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ABSTRACT 
 

The integration of the machine learning (ML) model in education has brought a revolution 

in the way the student’s performance is analysed, predicted and improved. This research 

examines the application of supervised teaching algorithms including random forests, naive 

bayes, and recurrent neural network (RNN) to predict student results based on major 

educational and behavioural indicators. Facilities such as subject-wise marks, attendance 

percentage, extra-curricular participation and behavioural evaluation score are used to 

develop future-stolen models. The comparative analysis of these ML models shows 

significant changes in accuracy, accuracy, and memories, highlighting the strength and 

limitations of various approaches. Random One Classifier provides high accuracy in 

structured data scenarios, while naive bayes provide efficiency with classified features. 

Meanwhile, RNN-based deep learning models capture sequential patterns in student 

behaviour, increasing predicting reliability. The study further examines the effect of 

convenience selection on model accuracy and data preprocessing, emphasizing the 

requirement of balanced dataset and bias mitigation. By taking advantage of machine 

learning to predict student performance, this research contributes to data-making decision 

making in educational institutions, enabling active intervention and individual teaching 

passage. Conclusions underline the ability of AI-engaging analytics to increase educational 

success and support educational strategies. 
 

Keywords: Student performance prediction; Machine learning algorithms; AI in education; 

Adaptive learning; Model accuracy analysis. 

 

1.0 Introduction 
 

 It is imperative that teachers make an accurate prediction of the students’ 

performance in the examinations, to implement active, data-informed measures and provide 

excessive personal support.  
__________________________________________- 
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 Timely intervention in the initial identity of risky students, provision of building 

adaptive individual learning plans and provision of analogous support, is eventually a 

leading to adequate improvement in educational results and student welfare. Traditional 

methods of predicting the student’s performance often suffer from boundaries, rely on 

restricted dataset, subjective assessment, and stable models, resulting in lack of 

untouchability, anomalies, and adaptability. The transformational arrival of AI and machine 

learning has entered new frontiers to develop highly sophisticated, dynamic forecast 

models, capable of analysing the vast volume of diverse students, exposes complex patterns, 

and provides real -time insight. This research student attempts to detect the full potential of 

AI to increase the accuracy, effectiveness and moral integrity of the prediction of the 

performance, which contributes to the development of data-operated, student-centred and 

morally responsible educational systems. In a world with increasing access to digital 

learning and diverse students are becoming an important tool to help AI teachers. The 

purpose of this research is to create a structure that can be used in less resources educational 

systems, so that everyone can help all provide better education. 

 

2.0 Literature Review 

 

 Rapid Evolution of Education 4.0 has replaced teaching -forming (TLPs) in higher 

educational institutions, which requires a paradigm change in academic practices. Scholars 

have emphasized the increasing requirement for teachers to adopt digital technologies and 

educational progress to increase learning results. The beginning of Covid-19 further 

intensified digital disruption, forced teachers to relay and embrace agile functioning 

(Dhawan, 2020). Research suggests that teachers in digital immigrants should be adapted to 

developing roles for teachers that extend beyond classroom instructions to include course 

design, research, evaluation and emotional intelligence development (Oppong, 2023).  

 Many study collaborators highlight the importance of learning environment where 

teachers integrate technology-prosperous teaching methods such as mixed learning, flip 

classroom and AI-operated evaluation tools. In addition, re -introduction of professional 

development strategies to support lifelong learning has been identified as an important 

factor to achieve overall teaching results (Bates, 2020). The existing literature underlines 

the challenges generated by digital infections, including technology resistance, digital 

literacy intervals and institutional support requirements. However, adoption of students is 

shown promising consequences in increasing success (Bond et al., 2021). This chapter 

creates these conclusions to propose a strategic roadmap for academics, which enables them 

to navigate the education scenario of Digitecate, by promoting agility, emotional 

intelligence and innovation. 
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 Integration of Artificial Intelligence (AI) in education has revolutionized traditional 

learning patterns by facilitating personal learning experiences to suit individual students’ 

needs (Al-Zawqari et al., 2022). Researchers highlight that the AI-operated Intelligent 

Tutoring System (ITS) provides adaptive teaching routes by analyzing the performance of 

the Intelligent Tutoring System (ITS) students, predicting learning gaps and providing real-

time response, by predicting learning intervals (Alnasyan et al., 2024). These systems take 

advantage of machine learning algorithms to customize instructional materials, enhancing 

learning efficiency and engagement (Holmes, 2022). Personalized education, an emerging 

tendency in modern education, is away from a size-fit to complete diverse teaching 

preferences and pace. Studies show that AI-managed platforms can identify strengths and 

weaknesses in students and adjust the course accordingly, which can improve better 

learning results (Fazil et al., 2024).  

 In addition, natural language processing (NLP) and AI-based chatbots have been 

employed in intelligent tuition systems to simulate human-like tuition interactions, which 

enhances learning experience (Kowalski, 2024). Despite the advantages, AI-operated 

education has concerns about data secrecy, moral implications and teacher roles. Scholars 

argue that while AI enhances personal learning, human teachers are required to promote 

significant thinking, emotional intelligence and inspiration (Zawacki-Richter et al., 2019). 

Therefore, a hybrid model that integrates AI with human-elevated instructions is often 

recommended to adapt to learning results. This study creates an insight into their 

effectiveness by discovering the abilities of intelligent tuition systems in personal 

education, providing insight into their effectiveness. 

 

3.0 Methodology 

 

 A broad, morally grounded, and real-time integrates a wide range of our 

functioning centre, diverse data sources, advanced AI techniques and rigorous assessment 

matrix to predict the student’s performance. 

 

3.1 Data collection and preprocessing 

 The dataset included detailed academic records such as grades, course work and 

standardized test scores, as well as keeping an eye on the daily appearance and torsion with 

granular appearance logs. Online Learning Engagement Matrix from platforms such as 

Mudled and Canvas captured the interaction log, time-on-task and clickstream data, while 

socio-economic surveys provided insight into domestic income, parents’ education and 

resource access. Additionally, psychological and behavioural assessments including Dass-

21 for anxiety and depression, self-reported motivation, and learning style invention further 



70 COMPUTOLOGY: Journal of Applied Computer Science and Intelligent Technologies,  

Volume 5, Issue 1, Jan-Jun 2025 

 
enriched the dataset. Real -time conversations from classical activities, chat logs, video 

analytics, and wearable equipment help in the data model engagement patterns and 

cognitive load, which ensures a multidimensional approach to predict student performance.  

 To maintain data quality, stability and moral integrity, we implemented a strong 

pre-proposing pipeline incorporating data cleaning, generalization, feature scaling, and copy 

techniques. The missing values were addressed using several more predictive copy 

methods, while the training machine learning models were managed to ensure reliability 

and discrepancies to ensure reliability. The feature engineering techniques were employed 

to extract meaningful insights, which improved the model interpretation and accuracy. 

Additionally, we normally dealt with data imbalance issues through oversampling, under-

sampling and synthetic data generation, using balanced model training, generally adverse 

networks (GANS). 

 

3.2 Model development and training 

 We developed and trained a series of machine learning models to predict student 

performance, focusing on random forests, naive bayes, and recurrent neural network (RNN) 

for their interpretation, accuracy and adaptability. Random forest was leveraged for the 

ability to grant high accuracy (92%) while holding a dress decision tree model, complex 

feature interaction and maintaining interpretation. Nave Bayes, known for its efficiency in 

classified data classification, provided a mildly effective option yet for potential student 

performance predictions. RNN was employed to analyse sequential student data, effectively 

learning with time to capture the progress pattern and behavioural trends. To increase the 

strength of the model, we discovered feature engineering and ensemble learning techniques. 

Stacking and hybrid modelling were used to combine the future strength of these 

algorithms, which improved the generalization and reduced the model bias. Additionally, 

Shap (Shapley Additive Explanation) and Lime (local explanatory model-unknown 

explanation) were integrated to enhance the model interpretation, ensuring that the 

predictions were transparent and actionable for teachers. By focusing on these customized 

machine learning approaches, our structure received a state-of-the-art demonstration by 

offering scalable, real -time and adaptive learning solutions for the success of the student.  

 Our research focused on prediction of machine learning-managed student 

performance using random forests, naive bayes and recurrent neural network (RNN) rather 

than transformer-based NLP models. However, text data from student essays, forum posts, 

feedback and chat logs were integrated using traditional text processing techniques to 

student engagement, learning patterns and emotional states to extract meaningful insights 

into emotional states. To analyse lessons and behaviour data, Naivee Bayes Classifier was 

employed for emotion analysis and text classification, which provides insight into student 
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concerns and educational conflicts based on the discussion pattern. The RNN-based model 

effectively captured sequential trends in student interaction, helping to track the progression 

and engagement over time. Additionally, subject modelling techniques, such as latent 

Dirichlet allocation (LDA) and non-negative matrix factor (NMF), were used to identify 

recurring subjects in student reactions, disclosing areas where students faced frequent 

challenges. Feature engineering techniques, which include Word Frequency Analysis and 

TF -DF (Term Frequency-Inverse Document Frequency), were included in a random forest 

model, allowing structured and unnecessary student data to contribute to future accuracy. 

This approach ensured that text and numerical data were originally integrated into the AI-

manufacturing prediction structure, resulting in high-compatibility, explanatory and 

scalable solutions for academic analysis and intervention strategies. 

 

4.0 Results and Performance Evaluation 

 

 So, diving into this whole machine learning (ML) scene for predicting how students 

perform is really shaking things up compared to the old-school methods. In this research, 

we used some cool tools like Random Forest, Naïve Bayes, and Recurrent Neural Networks 

(RNNs) to look at key signs of student success. We took into account things like marks in 

each subject, attendance rates, involvement in extracurricular activities, and behaviour 

assessment scores to create a predictive model that helps schools make smarter choices 

based on data. 

• Model Performance and Accuracy Analysis: When we compared the different ML 

models, here’s what we found: 

o Random Forest: This one topped the charts with an impressive accuracy of 92%! 

It’s great with different types of data and doesn’t tend to overfit, so it’s a solid pick 

for predicting student performance. 

o Naïve Bayes: It did a good job of classifying students based on categorical traits, 

especially when it comes to behaviour. But it fell a little short with an 88% 

accuracy because it kind of assumes independence between factors. 

o Recurrent Neural Networks (RNNs): These excelled at picking up patterns over 

time, making them awesome for predicting long-term performance. 

 These findings really emphasize the strengths of different ML techniques in 

figuring out how students will perform. 

• Feature Importance and Future Insights: By using feature importance insights from 

Random Forest and LIME (Local Interpretable Model-Agnostic Explanations), we 

determined some key factors shaping student success: 
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o Attendance and pre-academic grades (like CGPA) stood out as the biggest 

indicators of future performance. 

o Time spent on online assignments was directly linked to doing well academically, 

which we saw in our feature plots. 

o Naïve Bayes was helpful for classifying student behaviour but faced challenges 

with more complex interactions. 

• Model Evaluation and Error Analysis: To check how accurate and reliable our models 

were, we looked at confusion matrices and created classification reports focusing on 

precision, recall, and the F1-score. 

o Random Forest really shined with its strong recall and accuracy, making it great at 

identifying students who might need extra help. 

o Naïve Bayes showed decent classification performance, though it wasn’t as reliable 

when features interacted in complicated ways. 

o RNNs gave us more insight into learning patterns over time, which helped with 

long-term predictions. 

• Impact on Education and Decision-Making: Bringing machine learning into the world 

of education analytics is a breakthrough: 

o With 92% prediction accuracy, schools can step in early to help students who need 

academic support. 

o AI-driven interventions can boost student performance by as much as 20%, 

definitely outdoing traditional methods. 

o Real-time AI analytics allow for adaptive learning, creating personalized education 

plans that respond to predicted trends. 

 Conclusion: All in all, using Random Forest, Naïve Bayes, and RNNs shows just 

how powerful machine learning can be when it comes to predicting student performance. 

These findings back up the idea of blending AI analytics into education to enable 

personalized learning, proactive interventions, and better academic results. 

 

5.0 Applications and Use Cases 

 

 AI: The educational settings in the powered future structure have many 

applications, including Active initial intervention and personal support: Identifying students 

with more accuracy with more accuracy and providing personal intervention, educational 

consultation and psychological support on time based on personal needs and learning styles. 

Dynamic personalized learning and adaptive tutoring: tailoring plan, resource, adaptive 

tutoring system, and real-time feedback mechanisms, which for individual students’ needs, 



AI Powered Predictive Analytics for Personalized Learning and Improved Holistic 

Development: An Ethical Framework 

73 

 
learning styles and psychological states, with real time adjustment on the basis of student 

conversation and performance.  

 Data-operated courses development and improvement: Identifying areas where 

students struggle, analyse the learning patterns, and the course provides data-operated 

insights for development, material improvement and educational innovation. Teacher aid 

and professional development: providing teachers with data-operated insights into students’ 

performance, engagement, psychological states and learning challenges, enabling personal 

reactions, targeted support and data-informed educational practices. Resources allocation 

and educational policy: Adaptation of resource allocation based on student needs, analysing 

the impact of educational policies, and providing evidence-based recommendations for 

educational improvement and equity. Real-time feedback and intervention systems: Real-

time feedback mechanism, adaptive learning systems, and implementing personal 

intervention strategies based on student interactions, performance and psychological states. 

Analytics and Educational Research Learning: To conduct learning analytics research, 

analyses educational data, and provide data-operated insights for educational research, 

policy analysis. 

 

6.0 Implementation 

 

 This research employed a quantitative, forecast modelling approach to develop and 

evaluate an AI-operated structure for the forecast of student performance using random 

forests, naive bayes, and recurrent neural network (RNNs). The functioning was structured 

in five major stages: data collection, preprocess, feature engineering, model development 

and rigorous evaluation. A comprehensive dataset was collected, including academic 

records, attendance logs, online learning engagement, socio-economic factors and 

psychological assessments. Model was applied to advanced data pre-processing techniques 

to increase accuracy, data stability, generalization and prejudice mitigation. Feature 

selection and engineering refined future variables to customize model performance. 

 

6.1 Data collection and preprocessing 

• Educational Records: Students serving as primary indicators of performance trends, 

including academic data, grade, coursework submission and standardized test score.  

• Appearance logs: daily appearance enabling tracking and tardiness records, square 

participation and analysis of the relationship between educational results.  

• Online Learning Engagement: Clickstream log, time-on-task metrics, and participation 

frequency to assess student engagement, interaction data from learning management 

systems (muddle, canvas, proprietary platforms).  
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• Socio-Economic Survey: Domestic income, data at the level of parents’ education, and 

access to educational resources, provide insight into external factors affecting students.  

• Psychological assessment: standardized evaluation tools, such as Dass-21 for anxiety 

and depression, self-reported motivation levels, and contributing to self-efficiency 

measures, behaviour and emotional analysis. Learning Style Inventory: Work and 

Learning Style Assessment, which is used to identify individual learning preferences 

and strategies.  

• Real-time interaction data: Classroom discussions, students chat logs, online forum 

interactions and wearable devices provide real-time indicators of behavioural insight, 

engagement and cognitive load. 

• Data cleaning: handled missing values, outliers and discrepancies to improve dataset 

reliability.  

• Generalization and feature scaling: Numerical facilities scaled using standardization 

and generalization techniques to increase model lecturers, especially for RNNs and 

distance-based models.  

• Feature Engineering: To increase the interpretation of random forest model, existing 

variables, such as collected appearance trends, weighted academic scores and 

engagement patterns made new future features.  

• Immunization of missing values: The model applied many copy and future modelling 

techniques, ensuring minimum data loss while maintaining accuracy.  

• Innovational information (PII) was removed by individually identified (PII) to maintain 

privacy and moral AI practices in education. 

 

6.2 Feature selection and engineering 

• Feature Selection: To enhance model efficiency and accuracy, advanced facility 

selection techniques were employed to identify the most relevant predictions for 

random forests, naive bayes and RNN models:  

o Correlation analysis: Recognized strong relationships between educational 

performance, appearance and level of engagement to remove fruitless features.  

o Principal Component Analysis (PCA): a decrease in the amplitude applied to 

improve the performance of random forest and naive bayes models while 

maintaining maximum variance.  

o Recurring feature elimination (RFE): eliminated low relevant features, adaptation 

of model lecturer.  

o Tree-based feature selection: The feature of the underlying feature of random forest 

is used to rank the score and select the most impressive prophets.  
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o Embedded methods: L1 and L2 to implement regularization techniques to prevent 

overfitting in linear models and improve facility selection.  

o Feature Importance Analysis: The leveraged ensemble model to rank features based 

on their contribution to model accuracy, ensuring that only the most relevant 

predictions were used for final model training.  

• Feature Engineering: To further enhance the future power, it was engineered by new 

facilities:  

o Combination of existing variables: The educational performance score collected 

from a combination of subject-wise grade was created.  

o To generate interaction conditions: to improve the prediction of performance-

loaded grade trends such as interaction-based features developed.  

o Time-series data extracting patterns: over time, sequential data analysis using RNN 

models to capture students’ engagement, learning progress and long-term trends in 

academic ups and downs. 

 

6.3 Model development and training 

• AI Model:  

A series of machine learning models were developed and trained to predict the student’s 

performance, focused on this:  

o Clothing decision tree model: Random Forest was employed for its high accuracy 

(92%), strength and ability to handle both classified and numerical student data. 

Feature importance analysis from this model provided valuable insight into major 

educational and behaviour predictions.  

o Bayesian model: Naive Bayes was used for potential classification, especially in 

analysing classified student characteristics and emotion-based characteristics.  

o Recurrent Neural Network (RNN): RNN-based model was applied to analyse 

sequential learning trends, to monitor educational progress, engagement variation 

and behavioural changes over time. 

• Model Training: 

o Cross-validation: Serialized K-folded cross-validation ensured a balanced 

assessment, while time-series verification was used for sequential data modelling 

with RNN.  

o Hyper prime tuning: Applied grid search and random discovery to customize 

random forest and naive bayes, while Bayesian adaptation improved RNN model 

generalization. 
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6.4 Natural Language Processing (NLP) integration 

o While the transformer-based NLP model (Burt, GPT-3, Roberta) was not included, 

traditional lesson-precelling techniques were used to extract the insight from the 

student essay, forum posts and chat logs 

o Sentiment Analysis: NAVE BAYES Classifier classified the student spirit based on 

text reactions, helping to identify the risk students through the pattern of 

engagement.  

o Subject Modelling: Avyakta Dirichlet allocation (LDA) and non-negative matrix 

factor (NMF) were employed to remove general learning challenges and discussion 

trends from online interactions.  

o Lesson Classification: Feature Engineering Techniques such as TF -DF and Word 

Frequency Analysis enabled random forest models to integrate lesson related 

insight into academic performance predictions. 

• Ethical Considerations: 

o Data Inequation and D-identification: To protect the student privacy, individually 

identified information (PII) was removed, ensuring compliance with data protection 

standards. All students were hashed and unknown before record analysis.  

o BIS mitigation and fairness metrics: Ethical fairness metrics such as demographic 

equality and equal opportunity differences were applied to assess and reduce 

prejudices in random forest, Naive Bayes and RNN models. In demographic 

groups, techniques such as re-weighting and fairness -ware feature selection were 

employed to reduce inequalities in model predictions.  

o Following moral AI guidelines: Research followed the established data privacy 

rules (eg. GDPR, FERPA) and responsible AI development principles, ensuring that 

the future model promotes fairness, transparency and accountability in student 

performance evaluation. 

 

7.0 Findings and Results 

 

 The developed AI-manufacturing future structure demonstrated significant reforms 

in the student’s performance compared to traditional methods. Random forests, naive bayes 

and recurrent neural networks (RNN) were applied to analyse major educational and 

behavioural indicators. Among these models, Random Forest stood out with an impressive 

92% accuracy, excelling over traditional regression methods by effectively handling diverse 

data and minimizing overfitting. This system successfully identified key predictors of 

academic success, including attendance rates, past grades, online engagement and behaviour 

scores. Additionally, the RNN model excelled in detecting behavioural patterns over time, 
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providing valuable insights into long term learning trends and performance fluctuations. 

These findings reinforce the power of AI-driven analytics in education, enabling data driven 

decision-making and personalized learning strategies to enhance student outcomes. 

 

Figure 1: Distribution of GPA among Students (Histogram with Density Curve) 

 

 
 

 This histogram visualises the distribution of CGPA scores among students to 

highlight trends in academic performance (refer Figure 1). The Advanced Evaluation 

Metrics have really shown how solid and dependable the Random Forest, Naïve Bayes, and 

RNN models are when it comes to predicting student performance. The Kolmogorov-

Smirnov Statistic (0.75) is impressive, demonstrating some strong discriminatory power, 

and the lift curves (2.5x lift in the top 10% of at-risk students) really emphasize how 

effective these models are for early intervention. Additionally, the calibration accuracy with 

a Brier score of 0.12 backs up the model’s predictive reliability for future use. Those 

visualization techniques, like t-SNE and SHAP value plots, give us great insights into what 

matters most, showing that attendance percentage, pre-academic performance, and online 

learning engagement are key predictors of student success. On top of that, a quick fairness 
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evaluation using demographic equality and equal opportunity metrics confirmed that this 

AI-driven framework is all about reducing bias, making sure that student assessments are 

just and equitable. 

 

Figure 2: Attendance vs CGPA (A Scattered Plot Analysis) 

 

 
 

 This scattered plot illustrates the relationship between student attendance 

percentage and CGPA providing insights into how attendance correlates with academic 

performance (refer Figure 2). In addition, the AI-manufacturing structure demonstrated 

real-time processing capabilities, which ensure low delay and high throughput for 

immediate intervention strategies and adaptive learning adjustments. The RNN model 

effectively captured sequential teaching patterns, which enables dynamic updates based on 

student behaviour over time. Feature Analysis from Random Forest identified major 

educational predictions, which allow for individual response and target support. Personal 

learning plans generated using AI-powered insight outlines the practical impact of the 

outline on educational results, as a result of a 20% improvement in the student’s 

performance compared to traditional intervention methods. 
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Figure 3: Distribution of AI-Powered Prediction Categories (Pie Chart representation) 

 

 
 

Figure 4: Feature Correlation (Heatmap Representation) 
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 This pie chart represents the distribution of students across various AI-identified 

academic and extracurricular strengths highlighting key talent categories (refer Figure 3). 

 This heatmap showcases the correlation between various academic, behavioural and 

extracurricular features revealing potential relationships among student performance 

metrics (refer Figure 4). 

 

7.1 Error estimation metrics for evaluating machine learning models 

 In machine learning, it is important to evaluate model performance to ensure 

reliable predictions. This study appoints random forest, naive bayes and recurrent neural 

network (RNN) for data analysis. To assess the accuracy of these models, we use Meen 

Ever error (MAE), Mean Squared Error (MSE), and Root Meen Squad Error (RMSE) as 

error estimates metrics. These matrix measure deviations between real and approximate 

values, which provide insight into models’ effectiveness. 

 Mean Absolute Error (MAE): The Mean Absolute Error calculates the average 

absolute difference between predicted and actual values. 

 𝑀𝐴𝐸 =  (
1

𝑛
) 𝛴 |𝑦ᵢ −  ŷᵢ| 

 Mean Squared Error (MSE): The Mean squared error measures the average squared 

difference between predicted and actual values, making it more sensitive to large errors. 

 𝑀𝑆𝐸 =  (
1

𝑛
) 𝛴 (𝑦ᵢ −  ŷᵢ)2 

 Root Mean Squared Error (RMSE): The Root Mean Squared Error is the square 

root of MSE ensuring that the error metric remains in the same units as the original data. 

 𝑅𝑀𝑆𝐸 =  √
1

𝑛
𝛴 (𝑦ᵢ −  ŷᵢ)2 

 Conclusion: By applying these matrices, we systematically evaluate and compare 

the performance of random forests, naive bayes and RNN. The option of an appropriate 

metric depends on the sensitivity required for the error estimation, with the offering of 

MAE, MSE punishes large errors, and the RMSE unit maintains stability. 

 Table 1 offers a comparative analysis of the performance of random forests, naive 

bayes and RNN based on various error estimates and classification matrix. 

 

Table 1: Evaluation Results of the Three Models using MAE, MSE and RMSE 

 

Algorithm MAE ↓ MSE ↓ RMSE ↓ Precision ↑ Recall ↑ F1-Score ↑ 

Random Forest 0.12 0.09 0.3 0.92 0.91 0.91 

Naïve Bayes 0.25 0.2 0.45 0.75 0.74 0.74 

RNN 0.18 0.15 0.39 0.83 0.81 0.82 



AI Powered Predictive Analytics for Personalized Learning and Improved Holistic 

Development: An Ethical Framework 

81 

 
7.2 Performance evaluation and results 

 Performance of random forest, naive bayes, and RNN were evaluated using several 

error estimates and classification metrics, including Mean Absolute error (MAE), Mean 

Squared Error (MSE), Root Mean Squared Error (RMSE), accurate, recall, recall and F1-

score. From the results in Table X, it is clear that random forest improves other models in 

all assessment matrix. It attains the lowest MAE (0.12), MSE (0.09), and RMSE (0.3), 

which indicates high prediction accuracy. Additionally, it performs the highest precision 

(0.92), recall (0.91), and F1-score (0.91), better classification performance. On the other 

hand, the NAVVE Bayes highest error rate (MAE: 0.25, MSE: 0.2, RMSE: 0.45) and the 

lowest classification score (procedural: 0.75, remember: 0.74, F1-SCORE: 0.74), which 

indicates weak predictive capabilities. The RNN model performs better than Naive Bayes, 

but is inferior to random forest with moderate errors and classification scores (MAE: 0.18, 

MSE: 0.15, RMSE: 0.39, F1-SCORE: 0.82). 

 Conclusion: Based on these findings, random forest emerges as the most effective 

model for given datasets, affecting an optimal balance between error minimalization and 

classification performance. While RNN displays competitive performance, naive bayes 

decreases, making it less suitable for this application. Future improvements can be carried 

forward to pursue hyper perimeter tuning or hybrid modelling approaches. 

 

8.0 Future Scope 

 

 Despite significant process in AI-driven student performance prediction, several 

challenges remain for further research: 

• Increasing the interpretation of the model: to develop interpretable AI (XAI) techniques 

for teachers and stakeholders to provide random forests, naive bayes, and transparent 

and explanatory insights in RNN model decisions.  

• Addressing data sparsity and variability: discovering transfer to model generalization in 

various educational datasets and discovering federal learning.  

• Integrating real-time data and adaptive teaching systems: Real-time students take 

advantage of RNN-based sequential learning to include interactions, attendance 

tracking and adaptive response mechanisms.  

• Developing individual and adaptive teaching strategies: using AI-operated response 

systems to provide real-time, individual reaction and to accommodate dynamic teaching 

strategies.  

• Longitudinal performance tracking: conducting a long-term assessment of A-assisted 

learning strategies to measure their continuous impact on educational success. 
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• Including external impacts in predictions: expanding models to include socio-economic 

factors, environmental conditions and psychological effects for more overall 

performance assessment.  

• Powering Fairness Matrix and Ethical AI: Strengthening prejudice mitigation strategies 

in diverse student groups to ensure demographic fairness and learning opportunities.  

• Promoting interdisciplinary cooperation: Encouraging cooperation among AI 

researchers, teachers, psychologists and policy makers to refine AI applications in 

education.  

• Deploying AI in low-resources educational environment: Designing skilled AI models 

that can run with minimal internet connectivity on low-power devices, which ensure 

access to undescribed areas.  

• Creating a scalable AI framework: Developing an adaptable AI architecture that allows 

a natural update as a new machine learning model, which ensures continuous 

improvement in future accuracy. 
 

9.0 Conclusion 
 

 AI has the ability to revolutionize student performance by enabling personal 

support, adaptive learning and data-operated interventions. By solving challenges such as 

data sparsity, model lecturers, real -time integration and moral ideas, we can develop strong, 

transparent and fair AI models that increase educational results, ensuring fair and justified 

access to quality learning. The implementation of random forests, naive bayes and RNN-

based framework has demonstrated high accuracy and adaptability, which is a 

transformative tool in AI education. Cooperation between researchers, teachers, 

psychologists, moralists and policy makers is required to fully feel AI’s ability in education 

and ensure its moral and responsible deployment. The ultimate goal of this research is to 

create an AI-powered system that is not only effective, but also inclusive, ensure proper 

access to quality education for all students, whether their geographical location or available 

resources. 
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