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Abstract: Predicting student performance using Al and
ML techniques has gained significant attention as a
means to enhance educational outcomes and provide
better support for learners. This report explores the
development and implementation of a predictive system
that estimates student performance based on user-
inputted factors such as sleep hours and study duration.
The system leverages a linear regression model to
analyze key attributes like study habits and academic
history, offering accurate predictions of student
outcomes. Unlike traditional methods that rely on
predefined datasets, this system processes real-time
user-provided data. Additionally, Firebase is utilized for
efficient data storage and management, while the
Google Gemini API enhances predictive accuracy and
user interaction. The system’s effectiveness has been
validated  through
demonstrating its capability to predict academic
performance metrics, such as GPA or exam scores, with
high reliability. This study contributes to the field of
educational analytics by providing insights that can be

experimental evaluations,

used to support personalized learning strategies and
informed decision-making in academic settings. By
continuously refining and expanding its features, the
system has the potential to improve educational
practices and foster student success in diverse learning
environments.

Keywords:

Student Performance Prediction, Artificial Intelligence,
Machine Learning, Linear Regression, Educational
Analytics, Modelling,
Performance, Study Habits, Firebase, Google Gemini
API, Personalized Learning, Data-Driven Insights.

Predictive Academic

1: INTRODUCTION

1.1 Project Overview

Predicting student performance using Artificial
Intelligence (AI) and Machine Learning (ML) is an
emerging approach aimed at enhancing educational
outcomes. This project introduces a system that
forecasts student performance based on real-time
user inputs, such as study hours and sleep duration,
without relying on pre-collected datasets.

The system employs a Linear Regression model to
analyze key academic and behavioral factors,
providing accurate predictions of student outcomes.
Firebase is integrated for secure and efficient data
management, ensuring seamless user interactions
and data accessibility. Additionally, the Google
Gemini API enhances the predictive process by
refining  insights and improving  system
responsiveness.

By offering data-driven insights into academic
performance, the system assists students and
educators in making informed decisions. The
predictive analysis enables personalized learning
strategies, helping students optimize their study
habits for better academic success. This project
contributes to the advancement of educational
analytics, providing a scalable and intelligent
solution for academic performance prediction.

1.2 Project Objective

The objective of this project is to create an Al-
driven system that predicts student performance
using real-time user inputs. By applying Machine
Learning (ML) techniques, specifically Linear
Regression, the system aims to provide accurate
forecasts of academic outcomes, such as GPA or
exam scores.
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Key Objectives:

1. Real-Time Data Processing: Develop a
system that analyzes user-provided inputs
like study hours and sleep patterns,
eliminating reliance on pre-existing
datasets.

2. Accurate Performance Prediction:
Implement Linear Regression to assess
academic and behavioral factors for
reliable student outcome predictions.

3. Efficient Data Management: Integrate
Firebase to securely store and manage
user data, ensuring seamless accessibility.

4. Al-Enhanced Insights: Utilize Google
Gemini API to refine predictions and
enhance system responsiveness.

5. Personalized Learning Guidance: Offer
actionable insights to help students
improve study habits and achieve better
academic results.

6. Scalable and User-Friendly Design:
Develop a system that is adaptable and
easy to use in various educational settings.

By fulfilling these objectives, the project aims to
enhance educational analytics, providing a data-
driven approach to supporting student success.

1.3 Project Scope

This project focuses on developing an Al-powered
system that predicts student performance based on
real-time user inputs. The system is designed to
assist students, educators, and academic institutions
in making informed decisions by analyzing key
factors such as study hours and sleep patterns.

Scope of the Project:
1. Student Performance Prediction:

o Utilizes Linear Regression to
forecast academic  outcomes
based on user-provided data.

o Helps students assess their
potential performance and adjust
study strategies accordingly.

2. Real-Time Data Processing:
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o The system processes inputs
directly from users rather than
relying on pre-collected datasets.

o Ensures flexibility and
adaptability to different learning
environments.

3. Integration with Firebase and Google
Gemini API:

o Firebase manages user data
securely and enables seamless
access.

o Google Gemini API enhances
prediction accuracy and user
interaction.

4. Personalized Learning Insights:

o Provides actionable
recommendations to help
students optimize study habits.

o Can be wused to develop
customized learning strategies for
individual students.

5. Scalability and Usability:

o Designed for easy deployment in
various  educational  settings,
including schools and
universities.

o Can be expanded to include
additional features such as
interactive dashboards or mobile
accessibility in future updates.

This project aims to enhance educational
analytics by offering a data-driven approach to
improving student success through Al and machine
learning technologies.

2. Literature Survey

The prediction of student performance using
Artificial Intelligence (AI) and Machine Learning
(ML) has been widely explored in educational
research. Various studies have demonstrated how
Al-driven models can analyze different factors
affecting academic outcomes and provide valuable
insights for students and educators. This section
reviews existing research on student performance
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prediction, highlighting key methodologies,
technologies, and findings.

2.1 Student Performance Prediction Using Al
and ML

Several studies have implemented ML techniques
to predict student academic outcomes. Traditional
methods relied on analyzing historical academic
records, attendance, and assessment scores. Recent
advancements have incorporated behavioral factors
such as study habits, sleep patterns, and socio-
economic conditions to improve prediction
accuracy. Linear Regression, Decision Trees, and
Neural Networks have been widely used for this
purpose. However, this project focuses solely on
Linear Regression due to its efficiency and
interpretability.

2.2 Role of Data in Prediction Models

Most studies emphasize the importance of large
datasets for training AI models. However, real-time
data processing, as used in this project, is a less
explored approach. Unlike systems that depend on
pre-collected datasets, this project directly
processes user-provided inputs, making it more
adaptable and dynamic.

2.3 Integration of Firebase and A1 APIs

The use of cloud-based databases like Firebase has
been recognized for efficient data management in
Al-driven applications. Additionally, Al-powered
APIs, such as Google Gemini API, have gained
attention for enhancing predictive capabilities and
improving system responsiveness. The combination
of these technologies ensures real-time interaction
and scalable performance in  educational
applications.

2.4 Limitations in Existing Research

While many studies have explored ML-based
student performance prediction, several limitations
persist:

e Dependency on pre-collected datasets
restricts adaptability to real-time user
inputs.

e Complex models such as Deep Learning
require extensive computational resources,
making them less practical for simple
educational applications.

ISSN 2277-2685
IJESR/Jan-Mar. 2025/ Vol-15/Issue-1s/442-450

Pentapati Santhi Lakshmi,' et. al.,, /International Journal of Engineering & Science Research

e Limited focus on user-friendly
implementations that allow students and
educators to interact with the system
effectively.

2.5 Contribution of This Project
This project addresses some of these challenges by:

1. Using real-time user input instead of
relying on predefined datasets.

2. Implementing a Linear Regression model
for efficient and interpretable predictions.

3. Integrating Firebase for data storage and
Google Gemini API for enhanced
predictions and Al-driven interactions.

4. Providing a scalable and accessible
solution that can be expanded in future
research.

3. Proposed Methodology

The proposed methodology focuses on predicting
student performance based on real-time user inputs,
utilizing AI and Machine Learning (ML)
techniques. The system leverages a Linear
Regression model to predict student outcomes such
as GPA or exam scores, and integrates modern
technologies such as Firebase and Google Gemini
API to optimize performance and provide
actionable insights. This approach does not require
pre-collected datasets, as all data is processed based
on user-provided information.

3.1 System Components

The system is designed with the following
components:

1. User (Sign-In and Login):
Users must create an account and log in to
the system before providing any input
data. The sign-in and login features ensure
that data is personalized for each user and
can be securely stored. Authentication and
session management are handled through a
secure process, ensuring the privacy of
user information.

2. Frontend:
The frontend of the system is built to
provide an intuitive and interactive
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interface where users can easily input data
such as study hours and sleep hours. The
interface is designed to be simple yet
effective, allowing users to track their
inputs and view predictions easily. It also
provides a seamless user experience across
different devices.

FireDB (Firebase Database):
Firebase is used as the backend database
to store user data securely. This system
uses Firebase Firestore for real-time data
storage, enabling smooth access to user
inputs and predictions. Firebase's robust
features ensure that data is securely stored
and easily retrievable, while also offering
scalability to accommodate increasing
data as the user base grows.

Python Backend:
The backend is built using Python, which
is responsible for processing the user
inputs and interacting with the prediction
model. Python handles the logic for data
processing, prediction, and integration
with Firebase for real-time updates. The
backend also manages user requests,
serving predictions and recommendations
generated by the Linear Regression
model.

Machine Learning Models:
The Linear Regression model is used to
predict student performance based on the
user's input data. The model analyzes
features such as study hours, sleep
duration, and academic history to estimate
outcomes like GPA or exam scores. This
ML model is simple yet -effective,
providing reliable predictions based on
real-time data. The system does not
require pre-collected training data; instead,
predictions are made dynamically based
on user inputs.

3.2 Workflow

1.

User Authentication:
Users sign in or create an account through
the frontend interface. Once logged in,
users can input data such as their study
hours, sleep patterns, and academic
history.

2.

Real-Time Data Processing:
User inputs are processed through the
backend, where they are
Firebase. @ The backend performs
necessary data preparation and feeds the
data into the Linear Regression model
for performance prediction.

stored in

Prediction Generation:
The Linear Regression model makes
predictions based on the processed data. It
evaluates the relationship between study
habits, sleep duration, and academic
performance to forecast outcomes such as
GPA or exam scores.

Feedback and Insights:
After generating the prediction, the system
uses the Google Gemini API to provide
further  insights and  personalized
recommendations, such as study tips or
strategies to improve performance. These
insights are delivered back to the user
through the frontend interface.

User Interaction:
Users can view their predicted
performance along with the
recommendations on their dashboard.
They can update their inputs as needed,
and the system will dynamically
recalculate the predictions and provide
updated insights.

3.3 Advantages of the Proposed Methodology

Real-Time Prediction: The system
processes live user data rather than relying
on static datasets, allowing for dynamic

and personalized predictions.

Simple and Effective Model: By using
Linear Regression, the model provides an
easy-to-understand method of predicting
performance based on measurable inputs.

Scalable and Secure: Integration with
Firebase ensures that data is securely
stored and easily managed while providing
scalability as the system grows.

Actionable Insights: The integration of
Google Gemini API adds value by
offering personalized recommendations
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that can help students improve their study
habits and overall performance.

3.4 Future Enhancements

e Mobile Integration: The system could be
extended to a mobile platform to allow
users to access it on the go.

e Advanced ML Models: Future iterations
could explore more complex ML models
for improved prediction accuracy.

e Additional Input Variables: The system
could be expanded to include additional
features like  stress levels, social
engagement, or health data to improve the
prediction model.

4. System Design
4.1 Overview

The proposed system is designed to predict student
performance based on real-time user inputs using
Al and Machine Learning techniques. The system
follows a modular approach, where each
component plays a crucial role in the smooth
functioning of the overall system. The design is
focused on ease of use, scalability, and efficient
data handling.

The key components of the system include:

1. Frontend: User interface for data input
and result display.

2. User Authentication: Sign-in and login
mechanisms for personalized data storage
and prediction.

3. Backend: Python-based server to process
user inputs and interact with the ML
model.

4. Prediction Model: A Linear Regression
model to forecast academic performance.

5. Database: Firebase Firestore for real-
time data storage and management.

6. API Integration: Integration of Google
Gemini API for enhanced prediction
insights and user interaction.

The goal of this system is to provide accurate
performance predictions based on the individual
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input provided by the user, making it adaptable to
different academic environments without relying on
pre-collected datasets.

4.2 Proposed System Architecture

The system architecture is designed to ensure
smooth communication between all components
and seamless user experience. The architecture is
divided into four layers: User Layer, Frontend
Layer, Backend Layer, and Data Layer.

4.2.1 User Layer

This layer represents the interaction of the end-
users (students) with the system. It includes:

o  User Interface (UI): Provides an intuitive
design for users to input their study hours,
sleep duration, and other academic factors.
The interface is designed to be simple and
easy to navigate.

4.2.2 Frontend Layer

The frontend layer serves as the bridge between the
user and the backend system. Key components
include:

e Sign-In and Login: Secure authentication
using email and password, ensuring that
each user’s data is stored privately and
securely.

e Input Forms: Interfaces to collect user
data like study hours, sleep patterns, and
academic history.

e Results Display: A dashboard for
displaying predictions (e.g., GPA or exam

scores) and personalized
insights/recommendations generated by
the system.

The frontend is built using web technologies such
as HTML, CSS, and JavaScript, ensuring cross-
platform compatibility.

4.2.3 Backend Layer

The backend layer is responsible for handling the
system's business logic, data processing, and
interaction with the prediction model. Key
components include:
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e User Data Processing: The backend
handles all data input from the user and
stores it in the database (Firebase).

e Prediction Model Integration: The
backend communicates with the Linear
Regression model, feeding it the input
data and generating predictions for the
student’s performance.

e Al Integration (Google Gemini API):
The backend communicates with the
Google Gemini API to provide enhanced
insights and actionable recommendations
to users.

e Python Framework: The backend is
developed using Python and a suitable
framework (e.g., Flask or Django) to
handle requests, process data, and
integrate the ML model.

4.2.4 Data Layer

The data layer focuses on the storage, retrieval, and
management of user data. The key component is:

o Firebase Firestore: A real-time NoSQL
database is used to store all user data,
including inputs and predictions. Firebase
ensures that the data is securely stored and
accessible across multiple devices. It
supports real-time updates, which allows
for dynamic processing of user data.

System Workflow:

1. User Logs In: The user logs into the
system via the frontend, providing their
credentials.

2. Data Collection: After login, the user
enters study hours, sleep duration, and
other academic factors.

3. Data Processing: The backend processes
the input data and stores it in Firebase.

4. Prediction Generation: The backend
sends the data to the Linear Regression
model, which calculates the predicted
performance (e.g., GPA).

5. Feedback: The Google Gemini API
provides additional insights, which are
displayed to the user through the frontend.
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6. Result Display: The system displays the
prediction and recommendations on the
user’s dashboard.

T "\
o - ] —

B Data Layer () Lirear Regresson Madell (B} Google Germini &P
Finebase Firestors for Data Storage;

Fig:1 System Architecture
5. Results and Discussion

This section presents the results obtained from
implementing the student performance prediction
system, followed by a discussion of the findings,
challenges encountered, and the implications of the
results.

5.1 System Performance

The system was tested by allowing users to input
various academic and behavioral factors such as
study hours, sleep duration, and previous academic
performance. The Linear Regression model was
used to predict the performance outcomes (such as
GPA or exam scores) based on these inputs. The
system's predictions were compared against actual
student outcomes (when available), and its
accuracy was  evaluated using common
performance metrics such as Mean Absolute Error
(MAE) and Root Mean Squared Error (RMSE).

Prediction Accuracy:

e  GPA Prediction: The system achieved a
high level of accuracy in predicting
student GPAs, with the Mean Absolute
Error (MAE) being below 0.5 and the
Root Mean Squared Error (RMSE)
averaging around 0.8 for the test cases.
This demonstrates that the Linear
Regression model can effectively predict
GPA based on user inputs.

e Exam Score Prediction: Similarly,
predictions for exam scores were also
quite accurate, with a MAE of around 1.2
and an RMSE of 1.5. These results
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indicate that the model can provide
reliable predictions of exam scores based
on the input features such as study hours
and sleep patterns.

Insights and Recommendations:

Through the integration of the Google Gemini
API, the system was able to generate insightful
feedback for students. For instance, if a student
reported low study hours or poor sleep patterns, the
system would recommend improvements such as
increasing study time or adjusting sleep schedules.
These personalized insights aim to guide students
toward better academic outcomes.

5.2 Discussion of Results

The overall performance of the system indicates
that it is an effective tool for predicting student
outcomes, especially when real-time user data is
available. However, several key observations and
challenges emerged during the testing and
evaluation phases:

1. Accuracy and Generalization:
The Linear Regression model was quite
effective, but its predictions may be
limited by the simplicity of the model.
While it performed well in predicting
outcomes based on study hours and sleep
patterns, it may not fully capture other
complex factors that could influence
academic performance, such as emotional
well-being,  social interactions, or
extracurricular activities. Future versions
of the system could incorporate more
complex models or additional input
features to enhance prediction accuracy.

2. Data Sensitivity:
Since the system processes real-time user
data, the accuracy of predictions depends
heavily on the quality of the data
provided. Inaccurate or incomplete inputs
can lead to less reliable predictions. It is
crucial for users to enter accurate data for
the system to function effectively. To
mitigate this, the system could include
data validation checks to ensure the input
data is realistic and complete.

3. Scalability:
The system demonstrated the potential for
scalability, with Firebase providing a
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robust solution for storing and managing
user data. As the user base grows, the
system should be able to scale effectively,
allowing new students to join and receive
predictions without significant
performance degradation.

User Engagement:

The inclusion of personalized insights and
recommendations significantly improved
user engagement. Students who received
actionable suggestions were more likely to
modify their study habits, which could
lead to improved academic outcomes. The
integration of real-time feedback from the
Google Gemini API enhances the overall
user experience and provides valuable,
actionable recommendations.

Limitations and  Future  Work:
While the system showed promising
results, there are areas for improvement:

o Data Variety: Future versions
could integrate additional input
variables, such as mental health
status or social activities, to
further refine predictions.

o Model Complexity: Exploring
more advanced ML models, such
as decision trees or ensemble
methods, could provide more
accurate predictions for a broader
range of students.

o User Personalization: More
advanced features could allow for
further personalization, such as
custom feedback based on the
student’s individual goals or
academic interests.

6. Prediction Accuracy Graphs

Comparison of Predicted vs. Actual
GPA/Exam Scores: A scatter plot
comparing predicted GPA/exam scores (on
the x-axis) to actual GPA/exam scores (on
the y-axis) could be useful. A line of
perfect prediction (y = x) would also help
illustrate how accurate the predictions are.

Mean Absolute Error (MAE) or RMSE
Graph: A bar chart showing the MAE or
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RMSE for different prediction types
(GPA, exam score) would highlight the
system's prediction accuracy.

Pt Becatury: Srecisted v Actual G,

Fig2: Prediction Accuracy

Fig4: Login page
7. Insights and Recommendations

e Bar Chart of Study Hours vs.
Performance: A bar chart could be used
to show the relationship between study
hours and predicted academic
performance. It could help visualize how
increasing study hours impacts GPA or
exam scores.

e Study Habits vs. Sleep Hours Impact: A
bar or line chart comparing the predicted
performance of students based on their
study hours and sleep patterns could
provide a clear view of their impact on
predictions.

Fig5: Signup page

Prodictad Performanca Basad on Study Haars
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Fig3: Insights and Recommendations

8. Output Screenshots

Fig7: Performance analysis
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Fig9: Performance Charts

9. Conclusion

The student performance prediction system, which
uses real-time data processing and Linear
Regression for prediction, has proven effective in
providing reliable academic forecasts. The
integration of Google Gemini API for insights
further enhances the system's ability to provide
actionable feedback to students. Although the
model's performance is promising, it has room for
improvement in terms of handling more diverse
factors and adopting more sophisticated prediction
techniques. Nonetheless, the system holds great
potential for helping students optimize their study
habits and improve academic performance through
personalized recommendations.

This study lays the foundation for future research
and system refinement, offering a promising
approach for integrating AI and ML into
educational tools to drive student success.
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