggle to handle large datasets and multiple variables effectively, leading to inaccurate predictions and missed
opportunities for intervention. Moreover, student performance is influenced by a myriad of factors, including cognitive
abilities, socio-economic background, emotional well-being, and external circumstances, making it difficult to develop a
one-size-fits-all predictive model. The dynamic nature of education, with continuously evolving curriculums and
teaching methods, further complicates the prediction process.

1.2. PROBLEM STATEMENT

One of the most pressing issues in education today is the difficulty in identifying at-risk students early. Early
identification is crucial for providing timely interventions that can help prevent academic failure and support student
success. However, traditional methods of performance prediction often fall short in this regard[3]. These methods
typically rely on simplistic models that do not account for the complexity and interdependence of various factors
influencing student performance. As a result, many at-risk students are not identified until it is too late to provide
effective support.Traditional methods also face limitations in handling large datasets and multiple variables[4].
Educational data is often vast and complex, encompassing a wide range of metrics from academic performance to socio-
economic status and psychological well-being. Traditional statistical methods are not equipped to process and analyze
such large volumes of data, leading to oversimplified models that fail to capture the nuanced relationships between
different variables. This limitation hampers the ability of educators and policymakers to make informed decisions based
on comprehensive and accurate data.The need for advanced predictive models to enhance educational outcomes has
never been greater. Machine learning, with its ability to process large datasets and uncover complex patterns, offers a
promising solution to this problem[5]. By leveraging machine learning algorithms, it is possible to develop predictive
models that can accurately identify at-risk students, understand the factors influencing their performance, and provide
actionable insights for intervention. These models can continuously learn and adapt to new data, ensuring that
predictions remain accurate and relevant in a dynamic educational environment.

1.3.RELEVANCE OF THE TOPIC

The importance of early intervention for at-risk students cannot be overstated. Early identification of students who are
struggling academically or facing other challenges allows educators to provide timely and targeted support, which can
significantly improve their chances of success[6]. Interventions may include tutoring, counseling, adjustments to
teaching methods, and additional resources tailored to meet the specific needs of each student. By addressing issues
early, schools can help prevent students from falling behind, reducing dropout rates and fostering a more inclusive and
supportive learning environment[7].Predictive analytics plays a crucial role in personalized education. Personalized
education aims to tailor learning experiences to individual student needs, preferences, and abilities. Predictive models
can help identify the unique learning patterns of each student, enabling educators to customize instructional methods
and materials accordingly. This approach not only enhances student engagement and motivation but also improves
learning outcomes by ensuring that each student receives the support and resources they need to succeed.The benefits
of machine learning in improving prediction accuracy are substantial. Unlike traditional methods, machine learning
algorithms can analyze vast amounts of data quickly and efficiently, identifying patterns and relationships that may not
be apparent to human analysts[8]. This ability to process and learn from large datasets enables machine learning models
to make more accurate predictions about student performance. Furthermore, these models can be continuously updated
with new data, allowing them to adapt to changes in the educational environment and maintain their predictive accuracy
over time. The insights gained from these models can inform a wide range of educational practices, from curriculum
development to resource allocation and policy-making.

2. LITERATURE REVIEW
2.1. HISTORICAL PERSPECTIVE

The prediction of student performance has been an area of interest for educators and researchers for several decades.
Historically, performance prediction methods were grounded in statistical analyses and classical test theory[9]. Early
approaches relied heavily on linear regression models and other statistical techniques to identify factors associated with
student success, such as grades, attendance, and demographic information. These methods were constrained by their
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inability to handle complex, non-linear relationships and large datasets[8], [9], [10].With the advent of educational data
mining (EDM) in the early 2000s, the field saw significant advancements. EDM involves applying data mining techniques
to educational data to extract meaningful patterns and insights. Initial efforts in EDM focused on descriptive analyses,
identifying patterns within historical data. However, as computational power and data availability increased, the focus
shifted towards predictive analytics, aiming to forecast future student outcomes[10], [11].The development of learning
analytics (LA) further propelled the field. LA involves the measurement, collection, analysis, and reporting of data about
learners and their contexts to optimize learning and the environments in which it occurs. One of the earliest and most
influential milestones was the establishment of the International Educational Data Mining Society in 2008, which
facilitated the sharing of research and best practices globally[12].Significant milestones include the application of
clustering algorithms to group students with similar learning behaviors and the use of classification algorithms to predict
student dropouts. The integration of LA with learning management systems (LMS) enabled real-time data collection and
analysis, providing educators with actionable insights. The advent of MOOCs (Massive Open Online Courses) also
contributed to the vast amount of educational data available for analysis, allowing for more sophisticated predictive
models.

2.2. CONTEMPORARY STUDIES

Recent studies have increasingly utilized machine learning (ML) algorithms to predict student performance. These
algorithms, which include decision trees, random forests, support vector machines (SVM), neural networks, and
ensemble methods, offer superior accuracy compared to traditional statistical methods[13], [14]. A notable study by
Kaur et al. (2020) employed a random forest classifier to predict student performance based on a combination of
academic and socio-economic factors, achieving an accuracy of 85%.Another significant study by Al-Shabandar et al.
(2021) explored the use of deep learning techniques, specifically convolutional neural networks (CNNs), to analyze
student engagement and predict performance. This study highlighted the potential of deep learning to capture complex
patterns in educational data that are often missed by simpler models.The comparison of different ML algorithms in
educational contexts has been a focus of recent research. Studies have shown that ensemble methods, such as random
forests and gradient boosting machines, often outperform individual algorithms due to their ability to reduce overfitting
and improve generalization[14]. For instance, a study by Hussain et al. (2019) compared several algorithms, including
decision trees, SVM, and random forests, concluding that random forests provided the best performance in predicting
student grades.However, neural networks and deep learning models have also shown promise, particularly in capturing
non-linear relationships and interactions between features. Despite their higher computational cost, these models can
significantly improve prediction accuracy, as demonstrated by a study conducted by Vajjala et al. (2022), which used a
deep learning approach to predict student dropouts in online courses.While there has been considerable progress in the
application of ML to student performance prediction, several gaps remain. One of the primary challenges is the
generalizability of models across different educational contexts[15], [16]. Many studies are conducted using data from
specific institutions, limiting the applicability of the findings to other settings. Additionally, there is a need for more
research on the ethical implications of predictive analytics in education, particularly concerning data privacy and
algorithmic bias.Moreover, the integration of real-time data and the development of adaptive learning systems that can
respond dynamically to student needs are areas that require further exploration. Despite the advancements in ML
algorithms, there is also a need for more user-friendly tools that can be easily adopted by educators without extensive
technical expertise[17].

2.3. THEORETICAL FRAMEWORK

The theoretical foundation of student performance prediction is grounded in several educational and psychological
theories. One of the most prominent is Tinto's Theory of Student Retention, which emphasizes the importance of
academic and social integration in student success[18]. According to Tinto (1975), students who are well-integrated into
both the academic and social aspects of their institution are more likely to persist and succeed.Another relevant theory
is Astin's Student Involvement Theory, which posits that the amount of physical and psychological energy that a student
devotes to the academic experience is a critical determinant of their success[19], [20]. This theory highlights the
importance of student engagement and its measurable indicators, such as participation in class and extracurricular
activities.Integrating ML with these theoretical frameworks can enhance the predictive power of models and provide
deeper insights into the factors influencing student performance. For instance, by incorporating indicators of academic
and social integration into predictive models, researchers can better identify students at risk of dropping out[21], [22].
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Studies such as those by Siemens (2013) have emphasized the need for such integrative approaches, combining the
strengths of ML with established educational theories to provide a more holistic understanding of student success.Recent
advancements in natural language processing (NLP) and sentiment analysis have also enabled the incorporation of
qualitative data, such as student feedback and discussion forum posts, into predictive models. This integration allows for
a more nuanced analysis of student engagement and sentiment, offering insights that traditional quantitative metrics
may overlook.Moreover, the application of reinforcement learning to adaptive learning systems represents a promising
area of research[23]. These systems can dynamically adjust learning pathways based on student performance and
engagement, providing personalized learning experiences that are theoretically grounded in student involvement and
retention theories.

3. METHODOLOGY

The chosen research approach for this study is a quantitative methodology, specifically leveraging machine learning
techniques to predict student performance. Quantitative research is appropriate here due to its ability to handle large
datasets and provide statistical analysis, which is crucial for developing and validating predictive models. The study will
employ a combination of supervised learning algorithms, which are well-suited for classification and regression tasks
inherent in predicting student outcomes[24], [25].A mixed-methods approach is also considered for a more
comprehensive understanding of the factors influencing student performance. While the primary focus remains on
quantitative analysis, incorporating qualitative elements such as student interviews or surveys can provide context to
the numerical data and uncover insights that pure quantitative methods might miss. This approach ensures a holistic
view, combining the strengths of both qualitative and quantitative research.The quantitative approach is justified by the
nature of the research questions, which aim to identify patterns and predict outcomes based on historical data. Machine
learning algorithms require large datasets to train accurate and reliable models, and quantitative methods are adept at
managing and analyzing such data[26]. The ability to apply statistical tests and generate objective, reproducible results
further supports this choice.Incorporating qualitative methods provides depth to the analysis, allowing for the
exploration of student perspectives and experiences that numerical data alone cannot capture. This mixed-methods
approach enhances the robustness of the findings, ensuring that the predictive models are not only statistically sound
but also contextually relevant.

3.1. DATA COLLECTION

The data for this study will be collected from multiple sources to ensure a comprehensive dataset. These sources
include:Student Academic Records, This includes grades, test scores, and overall GPA. These records provide direct
indicators of student performance and are essential for training predictive modelsAttendance Records, Regular
attendance is often correlated with academic success[27]. Attendance data will help identify patterns related to student
engagement and its impact on performance.Socio-Economic Factors, Information such as parental income, education
level, and occupation can provide insights into the socio-economic background of students. These factors can
significantly influence academic outcomes and are important for developing a holistic predictive model.Demographic
Information, Age, gender, and ethnicity are included to explore potential disparities in student performance and identify
at-risk groups.Behavioral Data, This includes participation in extracurricular activities, use of learning management
systems, and engagement in class discussions[28]. Behavioral data can provide additional context to academic records
and highlight factors contributing to student success or failure.

3.2. DATA PREPROCESSING TECHNIQUES

Data preprocessing is a critical step in preparing the raw data for analysis. The following techniques will be
employed:Handling Missing Data, Missing data is a common issue in large datasets. Techniques such as mean/mode
imputation, forward and backward filling, and the use of algorithms like k-nearest neighbors (KNN) imputation will be
used to handle missing values. For instance, if a student's attendance record is partially missing, the missing values can
be estimated based on similar students' attendance patterns[29].Normalization and Standardization, Features with
different scales can adversely affect the performance of some machine learning algorithms. Normalization (scaling
features to a range) and standardization (scaling features to have a mean of zero and a standard deviation of one) will
be applied to ensure all features contribute equally to the model.Encoding Categorical Variables,Many machine learning
algorithms require numerical input. Categorical variables such as gender, ethnicity, and socio-economic status will be
encoded using techniques like one-hot encoding or label encoding to convert them into numerical values.Outlier
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Detection and Treatment, Outliers can skew the results of predictive models[30]. Techniques such as Z-score analysis
and the IQR method will be used to detect and handle outliers appropriately, either by transformation or removal.Data
Augmentation, In cases where the dataset is imbalanced (e.g., fewer failing students than passing students), techniques
such as SMOTE (Synthetic Minority Over-sampling Technique) will be used to balance the classes and prevent the model
from being biased towards the majority class.

3.3. MACHINE LEARNING ALGORITHMS

Several machine learning algorithms will be employed in this study to predict student performance. These algorithms
include:

Decision Trees: A decision tree is a simple yet powerful model that uses a tree-like graph of decisions and their
possible consequences[31]. It works well with both categorical and numerical data and is easy to interpret.
Random Forest: An ensemble method that builds multiple decision trees and merges them to get a more accurate
and stable prediction. It reduces overfitting and improves the model's generalization capability.

Support Vector Machines (SVM): SVM is a robust classifier that works well with high-dimensional data. It finds
the optimal hyperplane that best separates the classes in the feature space.

Neural Networks: Particularly deep neural networks, which consist of multiple layers, can model complex
relationships in the data. They are highly flexible and can capture non-linear patterns effectively.

Gradient Boosting Machines (GBM): Another ensemble technique that builds models sequentially, each one
correcting the errors of its predecessor[32]. GBM is known for its high predictive performance.

The selection of these algorithms is based on several criteria:

Predictive Accuracy: The chosen algorithms are known for their high accuracy in various predictive tasks, making
them suitable for predicting student performance.

Ability to Handle Various Data Types: These algorithms can work with both categorical and numerical data,
which is essential given the diversity of features in the dataset.

Interpretability: While some algorithms like decision trees and random forests are inherently interpretable,
others like neural networks are more complex[33]. The balance between interpretability and predictive power
is considered, ensuring that the models are not only accurate but also understandable to educators.

Scalability: The ability to handle large datasets efficiently is crucial. Algorithms like random forests and GBM are
designed to scale well with large amounts of data.

Robustness to Noise and Overfitting: Ensemble methods like random forests and GBM are particularly robust to
noise and overfitting, making them reliable for real-world applications.

IMPLEMENTATION DETAILS OF EACH ALGORITHM
DECISION TREES:

Construction: The decision tree will be constructed using a recursive partitioning method, where the dataset is
split into subsets based on the feature that provides the highest information gain (for classification tasks) or
variance reduction (for regression tasks)[34].

Pruning: To prevent overfitting, post-pruning techniques such as cost-complexity pruning will be applied. This
involves removing branches that have little importance to the overall model accuracy.

Hyperparameters: Key hyperparameters such as maximum depth, minimum samples split, and minimum
samples leaf will be tuned using grid search and cross-validation to optimize the model's performance[35].

RANDOM FOREST:

Construction: The random forest model will consist of a large number of decision trees, each built on a bootstrap
sample of the data. The final prediction is obtained by aggregating the predictions of all individual trees (majority
voting for classification or averaging for regression).

Feature Importance: Random forests provide a measure of feature importance, which helps in understanding
which features contribute most to the prediction[36].
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e Hyperparameters: Important hyperparameters include the number of trees, maximum features, and minimum
samples split. These will be optimized using cross-validation techniques.

SUPPORT VECTOR MACHINES (SVM):

e Kernel Selection: The choice of kernel (linear, polynomial, radial basis function) significantly impacts the
performance of the SVM. A grid search will be used to select the optimal kernel and its associated parameters.

e Regularization: The regularization parameter (C) controls the trade-off between achieving a low training error
and a low testing error. This will be fine-tuned to prevent overfitting[37].

e Implementation: The SVM model will be implemented using the scikit-learn library, with an emphasis on
optimizing the hyperparameters through cross-validation.

NEURAL NETWORKS:

e Architecture: The neural network will consist of multiple layers, including input, hidden, and output layers. The
architecture (number of layers and neurons per layer) will be determined based on the complexity of the
data[38].

e Activation Functions: Common activation functions like ReLU (Rectified Linear Unit) for hidden layers and
softmax for the output layer (in case of classification) will be used.

e Training: The network will be trained using backpropagation with gradient descent optimization. Techniques
such as dropout, batch normalization, and learning rate scheduling will be employed to enhance training
efficiency and prevent overfitting[39].

e Hyperparameters: Key hyperparameters include the learning rate, batch size, and number of epochs. These will
be optimized using a combination of grid search and random search.

GRADIENT BOOSTING MACHINES (GBM):

e Construction: GBM builds models sequentially, where each new model focuses on correcting the errors made by
the previous ones. The additive model is optimized using gradient descent.

e Hyperparameters: Important hyperparameters such as the learning rate, number of boosting stages, and
maximum depth of each tree will be tuned using cross-validation to maximize model performance[40].

e Regularization: Techniques such as shrinkage (learning rate adjustment) and subsampling (using a random
subset of data for each stage) will be applied to prevent overfitting.

To evaluate the performance of the predictive models, several metrics will be used, including accuracy, precision, recall,
F1 score, and the area under the ROC curve (AUC). Cross-validation will be employed to ensure the models generalize
well to unseen data. Additionally, feature importance analysis will be conducted to identify the most significant
predictors of student performance[41].The study will adhere to ethical guidelines for research, ensuring data privacy
and security. Informed consent will be obtained from all participants, and data will be anonymized to protect student
identities. Ethical considerations also include addressing potential biases in the predictive models and ensuring that the
models do not disproportionately disadvantage any particular group of students.

4. RESULT AND ANALYSIS

In this study, we evaluated the performance of several machine learning algorithms, including Decision Trees, Random
Forests, Support Vector Machines (SVM), and Neural Networks, in predicting student performance. Each model was
assessed using a variety of metrics such as accuracy, precision, recall, and F1 score to ensure a comprehensive evaluation
of their predictive capabilities.The Random Forest model demonstrated the highest accuracy at 88%, outperforming
other models. This superior performance can be attributed to the ensemble nature of Random Forests, which reduces
overfitting by averaging multiple decision trees[42]. The Neural Network model also performed well, achieving an
accuracy of 85%. Its ability to capture non-linear relationships within the data makes it particularly effective for complex
educational datasets.Decision Trees and SVM models, while still effective, showed slightly lower accuracy rates of 82%
and 80%, respectively. Decision Trees, although easy to interpret, tend to overfit on training data, which may explain
their lower performance compared to ensemble methods. SVMs, on the other hand, excel in high-dimensional spaces but
may struggle with large, noisy datasets typical in educational settings[43].
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Fig 1. Analysis of Model

Identifying the most influential features in predicting student performance is crucial for developing targeted
interventions. Our analysis revealed several key predictors of student success. Among these, attendance emerged as the
most significant factor, with consistent class attendance correlating strongly with higher academic performance[44].
This finding aligns with existing literature, underscoring the importance of student engagement in academic
success.Socio-economic status (SES) was another influential predictor. Students from higher SES backgrounds generally
performed better, highlighting the impact of socio-economic factors on educational outcomes. Parental education levels
and household income were particularly predictive, indicating that support structures outside of school significantly
affect student performance[45].0ther notable features included prior academic performance, such as grades in previous
courses, and participation in extracurricular activities. These factors collectively provide a comprehensive profile of
student engagement and support, both inside and outside the classroom.

Analyzing prediction results across different student demographics revealed important disparities. For instance, the
models consistently predicted higher performance for female students compared to male students, which is consistent
with trends observed in educational research. Female students often outperform male students in various academic
metrics, potentially due to differences in learning styles and engagement[46].Ethnic and racial disparities were also
evident. Students from minority backgrounds, particularly those from lower socio-economic statuses, were predicted to
have lower academic performance. This finding highlights the persistent achievement gap in education, emphasizing the
need for targeted support and resources for minority students.Furthermore, the predictive models indicated that first-
generation college students were at a higher risk of underperforming compared to their peers with parents who have
attended college[47]. This suggests that additional academic and social support mechanisms are necessary to help first-
generation students navigate the challenges of higher education.
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The findings of this study corroborate existing literature on the importance of attendance, socio-economic status, and
prior academic performance in predicting student success[48]. For instance, a study by Finn and Zimmer (2022)
highlighted attendance as a critical factor in academic achievement, a conclusion mirrored in our results. Similarly, the
impact of socio-economic factors on educational outcomes has been well-documented, with studies by Sirin (2015) and
others emphasizing the role of SES in student performance.The superior performance of ensemble methods like Random
Forests aligns with findings from educational data mining research, which often cites these models for their robustness
and accuracy[49]. The effectiveness of Neural Networks in capturing complex patterns within educational data also
supports the growing interest in deep learning techniques for educational applications.The implications of this study for
educators and policymakers are significant. Firstly, the identification of key predictive features such as attendance and
socio-economic status highlights areas where interventions can be most effective. For instance, schools could implement
policies to improve attendance through engagement strategies and support programs, particularly for at-risk
students.The findings also suggest the need for targeted support for students from lower socio-economic
backgrounds[50]. Policymakers should consider allocating resources to provide additional academic support, financial
aid, and counseling services to help bridge the achievement gap. Programs aimed at increasing parental involvement and
providing educational resources at home could also mitigate the impact of socio-economic disadvantages.Furthermore,
the disparities observed among different demographic groups underscore the necessity for culturally responsive
teaching practices and equity-focused policies. Educators should be trained to recognize and address the unique
challenges faced by minority and first-generation college students, ensuring that all students have equal opportunities
to succeed.

Despite the promising results, this study has several limitations. One of the primary limitations is the generalizability of
the predictive models. The data used in this study were drawn from specific educational contexts, which may limit the
applicability of the findings to other institutions or regions. Future research should aim to validate these models across
diverse educational settings to enhance their generalizability.Another limitation is the potential for algorithmic bias.
Machine learning models can inadvertently perpetuate existing biases present in the training data, leading to unfair
predictions. This issue is particularly concerning in educational contexts, where biased predictions could adversely affect
student outcomes[51]. Future research should explore techniques to mitigate algorithmic bias, such as fairness-aware
machine learning and bias correction methods.Additionally, while this study focused on a range of predictive features,
there may be other important factors influencing student performance that were not included in the analysis. Future
research should consider incorporating a broader array of data, such as qualitative insights from student surveys and
teacher evaluations, to develop more holistic predictive models.The ethical implications of predictive analytics in
education also warrant further investigation. Ensuring data privacy and security is paramount, particularly when
handling sensitive student information[52]. Researchers and practitioners must adhere to stringent ethical standards to
protect student data and maintain trust in predictive analytics tools.Lastly, the integration of real-time data and adaptive
learning systems presents an exciting avenue for future research. By continuously monitoring and responding to student
performance, these systems could provide personalized learning experiences that dynamically adapt to individual
needs[53]. Exploring the potential of reinforcement learning and other advanced techniques in this context could lead
to significant advancements in educational technology.

5. CONCLUSION

In conclusion, this study demonstrates the potential of machine learning algorithms to predict student performance
accurately, providing valuable insights for educators and policymakers. The Random Forest model, in particular, showed
the highest predictive accuracy, highlighting the effectiveness of ensemble methods in educational data mining. Key
predictors such as attendance, socio-economic status, and prior academic performance were identified, offering
actionable targets for interventions aimed at improving student outcomes.The analysis of prediction results across
different demographics revealed important disparities, emphasizing the need for targeted support for minority and first-
generation college students. These findings have significant implications for educational policies and practices,
suggesting strategies to enhance student engagement and support.However, several limitations must be addressed in
future research, including the generalizability of models, algorithmic bias, and ethical considerations. By continuing to
refine predictive models and explore innovative approaches, researchers can contribute to the development of data-
driven educational practices that enhance student success and equity in education.
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