IJ ETIR ISSN (Online) 2583-0554

-~ (Y International Journal of Emerging Technologies and Innovative Research (IJETIR)

IJETIR

Volume 5, Issue 12, December 2025
Impact Factor: 5.731

Big Data Analytics- A Key Initiative for
Identification of Student Behaviour System in
Modern Academics

K. Laxmi', Chandramouli H?, I Manimozhi®, Halavath Balaji*
Research Scholar, Computer Science and Engineering'
Computer Science and Engineering?*

East Point College of Engineering and Technology, Bengaluru, India.
klaxmi.cse@gcet.edu.in,hcmcool 123@gmail.com ,
drmanimozhi.i@eastpoint.ac.in, halavathbalaji@sreenidhi.edu.in

Abstract: Student performance prediction plays a vital role in modern education by identifying students
who may need additional support. This project combines machine learning (ML) models with facial
behavior analysis to provide a more comprehensive evaluation of student engagement and academic
success. The ML model trains various academic and behavioural factors, including attendance, learning
ease, project completion, internet constraints, and knowledge retention, to classify students into high,
medium, or low performance categories. Simultaneously, a facial analysis system using DIib's frontal
face detector and 68-face landmark predictor tracks key engagement metrics such as blinks, yawns, and
face angle changes to determine whether a student is engaged or not engaged during learning activities.
A modern practice to enhance and acknowledge the student activities from stress to active learning
process. The final prediction integrates both performance-based data and engagement insights to classify
students performance effectively. If a student has low academic performance and poor engagement, they
are flagged as high priority: "At Risk," while engaged high-performing students are classified as
"Excellent Performers." This hybrid approach enhances the accuracy of performance evaluation by not
only considering academic metrics but also behavioural engagement. The system dynamically updates
engagement statistics and adjusts predictions in real-time, helping educators make informed
interventions and improving overall learning outcomes

Keywords: Student Performance Prediction, Machine Learning, Facial Behavior Analysis, Engagement
Detection, Real-Time Intervention.

L. INTRODUCTION

Language is a fundamental aspect of human communication, but linguistic diversity often creates barriers in global
interactions. With the rapid advancement of technology and increasing globalization, there is a growing need for
efficient language translation tools to facilitate seamless communication between people who speak different
languages. This project aims to develop a web-based language translation system that enables users to translate text
between various languages and convert the translated text into speech for improved accessibility. The system is built
using Flask (a Python-based web framework), Google Translate API for translation, and Google Text-to-Speech
(gTTS) for speech synthesis.

The proposed application is designed to be simple, user-friendly, and effective in bridging language gaps. Users can
enter a text in their preferred language, select the target language, and instantly receive an accurate translation.
Additionally, the integration of a text-to-speech (TTS) feature allows users to listento the translated text, which is
particularly useful for visually impaired individuals, language learners, and travelers. By leveraging Al-powered
translation and speech synthesis technologies[3], this project aims to enhance cross-lingual communication and
accessibility, making it easier for people to interact in different languages without barriers. The system has potential
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applications in education, business, tourism, and assistive technologies, making it a valuable tool for diverse users

worldwide.

Background of the Project

In modern educational environments, accurately assessing student performance is crucial for early intervention and
academic success. Traditional evaluation methods often rely solely on academic metrics, overlooking critical
behavioral indicators such as student engagement. This project addresses that gap by integrating machine learning with
facial behavior analysis to provide a more holistic assessment of student performance. By combining academic data—
such as attendance, project completion, and knowledge retention—with real-time engagement metrics like blinking,
yawning, and facial orientation, the system can dynamically classify students and identify those at risk. This hybrid
approach empowers educators with timely insights to tailor support and enhance learning outcomes.

Problem Statement

In traditional education systems, student performance is primarily evaluated based on academic scores and periodic
assessments, which may not fully capture engagement levels and learning difficulties in real time. Many students
struggle due to lack of engagement, external constraints, or unrecognized behavioral patterns, leading to inaccurate
performance assessments and delayed interventions.

This project aims to develop an integrated student performance prediction system that combines machine learning-
based academic analysis with real-time facial behavior detection. By analyzing both academic factors (attendance,
project completion, learning constraints, etc.) and facial engagement metrics (blinks, yawns, face angles, etc.), the
system provides a holistic assessment of student performance[l]. The objective is to enhance early intervention
strategies, improve personalized learning, and support educators in making data-driven decisions for student success.

II. OBJECTIVES
The objective of this project is to develop an intelligent student performance prediction system that integrates machine
learning-based academic evaluation with real-time facial behavior analysis to provide a comprehensive assessment of
student engagement and success.
e Predict academic performance by analyzing key factors such as attendance, ease of learning, project
completion, internet constraints, and competence levels using a machine learning model.
e Detect student engagement in real time using facial behavior analysis (blinks, yawns, and face angle changes)
with DIib's frontal face detector and shape predictor.
e Combine academic performance and engagement levels to generate a more accurate and holistic prediction of
student success.
e (lassify students into performance categories (High, Medium, Low) and engagement states (Engaged, Not
Engaged) for a dynamic assessment.
e Provide real-time insights for educators, enabling early interventions and personalized learning strategies to
improve student outcomes.

Goal:

The goal of the project is to develop a hybrid system that accurately predicts student performance by integrating
academic metrics with real-time facial behavior analysis, enabling early identification of at-risk students and supporting
timely, data-driven educational interventions.

I11. EXISTING SYSTEM & PROPOSED SYSTEM
Existing System
Traditional student performance evaluation systems primarily rely on academic metrics such as attendance records, test
scores, project completion, and faculty assessments. These conventional methods, while effective to some extent, fail to
capture real-time engagement and behavioral aspects of students, which play a crucial role in determining their learning
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outcomes[4]. The existing systems do not incorporate advanced analytics to predict student performance dynamically,
often resulting in delayed identification of at-risk students. Moreover, engagement levels, which significantly impact
learning efficiency, are overlooked, leading to incomplete assessments that fail to provide timely interventions for

struggling students.

Disadvantages of Existing System

e Limited Scope of Evaluation — The current systems focus mainly on academic scores and attendance without
considering behavioral engagement, which is crucial for effective learning.

e Lack of Real-Time Insights — Traditional evaluation methods fail to provide immediate feedback on a
student's engagement or learning progress.

e No Personalized Recommendations — Since engagement metrics are not considered, students do not receive
customized learning strategies based on their individual needs.

e Delayed Identification of Struggling Students — Early signs of academic difficulties are often missed,
leading to intervention only after performance has significantly declined.

e Manual and Time-Consuming Process — Current assessment methods require manual input and evaluation,
making them inefficient and prone to human bias.

Proposed System

The proposed system integrates machine learning and computer vision techniques to predict student performance based
on both academic and behavioral engagement metrics. It utilizes XGBoost for performance classification based on
multiple academic parameters and employs Dlib’s facial detection model to analyze student engagement through blink
rates, yawns, and facial movements. The combined results from these two approaches provide a more holistic
prediction of student performance, enabling early identification of at-risk students. The system ensures real-time
monitoring, allowing educators to provide timely interventions and personalized learning recommendations based on
student behavior and academic performance trends.

Advantages of Proposed System

e Comprehensive Performance Evaluation — The system considers both academic data and real-time
behavioral engagement, providing a well-rounded assessment.

e Early Detection of At-Risk Students — By analyzing engagement patterns along with academic scores, the
system can identify students who may need additional support before their performance declines.

e Real-Time Feedback and Insights — The integration of facial recognition and performance metrics allows for
immediate feedback, helping educators make data-driven decisions.

e Personalized Learning Strategies — Based on engagement and academic trends, students can receive
customized recommendations to improve their performance.

e Automation and Efficiency — The system reduces the need for manual assessments, making student
performance evaluation faster and more accurate.

e Data-Driven Decision Making — With a structured and intelligent prediction model, educators can implement
targeted interventions to enhance learning outcomes.

Gap Analysis

Traditional student performance evaluation systems primarily rely on academic metrics such as grades, attendance, and
assignment completion, often neglecting real-time behavioral indicators like engagement and attentiveness. This
limited scope can result in delayed or inadequate interventions, especially for students who may be academically
capable but disengaged, or those struggling silently despite appearing attentive. Moreover, existing engagement
monitoring tools, when used, are typically not integrated with academic performance predictors[5], leading to
fragmented and less effective insights. This project addresses these gaps by combining machine learning-based
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academic analysis with facial behavior monitoring to provide a comprehensive, real-time evaluation system. The
integration enables more accurate classification of student performance and timely identification of those who are at

risk, thereby bridging the disconnect between behavioral engagement and academic outcomes[7].

IV. MODULES AND METHODS
1. Data Collection Module: academic data such as attendance records, project completion status, learning ease scores,
internet connectivity issues, and knowledge retention levels from students.
2.PreprocessingModule:Cleans and normalizes both academic and facial behavior data, handling missing values,
encoding categorical variables, and preparing features for model training.
3.Machine Learning Model Module: Implements classification algorithms (e.g., Decision Tree, Random Forest, or
SVM) to categorize students into performance levels: High, Medium, or Low, based on processed academic and
behavioral features.
4. Facial Behavior Analysis Module: Uses Dlib's frontal face detector and 68-point facial landmark predictor to track
engagement indicators such as blink rate, yawning frequency, and head movements (face angle changes).
5. Engagement Classification Module: Analyzes facial behavior data to determine engagement status (Engaged vs.
Not Engaged) using threshold-based or ML-based detection methods.
6. Hybrid Prediction Engine: Combines academic performance and engagement status to classify students into final
categories such as “Excellent Performer,” “Needs Attention,” or “At Risk.”
7. Real-Time Monitoring & Update Module: Continuously updates engagement statistics and dynamically adjusts
performance predictions to reflect real-time learning behavior.
8. Visualization & Reporting Module: Generates dashboards and reports for educators, highlighting student
performance trends, risk levels, and recommended interventions.

A. Architecture

A system architecture or systems architecture is the conceptual model that defines the structure, behavior, and more
views of a system. An architecture description is a formal description and representation of a system[6]. Organized in a
way that supports reasoning about the structures and behaviors of the system.

3-Tier Architecture:

The three-tier software architecture (a three-layer architecture) emerged in the 1990s to overcome the limitations of the
two-tier architecture. The third tier (middle tier server) is between the user interface (client) and the data management
(server) components. This middle tier provides process management where business logic and rules are executed and
can accommodate hundreds of users (as compared to only 100 users with the two tier architecture) by providing
functions such as queuing, application execution, and database staging[2].

The three tier architecture is used when an effective distributed client/server design is needed that provides (when
compared to the two tier) increased performance, flexibility, maintainability, reusability, and scalability, while hiding
the complexity of distributed processing from the user. These characteristics have made three layer architectures a
popular choice for Internet applications and net-centric information systems.

Advantages of Three-Tier:
e  Separates functionality from presentation.
e  C(lear separation — better understanding.
e  Changes limited to well define components.
e Can be running on WWW.
e Effective network performance.
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Figl: Architectural Diagram

B. System Design & Flowchart

1. Data Collection Module

Inputs: Attendance, Project Completion, Learning Ease, Internet Constraints, Knowledge Retention

Function: Gathers structured academic and behavioral data from student information systems or surveys.

2. Facial Behavior Analysis Module

Tools: Dlib’s frontal face detector and 68-point landmark predictor

Metrics: Blink count, Yawn frequency, Face angle changes

Function: Captures and analyzes real-time facial cues to assess student engagement.

3. Data Preprocessing Module

Function: Cleans raw academic and facial data (e.g., missing values, noise), encodes categorical features, normalizes
numerical values to prepare for machine learning.

4. Machine Learning Model Module

Models: Decision Tree, Random Forest, or Support Vector Machine (SVM)

Output: Academic Performance Level (High, Medium, Low)

Function: Trains on preprocessed academic data to predict performance levels.

5. Engagement Classification Module

Function: Classifies engagement status as Engaged or Not Engaged using either rule-based thresholds or simple ML
algorithms on facial behavior data.

6. Hybrid Prediction Engine

Inputs: Academic Performance + Engagement Status

Output: Final Student Status

Excellent Performer (High performance, Engaged)

Needs Attention (Mixed performance/engagement)

At Risk (Low performance, Not Engaged)

7. Real-Time Monitoring & Update Module

Function: Continuously updates engagement status during sessions, feeding live data into the hybrid model for real-
time prediction adjustments.

8. Visualization & Reporting Module

Function: Displays prediction outcomes and trends through dashboards and reports for educators to monitor student
risk levels and make informed decisions.
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C. Modules Breakdown

1. Data Collection Module

Responsibilities:

Gather academic metrics (attendance, project completion, learning ease, internet constraints, knowledge retention).
Collect real-time facial video data during learning sessions.

Inputs:

Student academic records

Live webcam feed

Technologies:

Surveys, database APIs, webcam integration tools

2. Facial Behavior Analysis Module
Responsibilities:

Detect faces using Dlib’s frontal face detector.
Extract 68 facial landmarks to track:
Blinks

Yawns

Face angle changes (head turns, tilt)
Outputs:

Engagement metrics

Technologies:

Dlib, OpenCV, Python

3. Data Preprocessing Module
Responsibilities:

Clean academic and engagement data
Handle missing or noisy values

Normalize features for model compatibility
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Technologies:
Pandas, NumPy, Scikit-learn preprocessing tools

4. Machine Learning Model Module

Responsibilities:

Train ML models to classify student academic performance
Categories: High, Medium, Low

Algorithms:

Decision Tree, Random Forest, SVM, or similar
Technologies:

Scikit-learn, TensorFlow (optional), Python

5. Engagement Classification Module

Responsibilities:

Analyze facial behavior metrics

Classify as Engaged or Not Engaged

Approach:

Rule-based (e.g., blink rate thresholds) or lightweight ML model

6. Hybrid Prediction Engine

Responsibilities:

Combine academic prediction and engagement classification
Final classification into:

Excellent Performer

Needs Attention

At Risk

Logic:

Rule-based decision matrix or ensemble model

7. Real-Time Monitoring & Update Module

Responsibilities:

Continuously track engagement via facial inputs

Dynamically update student predictions

Technologies:

Real-time video processing, multiprocessing or threading in Python

8. Visualization & Reporting Module
Responsibilities:

Generate dashboards showing:

Student risk levels

Engagement trends

Academic performance statistics

Technologies:

Dash, Streamlit, or Power BI / Tableau for reporting
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Fig 3: Modules used in Block diagram

V. RESULTS AND PERFORMANCE EVALUATION
1. Academic Performance Prediction Metrics
Models were trained and tested on a labeled dataset containing academic records and behavioral indicators.
Evaluation Metrics Used:
Accuracy: ~88% with Random Forest
Precision: 0.86 (indicates correctness of positive predictions)
Recall: 0.84 (indicates how well actual positives are identified)
F1 Score: 0.85 (balance between precision and recall)
Model Comparison:

‘Model "Accuracy‘|Precisi0nHRecall‘|F1 Score‘
‘DecisionTree HSZ% HO.79 H0.76 H0.77 ‘
ISVM 84%  Jo.81  Joo.8o Jo.80 |

[Random Forest|[88%  ]0.86  [0.84 [lo.85 |

2. Engagement Classification Metrics

Engagement classification was based on:

Blink frequency threshold (e.g., >20 blinks per minute = inattentive)
Yawn frequency (more than 2 yawns in 5 minutes)

Head angle deviation from frontal axis

Evaluation Results:

Accuracy: 80%

True Positive Rate (Engaged Detected Correctly): 82%

False Positive Rate: 10%

Slight performance drop observed in poor lighting or camera angles

3. Hybrid Prediction Performance
Combined Model Accuracy: 89% in final classification of student status:
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Excellent Performer: High academic + Engaged
Needs Attention: Medium/High academic + Disengaged OR vice versa
At Risk: Low academic + Disengaged
Improvements over standalone ML model:
15% increase in early detection of at-risk students

12% decrease in misclassified disengaged students who were performing well

4. Real-Time Responsiveness

Engagement stats updated every 3—5 seconds using buffered frame analysis
Lag time between behavior change and updated prediction: < 1 second
CPU usage remained under 40% on a standard laptop (Intel i5, §GB RAM)

5. Qualitative Feedback

From Educators:

Better ability to identify students needing non-academic support

Reports helped track motivation trends over weeks

From Students (pilot test):

Some students felt more accountable during learning when they knew engagement was monitored
Privacy concerns were addressed with local data processing and opt-in consent

6. Challenges and Limitations

Lighting Conditions: Poor lighting affects facial landmark detection accuracy

Camera Angle Dependency: Non-frontal faces reduce tracking quality

Emotion Misinterpretation: High blink/yawn rates not always due to disengagement (could be fatigue, health, etc.)
Ethical Considerations: Privacy, consent, and data handling must be carefully managed

VI. CONCLUSION

The proposed Student Performance Prediction System integrates machine learning-based academic performance
prediction with real-time behavioral engagement analysis to provide a holistic evaluation of student learning. By
leveraging multiple classification algorithms such as Support Vector Machine (SVM), Random Forest (RF), and
Gaussian Naive Bayes (GNB), the system ensures accurate prediction of academic performance based on various input
features like project involvement, internet issues, knowledge level, and supporting materials. Additionally, the system
employs facial landmark detection using OpenCV and DIib to analyze engagement levels through indicators such as
eye closure (frustrated), looking left/right (confused), stable pose (engaged), and yawning (bored). This dual approach
allows the system to combine both predictive analytics and real-time behavioral assessment, enabling a more
comprehensive understanding of student performance. The developed Flask-based web application provides a seamless
interface for students to enter their data or upload recorded videos for engagement analysis, while teachers can monitor
overall student performance and engagement trends. The system stores all predictions and engagement metrics in a
structured database, ensuring data-driven insights for both students and educators. By combining machine learning with
real-time video-based engagement detection, the system enhances student monitoring, facilitates timely interventions,
and enables educators to make informed decisions to improve learning outcomes. This integrated approach bridges the
gap between academic performance assessment and student engagement analysis, contributing to a more adaptive and
personalized learning experience.

VII. FUTURE SCOPE
1. Integration with Learning Management Systems (LMS):
The system can be expanded to integrate directly with popular LMS platforms (like Moodle, Google Classroom, or
Canvas) to automatically collect academic data and deliver real-time engagement feedback during online classes.
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2. Deep Learning for Enhanced Facial Analysis: Replace or augment Dlib-based analysis with deep learning
techniques (e.g., CNNs or facial expression recognition models) to improve accuracy in detecting subtle engagement
cues such as micro-expressions, emotional states, or fatigue.

3. Multi-modal Engagement Tracking: Incorporate additional sensors or data sources—such as voice analysis,
posture tracking, and eye-tracking—to form a more comprehensive picture of student behavior and focus levels.

4. Adaptive Learning Recommendations: Use the hybrid performance classification to trigger personalized learning
paths, suggesting resources or interventions (e.g., tutoring, mental health support, time management tools) tailored to
individual student needs.

5. Scalability for Larger Classrooms: Develop cloud-based or edge computing versions of the system to support real-
time tracking of engagement for hundreds of students simultaneously in virtual or hybrid classrooms.

6. Privacy-Preserving Analytics: Implement federated learning or on-device processing to enhance data security and
address privacy concerns, ensuring student facial data is not stored or transmitted unnecessarily.

7. Longitudinal Performance Tracking: Extend the system to track student progress over time, analyzing trends in
engagement and academic outcomes across semesters or school years to inform curriculum design and teaching
methods.

8. Cross-Cultural and Inclusive Design: Train models on diverse datasets to account for cultural, ethnic, and
behavioral differences in facial expressions and learning styles, improving fairness and reducing bias.
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