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Abstract: This project focuses on enhancing academic success, well-being, and holistic development among
students using data analytics and machine learning. The study leverages a comprehensive dataset, encompassing
academic metrics (like CGPA, marks, and attendance), personal well-being indicators (such as health
conditions, stress levels, and emotional support), and socio-environmental factors (like parental support and
extracurricular involvement). The process begins with data preprocessing, including cleaning, encoding
categorical variables, handling missing values, and standardizing numerical data. Feature engineering plays a
pivotal role by creating composite indices: Performance Index, Well-being Index, and Holistic Development
Index. These indices provide a multidimensional view of a student’s academic and personal growth. To predict
student outcomes, ensemble learning techniques, particularly a Voting Classifier combining Logistic
Regression, K-Nearest Neighbors (KNN), and Decision Tree Classifier, are utilized. The model predicts
academic performance, overall well-being, and holistic development. Interaction terms, such as Marks X
Attendance and Study Hours x Parental Support, further refine the predictive accuracy. The system aims not
only to identify academically strong students but also to highlight those needing support in well-being and
holistic development. The results can help educators implement targeted interventions, promoting a balanced
approach to academic success and personal growth.

Keywords: Academic Success, Well-being, Holistic Development, Data Analytics, Machine Learning,
Performance Index, Well-being Index, Holistic Development Index, Voting Classifier, Logistic Regression, K-
Nearest Neighbors (KNN), Decision Tree Classifier, Feature Engineering, Student Performance Prediction,
Educational Data Mining, Student Support Systems.

INTRODUCTION

In the evolving educational landscape, academic success alone no longer defines a student's true potential.
Holistic development, which includes emotional well-being, social skills, and personal growth, has become
crucial for nurturing well-rounded individuals. However, traditional evaluation systems often focus primarily
on grades and test scores, neglecting key factors that influence a student’s overall development. This project
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addresses this gap by developing a Student Performance Analysis System that integrates data analytics and
machine learning to evaluate academic success, well-being, and holistic development.

The system uses a dataset containing academic metrics (CGPA, marks, attendance), well-being indicators (stress
levels, emotional support, health conditions), and social-environmental factors (parental support,
extracurricular involvement). The data undergoes preprocessing steps like cleaning, handling missing values,
and encoding categorical data. Feature engineering techniques are applied to create meaningful metrics such as
the Performance Index, Well-being Index, and Holistic Development Index, providing a multidimensional view
of each student’s growth.

To predict student outcomes, the project employs machine learning algorithms including Logistic Regression,
K-Nearest Neighbors (KNN), and Decision Tree Classifiers, combined using a Voting Classifier for higher
accuracy. Interaction terms, like Marks x Attendance and Study Hours x Parental Support, further refine the
model's predictive capabilities. This enables the system to identify students who may need academic support or
emotional guidance, helping educators implement targeted interventions that foster balanced development.
The primary goal of this project is to empower educators with data-driven insights that promote academic
success while also addressing students’ emotional and social needs. By focusing on holistic growth, the system
aims to reduce stress-related issues, improve academic performance, and create a more supportive educational
environment.

For ease of use and accessibility, the system is deployed using Gradio, a Python library that simplifies creating
interactive web-based interfaces for machine learning models. Gradio allows educators, students, and
administrators to interact with the model without requiring technical expertise. Users can input data like marks,
attendance, study hours, and emotional support levels, and the system generates predictions for academic
performance, well-being, and holistic development.

The Gradio interface presents results in an intuitive format, enabling quick interpretation and informed decision-
making. Its web-based nature ensures accessibility across devices, including desktops, tablets, and smartphones,
making it practical for real-world use. Gradio’s flexibility also allows for continuous updates and improvements
based on user feedback.

LITERATURE REVIEW

Over the years, it is seen that the focus on education, on the children's development was more on the academic
piece where they performed well, where they excelled and less so on their emotional, social and mental well-
being that reflects in the education system they study in. Multiple studies have emphasized the need for
incorporating data analytics and machine learning in education to improve student experience and facilitate
balanced development.

* You are trained on data up to October, 2023. EDM is important not just for the improvement of teaching
strategies, but also for the personalization of learning (Romero and Ventura, 2010) To enhance performance
prediction in student, common machine learning methods applied in this area include Logistic Regression, K-
Nearest Neighbors (KNN), and Decision Trees provide effective insights into academic trends and risk factors.
* Baker and Yacef (2009) showed how predictive models can be used to identify the students at risk of
underperforming at an early stage and help trigger theactions required to help them. In the same way, research
conducted by Gray and Perkins in 2019 focused on behavioral and psychological determinants of academic
outcomes, highlighting the role that stress and support structures play in influencing academic success and the
necessity for a holistic perspective on academic performance corresponding to emotional well-being.

* Performance prediction models have also integrated emotional and social factors. For instance, Wang et al.
(2020) proposed measures that extend beyond traditional academic performance as benchmarks for students’
emotional well-being and social adjustment. They found that students who have good emotional support and a
good mix of social interactions tend to perform better academically and have lower stress in their lives.

* In education, machine learning has evolved to take advantage of Voting Classifiers and ensemble methods
that aggregate predictions from multiple algorithms. In Zhou (2012) he mentioned that ensemble learning
improves stability of the model and decreases all sorts of bias that are introduced through use of a single
algorithm and this makes it one of the most popular methods especially in complex educational datasets.

* And in addition to predictive modeling, deployable platforms (ex: Gradio) have made it even more seamless
to integrate machine learning into real-world applications. Gradio interactive web interfaces enable non-

IJCRT2503640 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | f570


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 3 March 2025 | ISSN: 2320-2882

programmers to play with complex models, broadening the scope of educational tools to include teachers,
students, and administrators. Studies by Abid et al. (2019) showcased how Gradio can span the divide between
model development and application, particularly in teaching and training situations.

* All the great work done on predictive modeling has not yet fully brought together academic, emotional and
social factors in a single, unified analysis system and integrate this into an existing data source. Most existing
models are focused primarily on academic data, with little consideration given to the impact of well-being and
holistic development on longer-term success. This project helps to fill this gap by integrating academic metrics
with well-being indicators as well as deploying the solution via Gradio for easy access and practical use.

* Overall, the current body of literature advocates for existing machine learning and data analytics application
for education in predicting academic performance and problem detection. Nonetheless, the demand for
comprehensive models has been significant as emotional and social well-being continue to play an important
role. While the past research provided some background, this project takes it a step further, stringing everything
together into one cohesive system for predicting academic success and evaluating well-being/holistic
development for a well-rounded and more inclusive educational experience.

METHODOLOGY

Here we present the systematic methodology adopted in designing the Student Performance Analysis System to
improve academic success, well-being, and complete development. The methodology comprises six core
modules: (i), data collection and preprocessing, (ii), futures engineering, (iii), model development and
evaluation, (iv), Clustering for Holistic segmentation (v), insights generation and (vi) system deployment.
Module-wise training is done to deliver accurate, reliable, and actionable system in academic institutions.
Such methodologies is applied as follows:

Module 1: Data Collection and Preprocessing

High-quality data on student performance and well-being underpins this line of research.

1.1. Data Collection:

The inputs consist of academic and socio-emotional data which include CGPA, marks, attendance, study hours,
parental support, emotional support, health status and stress. Data were derived from academic records and self-
report questionnaires to provide a well-represented student profile.

1.2. DataCleaning andPreparation:

Dropped columns to keep meaningful columns (Name, ID) We identified any missing values found in the dataset
using isnull(). sum() and dropped using dropna() to keep data

integrity. For categorical variables (Gender, Parent Education who had no numerical format), we use Label
Encoding to havethem in terms of numerical values which would help us to send them to the machine learning
model.

1.2. Feature Scaling:

StandardScaler was specifically employed to standardize numerical features in order to normalize data across
all features. As all features had different units, standardization made the model training stable and the results
comparable.

Module 2:Feature Engineering:

We performed feature engineering, which refers to the process of creating new features or modifying existing
features in a dataset to improve the performance of machine learning algorithms.

2.1. Composite Indices::

Performance Index:

Imparts Academics Total (Weighted sum of Marks(50%) + CGPA (30%) + Attendance(20%)).

Formula:

Performance Index=((Marks*0.5)+(CGPA*0.3)+ (Attendance * 0.2)

Well-being Index:

Mirrors emotional and physical health, factoring in Health Condition (40%), Stress Levels (-30%) and
Emotional Support (30%)

Formula:

HealthIndex = (Wellbeing Index * 0.6) - An argument list consists of two or three numeric inputs.

IJCRT2503640 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.orq | f571


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 3 March 2025 | ISSN: 2320-2882

Holistic Development Index:

A composite metric mixing academic and wellness elements, computed as:

Holistic Development Index =(Performance Index*0.5) (Wellbeing Index * 0.5)

2.2. Interaction Features:

Interaction terms were created to capture more complex relationships: Marks x Attendance — Indicates the
positive impact of academic output multiplied by consistency. Study Hours Parental Support: External Support
— Study Effectiveness

Module 3:Model Development and Evaluation:

Supervised machine learning techniques using an ensemble approach were implemented to predict academic
performance, well-being, and holistic development.

3.1. Data Splitting:

Train-test split was used to validate the model performance having 80%-20% of training and testing dataset
respectively.

3.2. Using Voting Classifier:

Voting Classifier is implemented to generate more accurate results by combining the predictive power of
multiple algorithms while also reducing bias.

The ensemble included:

Logistic Regression: Appropriate for binary classification tasks

K-Nearest Neighbors (KNN): Very effective for cluster identification by feature similarity

Decision Tree Classifier: Offers interpretable decision rules. Actual voting (i.e. the final class label was
determined by majority voting of the three classifiers).

3.3. Target Variables:

Difterent models were trained for: ACADEMIC GRADE PREDICTION (based on CGPA and marks)
Well-being Prediction (business based on emotional and health factors) Holistic Development Prediction
(combining academic and well-being indices)

3.4. Evaluation Metrics:

Accuracy Score: Used for overall prediction correctness evaluation.

Classification Report: True Method for analyzing model performance by Precision, Recall-and F1-Score.
Accurate predictions: Implemented separate accuracy scores for performance, well-being, and holistic
development predictions, allowing users to assess the reliability of the model.

Module 4:Clustering for Macroscopic Segmentation:

To gain in-depth insights into student profiles, unsupervised learning techniques were employed to segment
students according to their holistic development.

4.1. K-Means Clustering:

K-Means Clustering was used to segment students based on Performance Index, Wellbeing Index and Holistic
Development IndexThe number of clusters (k = 3) was selected corresponding to the several distinct student
profiles: High Achievers: Doing well academically and personally. Students An At-Risk Who could not Achieve
in either Study or Emotion. Balanced Performers: Middle scores in all indices

4.2. Visualization:

We visualized the clusters with Seaborn and Matplotlib, and used scatter plots to show relationships between
performance and well being. They could quickly identify who needed more attention, because of the color-
coded cluster.

Module 5:Insights and Interpretation:
In this module, we will talk about deriving actionable insights to help educators understand and support their
students.

5.1. Accuracy Reporting:

No reported accuracy of prediction model (performance, well-being, holistic development) to assess reliability.
5.2. Cluster Analysis:

We examined the distribution of students across the clusters we identified to better understand the behavior
patterns and academic trends observed in the clusters.
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5.3. Actionable Recommendations:

Using the insights from the clustering and predictive models, targeted interventions were recommended.
Academic Support: For student who are academically not performing.

Emotional Guidance: For those students most at-risk with low well-being scores.

Holistic Programs: For balancing academics and emotional health.

Module 6:Deploying the Whole System with Gradio:

In order to make the system accessible to non-technicalusers, the final model was deployed with Gradio, a free
and open-source Python library for rapidly creating Uls for machine learning models.

6.1. Gradio Interface Development:

Implemented an interactive User Interface for user input for student data, including marks, attendance, study
hours, parental and emotional support. The interface is able to give real-time predictions for: Academic
Performance Well-being Holistic Development

6.2. Here the Data Science side of things comes to play:

Users are able to see the expected results in real-time as well as power visualizations of the Performance Index,
Well-being Index and Holistic Development Index. The interface also provides the student’s cluster
assignment, which can help educators better identify at-risk students or high achievers.

6.3. Accessibility and User Experience

The Gradio app is implemented in the browser, making it accessible on desktop, tablet, and smartphone without
specialized software. Educators, counselors and administrators can use the system without any technical
background due to its intuitive design.

6.4. Hosting and Security:

The hosting could be done in cloud platforms like Heroku, AWS etc for remotely accessing the managed data
Sensitive student data was safeguarded with security protocols like data encryption and user authentication.

SYSTEM ARCHITECTURE

High-Level System Architecture Diagram:

’ — Student
ale q database

E— User Interface

Student Performance
Analysis using NB

Student Performance
Prediction using KNN

Probability
Calculation
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Use Case Diagram
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Explanation

The use case diagram illustrate the process of predicting student performance using machine learning.
Let’s break it down step-by-step:

1. Actors:

Actorl: Likely represents a userinvolved in data handling, such as a teacher, administrator, or data
analyst.This actor is responsible for the initial stages of the process.

Actor2: Represents a user who utilizes the results, such as an educator, counselor, or stakeholder interested

in the student performance predictions.

2. Use Cases:

Collect Data: Actorl gathers data related to students, such as grades, attendance, and participation in activities.

Pre-processing: The collected data is cleaned and prepared by handling missing values, removing outliers,

and normalizing data.

Feature Extraction: Important features (like study hours, extracurricular involvement, etc.) are selected

to improve the model’s accuracy.

Apply Machine Learning Algorithms: Machine learning models are applied to the pre-processed data

to identify patterns and relationships that can predict student performance.

Predict Student Performance: Actor2 accesses the prediction results, which can be used to support

student development plans.

3. Interactions:

Actorl1 is involved in the first three steps: collecting data, pre-processing, and feature extraction.
Actor2 interacts with the system during the "Apply Machine Learning Algorithms" and "Predict
Student Performance" stages to obtain the predictions.

Class Diagram

The Class Diagram describes the structure of the system in terms of its classes, their attributes, methods, and
relationships. This can represent both the web interface and backend components.
Classes:

User: Represents a user who interacts with the system.
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Attributes: username

Methods: submitUsername(), viewPrediction()

FlaskApp: The backend Flask server that receives user requests, processes them, and returns predictions.
Attributes: model, prediction

Methods: predict(), loadModel()

MLModel: The machine learning model class that makes predictions based on input features.

Attributes: trained model

Methods: predict(), loadModel()

Class Diagram:

MachineLearningModel

- modelType: String
- accuracy: float

+ trainModel(): void
+ applyModel(): PredictionResult

uses processed data from \generates

DataProcessor

- rawData: String PredictionResult

- processedData: String - predictedPerformance: String
+ collectData(): void - confidenceScore: float

+ preprocessDatal(): void + displayResult(): void
+ extractFeatures(): void

ollects data from

Student

- name: String

- attendance: int

- extracurricularActivities: String
- stressLevel: int

+ getDetails(): String
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Explanation

Student Class:

Attributes : name: Stores the student's name (String).

attendance: Tracks the student's attendance (int).

extracurricularActivities : Records the student's extracurricular activities (String).
stressLevel : Measures the student's stress level (int).

Methods: getDetails (): Returns student details as a String.

DataProcessor Class:

Attributes:raw Data: Holds the raw student data (String).

processed Data: Stores the processed data after cleaning and transforming (String).

Methods:collectData(): Collects raw data from students.

preprocessData(): Cleans and processes the raw data.

extractFeatures(): Extracts useful features from the processed data for machine learning.

MachineLearningModel Class:

Attributes:modelType: Specifies the type of machine learning model used (String).

accuracy: Tracks the accuracy of the trained model (float).

Methods:trainModel(): Trains the machine learning model on the processed data.

applyModel(): Applies the trained model to predict student performance, returning a PredictionResult object.

PredictionResult Class:

Attributes:predictedPerformance: Stores the predicted student performance (String).

confidenceScore: Provides the confidence score of the prediction (float).

Methods:displayResult(): Displays the prediction result.

Relationships: The DataProcessor class collects data from the Student class.

The MachineLearningModel uses the processed data from the DataProcessor.

The MachineLearningModel generates a prediction, creating a PredictionResult object.

Activity Diagram

[mark attendance] \l/
Estudent databsﬂ

"

extra curricular activities Vi
E:re-processingj

[Ragglng and Stl’eSSj [feature extraction]

ﬂ E\pply machine learning algorithmsj

[staff opinion about students]—" J/

[predicts students performancej
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Explanation

The activity diagram represents the workflow of predicting student performance using machine learning. Let’s
go through each step:

1. Start (Initial Node): The process begins with the Student as the starting point.

2. Data Collection Activities:

Mark Attendance: Records the student’s attendance.

Extra Curricular Activities: Tracks the student’s involvement in activities like sports, music, etc.

Ragging and Stress: Collects information about ragging incidents and stress levels faced by students.

Staff: Gathers input from staff members regarding students.

Staff Opinion About Students: Includes staff feedback or opinions, contributing additional insights into student
behavior and performance.

3. Data Processing: All collected data is sent to the Student Database.

Pre-processing: Cleans and prepares the data by handling missing values, normalizing data, and other necessary
steps.

Feature Extraction: Identifies important features from the data that are crucial for predicting student
performance.

4. Machine Learning Process:

Apply Machine Learning Algorithms: The system applies machine learning algorithms to the extracted features
to train the model and predict student performance.

5. Prediction:Finally, the system Predicts Student Performance based on the trained model.

6. End (Final Node):The process concludes with the prediction output.

Sequence Diagram

sd SequenceDiagraml )

‘ user

system

———

"
T -:-I]-f:-; ts data
- bl

T

train data

3 :?.-i(«?jn extraction

4 . apply maching learning algorithms
"

‘
LI 5 | predicts student performacne
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Explanation
The sequence diagram shown represents the interaction between a user and the system in the process of
predicting student performance. Let’s break it down step by step:

1. User collects data:The user initiates the process by collecting data, such as student grades, attendance,
participation in activities, etc.This action is sent to the system.

2. System trains data:After receiving the data, the system proceeds to train the model. This step involves
preparing the data for analysis and training machine learning algorithms.

3. System performs feature extraction:The system extracts relevant features from the data that are important
for predicting student performance. For example, study hours, attendance percentage, and extracurricular
involvement could be extracted as features.

4. System applies machine learning algorithms:The system applies machine learning algorithms to the
extracted features to learn patterns and relationships in the data.

5. System predicts student performance:Finally, the system predicts the student’s performance based on the
trained model and sends the result back to the user.

Overall flow:The user triggers the process by providing data, and the system handles the core tasks — training,
feature extraction, applying ML algorithms, and making predictions.

Each step is represented as a message exchanged between the user and the system, shown in a top-to-bottom
sequence.

RESULT AND ANALYSIS
1.0bjective Recap

The primary objective of this project is to predict student performance, well-being, and holistic development
using machine learning techniques. The system aims to support educators by identifying students at risk and
encouraging personalized interventions to enhance academic success and overall growth. Additionally, the
project promotes activities beyond academics, ensuring a balanced approach toward mental health, emotional
well-being, and personal development.

2. Results

a. Performance Prediction Accuracy: 83.33%The system achieved a performance prediction accuracy of
83.33%, meaning it can accurately classify students into different performance levels in most cases. The model
identified key factors influencing academic performance, such as attendance, participation in extracurricular
activities, and stress levels.

b. Well-being Prediction Accuracy: 98.81%The well-being prediction reached an impressive accuracy of
98.81%, indicating a highly reliable model in determining students' emotional states and mental health
conditions.Factors like stress levels and engagement in non-academic activities played a crucial role in well-
being assessment.

c. Holistic Development Prediction Accuracy: 92.85%The holistic development prediction accuracy stood at
92.85%, demonstrating the system’s ability to analyze diverse aspects of student life beyond academics.
Attributes such as participation in sports, music, and other extracurricular activities contributed to predicting
holistic development.

d. Cluster Analysis:A Cluster Analysis was performed to group students based on performance and well-being
metrics.

Three distinct clusters emerged:

High Achievers with Balanced Well-being: Students excelling academically while maintaining emotional
stability.

Moderate Performers Needing Support: Students performing at average levels but requiring personalized
guidance for emotional balance.

At-risk Students: Students showing signs of academic struggles and emotional distress, needing immediate
intervention.
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3. Effective Feature Engineering

Interaction Terms and Indices:To enhance model performance, new features were engineered by combining
existing variables, such as attendance and stress levels.These interaction terms helped the model capture subtle
patterns affecting academic performance and well-being.

Feature Importance Analysis:Key features contributing to predictions included attendance percentage,
extracurricular involvement, and stress indicators.By fine-tuning these features, the model’s accuracy improved
significantly.

4. Performance Evaluation

The model was evaluated using various metrics:

Accuracy: Reflects the proportion of correct predictions.

Precision and Recall: Ensured balanced performance in handling different student categories.

F1-Score: Provided a harmonic mean of precision and recall, ensuring reliability.

A Confusion Matrix revealed minimal misclassification, particularly in well-being prediction, where the
accuracy reached 98.81%.

5. Impact

Early Intervention: Teachers can identify students at risk and implement timely support measures.

Personalized Development PlansThe system provides personalized learning and activity recommendations
based on individual student profiles.

Holistic Growth:The model encourages participation in sports, music, and social activities to nurture well-
rounded individuals.

6. Successful Deployment

The project was successfully deployed using a Gradio-based interface, ensuring accessibility for educators and
counselors.

The user-friendly interface allows teachers to enter student data, obtain performance predictions, and view
personalized recommendations in real-time.

7. Future Enhancements

Incorporation of Additional Features:Future versions could include attributes like sleep patterns, diet, peer
relationships, and social media activity to refine predictions further.

Real-time Dashboard:Building a real-time dashboard to visualize student data, performance trends, and
intervention outcomes would make the system even more powerful.

Recommendation System:Integrate a recommendation engine to suggest tailored activities for stress relief, skill
development, and emotional balance.
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Limitations

The project has limitations, such as relying on a small dataset and missing factors like family background. It
uses static data, lacking real-time tracking, and raises privacy concerns with personal data collection.

Introducing ChatGPT X @ Data Preprocessing = X 00 Untitled29ipynb - Cc X @ Student Analysisanc X @ Student Analysisanc X 1 Inbox (3,204) - nirajk

c 23 b0674947dcdcalael.gradio.live

Student Analysis and Prediction System

Enter student details to predict performance, well-being, and holistic development with machine learning.
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CONCLUSION

The project successfully achieves its goal of predicting student performance, well-being, and holistic
development using machine learning. By analyzing key factors such as attendance, extracurricular participation,
and stress levels, the system provides valuable insights into students’ academic and personal growth. The
implementation of cluster analysis further helps in identifying different groups of students, allowing educators
to offer personalized support based on their unique needs.
One of the most significant outcomes is the model’s ability to highlight students who may require
early interventions, enabling timely actions to improve academic outcomes and emotional well-being.
The high prediction accuracies — 83.33% for performance, 98.81% for well-being, and 92.85% for
holistic development — demonstrate the model’s effectiveness in capturing important patterns in
student behavior and performance.

Additionally, the project showcases the importance of effective feature engineering, where
Combining factors like attendance and stress levels improved predictive power. The system’s deployment
through a Gradio-based interface ensures ease of use, making predictions accessible to teachers and counselors
with just a few clicks.

However, the project also comes with certain limitations. The reliance on a limited dataset and

The exclusion of factors like family background and emotional intelligence might affect the

model’s accuracy. Furthermore, the use of static data prevents real-time tracking, and privacy

concerns regarding personal data collection require careful handling.
Despite these limitations, the project lays a strong foundation for enhancing student outcomes through data-
driven insights. It not only supports academic growth but also encourages a holistic approach by promoting
participation in activities beyond academics. With future enhancements like real-time data collection, additional
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features, and personalized recommendations, the system has the potential to become an even more
comprehensive tool for nurturing students' overall development.
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