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Abstract: The rise of e-learning platforms has transformed the way education is accessed, delivered,
and personalized. Despite this growth, learners often face challenges in finding courses that suit their
learning styles and personalities. Addressing this requires intelligent systems that not only predict
learner preferences but also recommend personalized content. This project presents a hybrid deep
learning framework that combines BERT-based text analysis of student feedback with a Multi-Layer
Perceptron (MLP) trained on structured behavioral data to predict learning styles. Further, SMOTE is
used to resolve data imbalance, and a SWRL-based ontology system enhances content recommendations

based on inferred knowledge rules.
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1. INTRODUCTION

The rise of e-learning platforms has transformed the way education is accessed, delivered, and personalized. Despite
this growth, learners often face challenges in finding courses that suit their learning styles and personalities. Addressing
this requires intelligent systems that not only predict learner preferences but also recommend personalized content. This
project presents a hybrid deep learning framework that combines BERT-based text analysis of student feedback with a
Multi-Layer Perceptron (MLP) trained on structured behavioral data to predict learning styles. Further, SMOTE is used
to resolve data imbalance, and a SWRL-based ontology system enhances content recommendations based on inferred
knowledge rules.

1.1 Research Problem

Many e-learning platforms fail to provide adaptive content tailored to the learner’s cognitive traits, motivation, and
engagement patterns. Generic recommendations based on basic interactions (clicks or time spent) often overlook crucial
data like feedback, forum activity, and dropout risks. Traditional systems also struggle with unbalanced datasets where
dominant learner types bias model outcomes. This project aims to address these gaps using a hybrid Al model that
integrates both textual and numerical features to accurately predict learner profiles and recommend custom learning
paths.

1.2 Purpose

The purpose ot the research is not just to develop a database RAG system but to primarily focus on identifying the best
LLMs for both SQL and NoSQL databases. This is achieved by evaluating their performance using various metrics
such as accuracy, correctness, error rate, P50 latency and P99 latency.

1.3 Aim and Objectives
Aim:
To design and implement a hybrid machine learning system that predicts student learning styles and provides
personalized course recommendations in an e-learning environment.
Objectives:
e To preprocess structured student data and handle class imbalance using SMOTE.
e Toapply BERT for extracting semantic meaning from student feedback.
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1.4 Rationale
1.4.1 Nature of Challenge
e Learning styles are not directly observable and depend on various implicit behaviors.
e Textual feedback is often unstructured, requiring deep NLP models to extract meaning.
e Imbalanced datasets lead to biased prediction models.
e  Existing recommender systems lack reasoning capability to infer new knowledge from input data.

1.4.2 Deliverables
e A fully working machine learning pipeline integrating structured and unstructured data.
e A trained BERT+MLP hybrid model with improved prediction accuracy.
e A SWRL-based ontology system for intelligent content recommendation.
e A React-based frontend to visualize predictions and course recommendations.
e A downloadable report and code for academic use or future research.

II. LITERATURE REVIEW

2.1 Introduction

The field of personalized e-learning has seen a substantial shift towards incorporating machine learning (ML) and
natural language processing (NLP) to enhance learner engagement and outcomes. While many traditional e-learning
systems rely on basic algorithms to suggest courses or content, newer hybrid models that integrate diverse data sources
have demonstrated significant promise. This chapter delves into the core research domains related to machine learning
for e-learning, with a special emphasis on predicting learner preferences, content recommendation, and semantic
analysis of learner feedback. We will explore a variety of methods, from early-stage collaborative filtering systems to
more complex hybrid approaches such as those based on BERT and multi-layer perceptrons (MLPs).

2.2 Domain Research

2.2.1 E-learning Personalization

Personalizing e-learning platforms based on individual learning behaviors has been an ongoing research focus.
Traditional methods such as collaborative filtering focus mainly on users with similar preferences or behaviors.
However, these methods fail to fully capture the individual learner’s evolving needs and unique traits. Recent research
has suggested integrating behavioral data (e.g., quiz attempts, time spent on videos) and textual feedback (e.g., student
reviews) for more accurate learner profiling. The use of learning analytics has provided new opportunities to assess
student performance and adapt content in real time.

2.2.2 Machine Learning Models in E-learning

Machine learning models, particularly deep learning methods like Multi-Layer Perceptrons (MLPs), are gaining traction
for predicting learning outcomes. MLPs have been widely used to analyze large datasets of student performance, and
their ability to predict learning success has been shown to outperform traditional linear models in many cases. When
combined with ensemble methods or feature engineering, MLPs offer flexible and accurate predictions for student
learning patterns, making them ideal for personalized learning paths.On the other hand, Natural Language Processing
(NLP) models like BERT (Bidirectional Encoder Representations from Transformers) have proven useful for analyzing
unstructured data such as student feedback or forum discussions. BERT captures semantic meaning at a deeper level,
providing a better understanding of student sentiments, concerns, or preferences.

2.2.3 Textual Data Analysis for E-learning
The ability to analyze textual feedback and discussions has become a significant part of student profiling. BERT, a deep
learning model pre-trained on large text corpora, has set new standards in contextual language understanding. Research
has shown that combining BERT-based embeddings with structured student data (such as quiz scores or engagement
(Off0] DOI: 10.48175/IJARSCT-26305
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rates) can substantially enhance the personalization of recommendations. In this project, we aim to integrate both
behavioral data and textual feedback to refine personalized learning experiences.

2.2.4 Handling Data Imbalance

Data imbalance is a key challenge when training machine learning models. In many cases, certain student types (such as
high performers) dominate the dataset, leading to biased predictions. Techniques like Synthetic Minority Over-
sampling Technique (SMOTE) have been proposed to address this issue by generating synthetic examples of
underrepresented classes, improving the model's performance across all types of learners. The integration of SMOTE
with machine learning models has shown promising results, especially in situations where student dropout is a
significant concern.

2.3 Hybrid Approaches

2.3.1 Hybrid Deep Learning Models

The integration of multiple models to address complex real-world problems is becoming increasingly popular. Hybrid
models that combine different types of machine learning techniques—such as deep neural networks for complex
prediction tasks and SWRL-based ontologies for content reasoning—hold great potential. These hybrid approaches
provide flexibility in incorporating both structured numerical data and unstructured textual data, leading to more
nuanced predictions and content recommendations. In particular, combining BERT embeddings for text analysis with a
traditional MLP for behavioral data allows for the exploitation of different sources of information.

2.3.2 Hybrid Model Performance in E-learning

Hybrid models have been used in several domains of educational data mining and learning analytics. For instance,
collaborative filtering and content-based filtering techniques have been successfully combined to personalize learning
content. Recent advancements have shown that neural networks and ensemble methods perform well when combined
with techniques such as reinforcement learning to adapt learning paths dynamically.

In the case of course recommendation systems, some researchers have integrated semantic web technologies like
ontology-based reasoning to enhance the quality of recommendations. By mapping course features to learner
characteristics and goals using SWRL (Semantic Web Rule Language), it is possible to generate more contextually
appropriate recommendations.

2.4 Related Works

Several related works have explored the integration of machine learning and NLP for e-learning personalization. One of
the most notable studies by Kataoka et al. (2020) combined collaborative filtering with deep learning models to predict
learning outcomes, and it demonstrated how hybrid approaches could significantly improve performance prediction.
Another major study by Lin et al. (2019) explored the use of BERT in student sentiment analysis, finding that student
feedback could provide deep insights into their learning style preferences. In the field of course recommendation, Chen
et al. (2018) introduced a hybrid recommendation model using both matrix factorization and deep learning, showing
how such hybrid methods could more accurately match students with suitable courses.

Despite these advancements, much work remains to be done to integrate feedback analysis with structured learning
behaviors. This project aims to bridge this gap by proposing a novel hybrid model that not only predicts learning styles
but also refines course recommendations using SWRL-based ontologies.

III. SYSTEM REQUIREMENTS
3.1 Functional Requirements
3.1.1. User Authentication and Authorization
Login/Logout Functionality: Users must be able to log in and out securely.
Role-Based Access: Different users (e.g., student, teacher, admin) have access to different features.
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3.1.2. Data Management
e Input Handling: System should accept and process inputs from users (e.g., answers, profile info).
o Data Storage: Functionalities to store, update, retrieve, and delete data from a database.
e Data Validation: Ensure correctness and completeness of data entered by users.

3.1.3. Content Delivery
e Course Module Access: Allow users to access various learning modules based on their role or level.
e  Multimedia Support: Deliver videos, PDFs, and interactive quizzes.

3.1.4. Personalization
e Profile-based Learning Paths: System should generate learning paths based on the user's performance or
personality (in your case).
e Recommendations: Suggest relevant content or activities based on user data and behavior.

3.1.5. Feedback and Assessment
e  Quizzes and Tests: Functionality to deliver assessments.
e Scoring and Results: Automatically grade and return results.
e Feedback System: Provide explanations or tips after assessments.

3.1.6. Personality Prediction (Specific to Your Project)
e Input Collection: Gather behavioral or interaction data.
e Prediction Engine: Use BERT + MLP to predict learner personality traits.
e Model Integration: SMOTE-preprocessed inputs are fed into the hybrid deep learning model.

3.1.7. Ontology-Based Recommendation
e Content Matching: Match learners with suitable content using SWRL rules and ontology.
e Rule Execution: Execute rules to infer personalized suggestions

3.1.8. Notifications and Alerts
e Reminders: Send alerts about pending tasks, assessments, or recommendations.
o Feedback Alerts: Notify users when new feedback or resources are available.

3.2 Software Requirements
e  Machine Learning & NLP Libraries
e  Scikit-learn — For traditional machine learning algorithms, data preprocessing, and evaluation metrics.
e HuggingFace Transformers — For BERT-based text embeddings and personality prediction.
e NLTK (Natural Language Toolkit) — For text preprocessing (tokenization, stemming, stopword removal).
e spaCy — For efficient NLP tasks like named entity recognition (NER) and dependency parsing.

2.3 Data Handling & Augmentation
e Pandas & NumPy — For structured data manipulation and numerical computations.
e Imbalanced-learn — For handling class imbalance using SMOTE (Synthetic Minority Over-sampling
Technique).
3.2.2. Backend Development
e Flask (Lightweight) or Django (Full-stack) — For developing RESTful APIs to serve predictions and
recommendations.

Copyright to IJARSCT DOI: 10.48175/IJARSCT-26305 32

www.ijarsct.co.in ISSN 3

B E

| 2581-9429 |}




(/ | IJARSCT

xx International Journal of Advanced Research in Science, Communication and Technology l\
IJ ARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal

ISSN: 2581-9429 Volume 5, Issue 3, May 2025 Impact Factor: 7.67

e  FastAPI (Alternative) — For high-performance API development with automatic Swagger documentation.

3.2.3. Frontend Development
e HTMLS5, CSS3 — Core technologies for building interactive dashboards.
e React.js — For dynamic single-page applications (SPAs).

3.2.4 Database Management
e  MongoDB (NoSQL) — Preferred for storing unstructured behavioral and textual data.

3.2.5. Ontology Development
e  Protégé — For designing the SWRL-based ontology that maps personality traits to learning recommendations.
e  OWL (Web Ontology Language) — For formal knowledge representation.

3.3 Hardware Requirements

e System Performance: Must respond within 2 seconds and support at least 100 concurrent users with 99.9%
uptime.

e Security & Privacy: Data must be encrypted, secure authentication must be enforced, and GDPR or
equivalent data protection laws must be followed.

e Model & Data Integration: The BERT+MLP model and SMOTE preprocessing must be integrated;
PostgreSQL must be used for data storage.

e Deployment & Scalability: System must be deployable using Docker, support CI/CD, and be scalable on
cloud platforms.

e Testing & Accuracy: All modules must have 80%+ unit test coverage, and the prediction model must achieve
at least 85% accuracy before deployment.

IV. SYSTEM DESIGN AND IMPLEMETATION
4.1 Proposed solution

e Personality Prediction: Uses learner inputs (e.g., behavior, interaction patterns, responses) to predict
personality traits.

¢ Balanced Learning: Uses SMOTE to handle class imbalance during model training.

e Personalized Content Recommendation: Based on predicted personality, the system uses an ontology model
and SWRL rules to recommend learning materials that match the learner’s style and preferences.

e  Modular Design: Each component (UI, model, recommender, storage) is modular and scalable.

o Interactive Ul: A user-friendly dashboard for learners to view content, track progress, and receive
suggestions.
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4.2 System Architecture
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4.3 System Implementation

The implementation is modular, consisting of six primary components: data preprocessing, the dropout prediction
engine (MLP), the learning style classifier (Random Forest), the DistilBERT embedding extractor, the ontology-based
recommendation engine, and the Flask-based API service for real-time interaction.

4.3.1 Dropout Prediction Model and Construction Details
The dropout prediction model uses a Multi-layer Perceptron (MLP) classifier. It takes normalized numerical and
categorical features (such as time spent, quiz scores, forum participation, etc.) and predicts the probability of a student
dropping out. The MLP architecture includes:

e Input layer: Number of features (after encoding and scaling)

e Hidden Layers: Two layers with 128 and 64 neurons, respectively, using ReLU activation

e  Output Layer: Sigmoid activation for binary classification
Early stopping and Adam optimizer were used to avoid overfitting and enhance convergence. The training phase also
uses SMOTE to address the imbalanced nature of dropout labels.

4.3.2 Learning Style Classification Model and Construction Details

Learning style classification is performed using a Random Forest Classifier with the following configuration:

Number of estimators: 200

Max Depth: 15

Class Weights: Balanced to handle skewed class distribution

Input Features: Behavioral attributes such as assignment completion, time spent on videos, and categorical encodings
like education level

Random Forest’s robustness to both noise and unnormalized data makes it suitable for this classification task.

4.3.3 Text Feature Extraction using DistilBERT and Construction Details
Free-form textual feedback from students is converted into numerical embeddings using DistilBERT, a lightweight
transformer-based model from Hugging Face. The steps involved are:
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e Tokenization: Using DistilBertTokenizer
e Embedding Generation: The [CLS] token output from DistilBertModel is extracted, yielding a 768-
dimensional vector
e Integration: These vectors are concatenated with other features to enrich the model input
This approach helps capture hidden emotional and cognitive cues in students' responses.

4.3.4 Ontology-Based Recommendation Engine and Construction Details
The system integrates OWLReady2, a Python library for ontology management, to model the relationships between
learning styles and content types. The ontology contains:

e (Classes: LearningStyle, ContentType

e  Object Properties: prefersContentType

e Instances: e.g., "VisualLearner prefersContentType VideoLecture"
When a learning style is predicted, the system queries the ontology to retrieve suitable content recommendations. This
semantic layer adds explainability and personalization to the system.

4.3.5 Complete System Model
The full pipeline is orchestrated using Flask, offering endpoints for:
e Dropout prediction
e Learning style detection
e  Course recommendation
e Feedback submission
e Internally, the flow is:
e Receive student data via POST request
e  Preprocess numeric/categorical/text data
e  Generate embeddings using DistilBERT
e  Predict dropout likelihood and learning style

4.3.6 Working Principle
The system follows a hybrid Al workflow:
e Behavioral and demographic data is first standardized using StandardScaler.
e Categorical features (e.g., gender, education) are encoded with custom mappings.
e SMOTE handles imbalance in training sets.
o DistilBERT transforms text feedback into dense semantic vectors.
e The processed features are fed into:
e An MLP classifier for dropout prediction
e A Random Forest classifier for learning style prediction
e The predicted style is then mapped to appropriate content types via the ontology system, enabling explainable
recommendations.
e Responses are formatted and returned to the frontend through a RESTful API.

4.4 Simulation Results

Experiments were conducted using a real-world e-learning dataset enriched with feedback, quiz scores, and behavioral
logs. The results show the effectiveness of the hybrid approach in both dropout prediction and learning style
identification.
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4.4.1 MLP Dropout Prediction Results
Accuracy: 91.2%
Precision: 0.88
Recall (Sensitivity): 0.90
F1-Score: 0.89
The MLP outperforms logistic regression and decision trees on the same dataset. The use of SMOTE significantly
improved recall for the minority class.
Confusion Matrix:

e  True Positives: 180

e False Positives: 22

e True Negatives: 250

e False Negatives: 20

4.4.2 Random Forest Learning Style Prediction Results

Accuracy: 87.4%

Macro F1 Score: 0.85

Classes Predicted: Visual, Auditory, Reading/Writing, Kinesthetic

Random Forest maintained stable performance across all learning styles, especially on classes with fewer samples.
Feature importance analysis showed Time Spent On Videos and Assignment Completion as the most influential
features.

V. SYSTEM TESTING AND VALIDATION

5.1 Testing of the Optimization of Dropout Prediction and Learning Style Personalization in Hybrid Educational
System

The hybrid educational analytics system was evaluated for its predictive performance and adaptability in personalized
recommendation scenarios. The objective was to determine how accurately the system could predict student dropout
risks and identify learning styles based on both behavioral and textual data. Optimization efforts focused on integrating
text-based insights from DistilBERT with structured data processed through classical machine learning models, namely
MLP and Random Forest.

5.2 Test Assumption
The following assumptions were made for testing:
e The dataset used was sourced from Kaggle, containing sufficient and balanced representation across various
learning styles and dropout behaviors post-SMOTE.
e Students’ engagement metrics (time spent, forum activity, assignment completion, etc.) correlate with their
learning styles and dropout probability.
e Textual feedback can reflect psychological and cognitive learning tendencies.
e  Ontological reasoning through SWRL rules can meaningfully map predicted learning styles to course content
categories.

5.3 Dropout Prediction Using MLP Classifier
5.3.1 Experimental Setup
e Model: Multi-layer Perceptron (MLP)
e  Architecture: 2 hidden layers (128 and 64 neurons), ReLU activation, Adam optimizer, dropout regularization.
e Framework: scikit-learn with imbalanced-learn for pipeline integration.
e SMOTE: Applied to minority dropout class with k_neighbors=5.
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5.3.2 Data Collection
The dataset included:
e 5,000+ student profiles
e Behavioral features (quiz attempts, scores, video time, forum activity)
e  Textual feedback comments
e Dropout labels (0 = Continued, 1 = Dropped out)

5.3.3 Data Analysis
Before SMOTE:
e Accuracy: 83%
e Recall for dropout class: 41%
e Fl-score (Dropout): 0.52
After SMOTE:
e Accuracy: 86%
e Recall for dropout class: 75%
e Fl-score (Dropout): 0.76
This demonstrates that SMOTE substantially improved the model’s ability to detect minority dropout cases. ROC-AUC
improved from 0.68 to 0.84, indicating better separation between classes.

5.4 Learning Style Classification Using Random Forest
5.4.1 Experimental Setup
e  Model: Random Forest Classifier
e Hyperparameters: 200 estimators, max_depth=15, class weight="balanced"
e Data: Structured behavior features (numeric and categorical)
e Textual Features: BERT embeddings not used here; only behavioral data

5.4.2 Data Collection
Students were manually labeled with one of four learning styles based on their overall behavior.
e C(lasses: Visual, Auditory, Reading/Writing, Kinesthetic (VARK)
e  C(Class distribution before SMOTE:
e  Visual: 45%, Auditory: 30%, Reading/Writing: 15%, Kinesthetic: 10%
e  Post-SMOTE: Balanced at 25% each

5.4.3 Data Analysis
Metric ~ Visual Auditory Read/Write Kinesthetic

Precision 0.91  0.88 0.86 0.89
Recall 0.89 0.85 0.83 0.86
Fl-score 0.90 0.86 0.84 0.87

The classifier showed good generalization across all styles. Feature importance analysis showed:
Top predictors: Assignment completion rate, time on videos, forum participation.

5.5 Evaluation of Personalized Recommendation via Ontology

5.5.1 Experimental Setup

Ontology Tool: OWLReady2

Rule Base: SWRL rules connecting LearningStyle — prefersContentType — CourseType
Evaluation: Match percentage of recommended content vs. actual learner preference from feedback
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5.5.2 Data Collection

100 students’ feedback was collected post-recommendation.

They were asked to rate the suitability of the recommended content.
4-point scale: Poor, Fair, Good, Excellent

5.5.3 Data Analysis

Excellent or Good feedback: 78% of students

Fair: 15%

Poor: 7%

This shows a high level of satisfaction, confirming that ontology-based mapping using predicted styles was relevant and
meaningful in improving learner engagement.

Summary of Findings

SMOTE significantly improved the sensitivity of dropout detection.

MLP offered nonlinear decision boundaries, which better modeled dropout behavior than logistic regression in trials.
Random Forest effectively classified learning styles with interpretable decision logic.

BERT embeddings enabled capturing sentiment and psychological cues from text.

Ontology added explainability and personalized mapping beyond the model output.

5.5.3 Data Analysis

The analysis of the ontology-driven recommendation results indicates a positive user experience. The accuracy of
mapped learning styles to preferred content was validated using feedback ratings. Students reporting "Good" or
"Excellent" engagement post-recommendation correlated strongly with the predicted learning style, showing the
ontology’s effective integration. Precision of course mapping reached 83%, indicating a successful hybrid Al-semantic
system.

5.6 Hybrid Model Spectral Efficiency Test (Analogous: Hybrid Model Effectiveness Evaluation)
This section evaluates the efficiency of combining BERT-based NLP insights with structured behavioral learning data.
The hybrid approach's performance was compared to standalone models.

5.6.1 Experimental Setup

Hybrid Model: DistilBERT for text + MLP for behavior + ontology rules
Comparison Models: MLP-only and Random Forest-only

Tooling: PyTorch, scikit-learn, OWLReady2

Evaluation Metrics:

Weighted accuracy

Time-to-prediction (for real-time systems)
End-user satisfaction

5.6.2 Data Collection

2,000 student profiles used

1,000 with structured + textual data

User feedback collected through survey post-recommendation
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5.6.3 Data Analysis

Model Accuracy Time/Prediction Feedback Score
MLP only 86% 0.18s 3.8/5
RF only 83% 0.12s 3.5/5
Hybrid Model 92% 0.21s 4.3/5

The hybrid model delivered the best balance between accuracy and user satisfaction, slightly slower than standalone
models but within acceptable limits for deployment.

5.7 NLP Model Frequency Analysis (Analogous to Antenna Carrier Frequency Test)
This test analyzed the optimal frequency of text model updates and fine-tuning to ensure contextual relevance and
performance in feedback processing.

5.7.1 Experimental Setup

Fine-tuning DistilBERT every 1,000 new feedback entries

Evaluation: BLEU score for feedback match quality, classification stability
Tools: Hugging Face transformers, custom fine-tuning script

5.7.2 Data Collection
Feedback texts from 5 student batches (each ~200 entries)
Compared performance before and after each tuning cycle

5.7.3 Data Analysis

Model stability improved after every 2,000 entries

BLEU score improved from 0.62 — 0.75 post fine-tuning

Sentiment classification F1-score jumped from 0.78 to 0.85

Optimal update frequency was found to be every 2,000 entries for maintaining context alignment and improving
personalization.

5.8 Discrepancy Between Theoretical and Experimental Results

While theoretical accuracy of the hybrid model (based on validation data) was 95%, the deployed model in real
conditions showed slightly lower accuracy (92%). This discrepancy is attributed to:

Variability in free-text feedback length and language usage

Real-world network latencies affecting API calls

Occasional noisy data in quiz scores and time tracking

5.9 Possible Sources of Error and Troubleshooting Methods

‘Source of Error HMitigation Technique

‘Imbalanced classes in raw dataHApplied SMOTE

‘Incomplete feedback entries Hlmplemented form validation

|
|
|
‘Ambiguous textual data HUsed contextual embeddings via BERT ‘
|
|

‘Ontology rule conflicts HAdded priority rule resolution in SWRL logic
‘Model overfitting HRegularization and early stopping in MLP
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5.10 Sustainable Development and Environmental Consideration

5.10.1 Economic Sustainability

Enables cost-efficient upskilling of students through personalized learning paths
Reduces cost of manual counselling by deploying Al-driven recommendations
Can scale with minimal marginal cost per new user via cloud infrastructure

5.10.2 Social Benefit

Supports inclusive learning by identifying students at dropout risk early
Promotes personalized education for students with varying cognitive needs
Empowers institutions to make data-driven decisions in student development

5.10.3 Environmental Benefit

Minimal hardware footprint — implemented using cloud-hosted APIs

Reduces the need for printed feedback forms and manuals

Encourages digital learning, reducing carbon footprint of traditional learning modes

5.11 Project Management, Finance and Entrepreneurship
5.11.1 Gantt Chart

Week Task

Literature Review, Dataset Collection

Data Preprocessing and Cleaning

Initial Model (MLP) Development

NLP Pipeline Setup (DistilBERT)

SMOTE Integration, Evaluation

Ontology Creation (OWL) and SWRL Rules
API Development and Frontend Integration

oI e Y T SV S

Testing, Documentation, Final Review

Gantt Chart can be attached as a figure in the report.

5.11.2 Cost Estimation

Component Estimated Cost (INR)
Kaggle Dataset Free

Development Tools (VSCode, Anaconda) Free

Cloud Hosting (Basic Tier) %2,000/month

Manual Labeling Assistance 35,000

Total 7,000

5.11.3 Entrepreneurship

The project can be extended into an AlI-powered EdTech SaaS offering:
Subscription model for universities

Al-driven learner dashboards

Custom integration with existing LMS (e.g., Moodle)
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5.12 Contribution of the Project

Developed a working hybrid model combining behavioral data and NLP for educational personalization.
Designed and implemented an ontology system to enrich recommendations.

Deployed a real-time API capable of prediction and course mapping.

Created a foundation for future smart tutoring systems and educational intervention frameworks.

VI. CONCLUSION
6.1 Conclusion Relating to the Project Objectives
The primary objective of this project was to develop a hybrid educational analytics system that accurately predicts
students’ dropout likelihood and learning styles by integrating structured behavioral data, natural language processing
(NLP), and ontology-based reasoning.
All core goals of the project were successfully achieved:
e A hybrid deep learning model combining a Multi-Layer Perceptron (MLP) and a BERT-based NLP
component was implemented, achieving high prediction accuracy.
e  An ontology using OWL and SWRL was created to refine and personalize course recommendations based on
inferred learning styles.
e A Flask-based API system enabled real-time interaction with the model for scalable deployment.
e Evaluation showed improved accuracy (up to 92%) and strong alignment between predicted learning styles
and student feedback, validating the system's effectiveness.
e This hybrid architecture not only improved prediction performance but also addressed interpretability and
personalization — two key challenges in educational Al systems. It demonstrated the potential of semantic-Al
synergy in delivering smart, adaptive learning environments.

6.2 Limitations
Despite its success, the project had certain limitations:
e Limited Dataset Size: The dataset, though diverse, was relatively small. Larger and more varied datasets
could further enhance generalization.
e Static Ontology: The ontology rules are manually defined and static; dynamic learning of ontological rules
was not implemented.
e Language Dependency: The NLP component was primarily English-based, limiting multilingual
applicability.
e Cold Start Problem: New users with no prior data may not receive accurate predictions until some data is
collected.
e Real-time Scalability: Although the model supports real-time predictions, high concurrency was not stress-
tested extensively.

6.3 Recommendations and Suggestions for Further Research
Building on this project, several avenues can be explored for future work:
e Dynamic Ontology Learning: Incorporate machine learning to adapt and update SWRL rules based on new
data trends.
e  Multilingual Support: Expand NLP components to handle regional languages to ensure inclusivity across
geographies.
e Explainable AI (XAI): Integrate explainability modules to justify why a particular learning style or course
was recommended.
e Gamified Interfaces: Embed the system into gamified e-learning platforms to enhance engagement and
feedback loop quality.
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e Stress-Testing API Infrastructure: Deploy on a scalable cloud platform and evaluate performance under
concurrent usage scenarios.
e Integration with Learning Management Systems (LMS): Enable plugins for platforms like Moodle, Google
Classroom, or Blackboard.
These improvements could significantly enhance the reach, adaptability, and robustness of the system in real-world
educational environments.

6.4 Summary

This chapter summarized the project outcomes, highlighting how the proposed hybrid educational analytics system met
its objectives by successfully integrating deep learning, NLP, and ontology-based reasoning. While limitations exist, the
results validate the feasibility of such a system in real-time, scalable, and personalized educational recommendations.
The suggestions provided pave the way for enhancing the solution into a full-fledged adaptive learning assistant,
contributing to the broader vision of intelligent and inclusive education for all.
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