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Abstract— This project focuses on developing a
Personalized Learning Analytics and Study Time
Analyzer system to help students improve their academic
performance. The system analyzes students’ learning
behavior, study patterns, and time usage to provide clear
and personalized insights. It highlights strengths, weak
areas, preferred study times, and subject-wise study
trends through an interactive cloud-based dashboard. By
offering meaningful feedback and study
recommendations, the system helps students manage
their time better and understand their learning habits.
Overall, the project aims to make learning more
effective, organized, and student-centric using intelligent
data analysis.
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Analytics, Study Time Analysis, Artificial Intelligence,
Machine Learning, Educational Analytics, Student
Performance Monitoring, Time Management, Cloud-
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I. INTRODUCTION

In the modern education system, students often
struggle to manage their study time and track their
learning progress effectively. Traditional methods
such as manual tracking and general performance
reports do not provide personalized insights into
individual learning patterns. As a result, students find
it difficult to identify weak areas and improve their
study strategies.

The Personalized Learning Analytics and Study Time
Analyzer project aims to solve this problem by using
Artificial Intelligence and Machine Learning to
analyze students’ learning behaviour and study habits.
The system processes study-related data and presents
personalized insights through a cloud-based
dashboard. It helps students understand their strengths,
weaknesses, preferred study times, and overall
learning efficiency. By providing clear feedback and
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meaningful visualizations, the system supports better
time management and improved academic
performance.

This system not only tracks study time but also goes
beyond simple data storage by recognizing patterns in
learning behavior. It helps students understand how
effectively they are using their time and suggests better
study schedules to improve learning efficiency. By
providing personalized feedback, the system
encourages students to adopt smarter study strategies
rather than following a one-size-fits-all approach.
Furthermore, the project has the potential to be
integrated with online learning platforms and mobile
applications, enabling automatic data collection and
real-time feedback. In the future, it can be extended to
analyze additional factors such as focus levels, break
time, and sleep patterns, making it a comprehensive
student learning support system. Overall, this project
demonstrates how Al-driven analytics can transform
traditional learning into a more personalized, efficient,
and student-centric experience.

A. Key Objectives

The key objectives of this semester project are:

- To analyze students’ learning behavior and
academic performance using Al-based techniques.

- To track and evaluate students’ daily and weekly
study time in a structured manner.

- To identify students’ strengths, weak areas, and
subject- wise study patterns.

- To provide personalized insights and study
time recommendations through a cloud-based
dashboard.

- To help students improve time management,
learning efficiency, and overall academic
performance.

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 2136



© February 2026| IJIRT | Volume 12 Issue 9 | ISSN: 2349-6002

II. LITERATURE SURVEY

1. In G. Siemens and R. S. J. d. Baker, “Learning
analytics and educational data mining: Towards
communication and collaboration,” Proceedings of the
2nd International Conference on Learning Analytics
and Knowledge.

Siemens and Baker (2012) discuss the relationship
between Learning Analytics (LA) and Educational
Data Mining (EDM)), highlighting their shared goal of
improving learning through data-driven insights. The
paper explains differences in focus— LA emphasizing
educational systems and human interpretation, while
EDM concentrates on automated pattern discovery—
and calls for stronger collaboration between the two
communities to advance research, theory, and
practical educational applications.

2.  D. GaSevi¢, S. Dawson, and G. Siemens, “Let’s
not forget: Learning analytics are about learning,”
TechTrends, vol. 59, no. 1, pp. 64—71, 2015.

Gasevi¢, Dawson, and Siemens (2015) emphasize that
learning analytics should remain grounded in
improving learning rather than focusing solely on data
collection and technology. The paper argues for
theory-driven approaches, alignment with pedagogical
goals, and meaningful interpretation of data to support
student success. It highlights the need to connect
analytics with learning sciences to ensure that insights
lead to effective educational interventions and
improved outcomes.

3. R. S. J. d. Baker and P. S. Inventado,
“Educational data mining and learning analytics,”
Learning Analytics, pp. 61— 75, 2014.

Baker and Inventado (2014) provide an overview of
Educational Data Mining (EDM) and Learning
Analytics (LA), explaining their methods, goals, and
applications in understanding and improving learning
processes. The chapter reviews key techniques such as
prediction, clustering, and relationship mining, and
discusses how data-driven insights can support
personalized learning, student modeling, and
educational decision-making while highlighting the
complementary nature of EDM and LA.

4, J. Romero and S. Ventura, “Educational data

mining: A review of the state of the art,” IEEE
Transactions on Systems, Man, and Cybernetics, vol.
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40, no. 6, pp. 601-618, 2010.

Romero and Ventura (2010) present a comprehensive
review of Educational Data Mining (EDM),
summarizing key techniques, tools, and applications
used to analyze educational data. The paper discusses
methods such as classification, clustering, association
rule mining, and visualization to improve student
modelling, performance prediction, and course design.
It also outlines challenges and future research
directions, emphasizing EDM’s potential to enhance
teaching and learning processes.

5. S. Dawson, D. Gasevi¢, G. Siemens, and S.
Joksimovic, “Current state and future trends: A
citation network analysis of the learning analytics
field,” Proceedings of the Fourth International
Conference on Learning Analytics and Knowledge, pp.
231-240, 2014.

Dawson, Gasevi¢, Siemens, and Joksimovi¢ (2014)
analyze the development of the learning analytics field
through citation network analysis. The paper identifies
influential publications, key researchers, and emerging
themes, revealing how the discipline has evolved over
time. It highlights major research clusters,
interdisciplinary influences, and future trends, offering
insights into the maturation of learning analytics as a
distinct area of educational research.

III. PROBLEM STATEMENT

Educational institutions generate large volumes of
student data, but this data is often underutilized in
improving learning outcomes. There is a lack of
effective systems to analyze learner behaviour, predict
performance, and provide timely interventions. The
project aims to develop learning analytics— based
approach to transform raw educational data into
actionable insights that support personalized learning,
enhance student engagement, and improve academic
success.

IV. PROPOSED SYSTEM ARCHITECTURE

A. Overview

The Personalized Learning Analytics and Study Time
Analyzer is an Al-based system designed to help
students understand and improve their learning
performance and study habits. Traditional methods of
monitoring academic progress and study time are
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mostly manual and do not provide personalized
feedback. This project addresses that gap by analyzing
students’ learning behavior and study time data to
generate meaningful insights.

Al-Driven Student Learning Intelligence Architecture
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Data Collection Module: Collects study-related
data such as daily and weekly study hours,
subjects, topics, and preferred study time slots
from students.
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2. Data Preprocessing Module: Cleans and
organizes the collected data by handling missing,
duplicate, or incorrect entries to ensure accurate
analysis.

3. Al & Machine Learning Engine: Analyses
learning behaviour and study patterns to identify
strengths, weak areas, productivity trends, and
optimal study times.

4. Cloud-Based Database: Securely stores student
data and analysis results with proper access
control and data privacy measures.

5. Learning  Analytics  Module:  Generates
performance metrics and personalized insights
based on analysed learning and study-time data.

6. Study Time Analyzer: Tracks subject-wise and
topic-wise study time and highlights preferred and
least productive study periods.

7. Visualization & Dashboard Module: Displays
insights using charts and graphs through an
interactive and user-friendly dashboard.

8. Recommendation System: Provides personalized
feedback and study time suggestions to help
students improve learning efficiency.

V. PROCESS FLOW
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STEP-BY-STEP PROCESS FLOW

1. User Registration and Login

Students create an account and securely log in to access
the system.

2. Data Entry / Data Collection

Students input study-related information such as study
hours, subjects studied, topics covered, and study time
slots.

3. Data Storage

The collected data is stored in a secure cloud-based
database for further processing.

4. Data Preprocessing

The system cleans and organizes the data by removing
errors, handling missing values, and converting it into
a structured format.

5. Learning Pattern Analysis

Machine Learning models analyze the processed data
to detect study habits, productivity trends, and subject-
wise focus.

6. Performance Evaluation

The system compares study behavior with
performance indicators to identify strengths and weak
areas.

7. Insight Generation

Personalized insights such as best study time, least
focused subjects, and total study duration are
generated.

8. Visualization on Dashboard

Results are displayed through charts, graphs, and
summaries on an interactive dashboard.

9. Personalized Recommendations

The system suggests improved study schedules and
strategies based on analysis.

10.  Continuous Monitoring
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As students keep adding data, the system continuously
updates insights and improves recommendations over
time.

PROPOSED IMPLEMENTATION

A. Technology Stack

Frontend: HTML, CSS, JavaScript for building a
responsive user interface and React.js for creating an
interactive and dynamic dashboard

Backend: Python and python libraries (NumPy,
Pandas) — for data preprocessing and basic ML models
(Clustering, Regression)

Database & Cloud: MySQL for storing user and study
data and cloud platform for cloud-based storage and
deployment

Data Visualization & Analytics: Power BI/ Matplotlib
/ Seaborn — for analytics and graphical representation

B. Data Collection and Processing

In this project, data collection involves gathering
students’ study-related information such as daily and
weekly study hours, subject names, topics covered,
and preferred study time slots. This data can be entered
manually by students or collected through digital
platforms. Once collected, data preprocessing is
performed to ensure accuracy and consistency. This
includes removing duplicate entries, handling missing
or incorrect values, and converting raw data into a
structured format suitable for analysis. Proper
preprocessing helps improve the reliability of Machine
Learning models and ensures meaningful learning
analytics and personalized study insights.

C. Machine Learning Pipeline

In this project, different Machine Learning models can
be used to analyze learning behavior and study time
patterns. Clustering algorithms such as K-Means can
group students based on similar study habits and
performance levels, helping identify common learning
patterns. Regression models like Linear Regression
can predict academic performance based on study time
and subject- wise effort. Decision Trees can be used to
understand the impact of different study factors on
learning outcomes in an easy-to- interpret manner.

EXPECTED OUTCOMES AND EVALUATION
PLAN
A. Evaluation Strategy
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The evaluation of the system is carried out by
comparing predicted insights with actual student study
patterns and performance outcomes. The accuracy of
Machine Learning models is measured using standard
metrics such as prediction accuracy and error rates.

B. Expected Performance Metrics

Evaluate the accuracy of Machine Learning models
using prediction accuracy and error metrics, compare
analysed study patterns with actual student study data
and lastly, assess the effectiveness of personalized
insights and study recommendations.

C. Project Deliverables

The following deliverables will be produced by the end

of the semester:

o A functional Personalized Learning Analytics and
Study Time Analyzer system.

e An interactive cloud-based dashboard displaying
learning and study-time insights.

e AI/ML models for analyzing learning patterns and
study behavior.

e A secure database for storing student study data
and analysis results.

e Project documentation, including methodology,
results, and user guidelines.

VI. CONCLUSION

The Personalized Learning Analytics and Study Time
Analyzer project successfully demonstrates how
Artificial Intelligence and Machine Learning can be
used to improve students’ learning experiences. By
analysing study patterns, learning behavior, and time
usage, the system provides personalized insights that
help students identify their strengths, weak areas, and
ideal study periods. The cloud- based dashboard
presents these insights in a simple and visual manner,
making them easy to understand and apply.

Instead of relying on traditional, manual methods, this
system enables smarter study planning and better time
management. Overall, the project highlights the
potential of Al-driven educational analytics to support
personalized learning, improve academic
performance, and create a more effective, student-
centric learning environment.

One of the key advantages of this project is its focus
on personalization. Instead of offering generic
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recommendations, the system provides feedback
tailored to individual learning habits. This encourages
better time management, improved focus, and higher
learning efficiency. Additionally, the use of cloud
technology ensures data accessibility, scalability, and
secure storage.

Overall, the project demonstrates how Al-driven
educational analytics can support smarter learning
strategies, promote self- awareness among students,
and contribute to a more efficient, student-centered
learning environment.
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