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ABSTRACT

Predicting student academic performance is
vital for early intervention and ensuring
timely graduation, thus predictive student
academic performance evaluation is essential.
This project presents a machine learning
based framework that predicts degree
completion is achieved by evauation of
historical academic data over a period of time.
In contrast to traditional models which
concentrate on individual course outcomes,
this one features bilayered prediction
structure with SVM, Random Forest, Logistic
Regression, and Ensemble based Progressive
Prediction (EPP) model. Using UCLA
undergraduate data, the system was found to
predict outcomes with greater accuracy,
especially when EPP was utilized. The model
also provides personalized academic advising
by selecting prospective courses depending
on the expected GPA. This advancement
assists institutions in detecting at-risk learners
prompting them to develop plans for
academic enhancement thereby increasing the
level of on-time graduation and subsequently
reducing the financial strain of student debt.
Keywords. GPA, Random Forest, Predictive
Modeling, Machine Learning, Ensemble
Progressive Prediction

INTRODUCTION:

The expense of attaining higher qualifications
has constantly escalated thus necessitating
timely  graduation. Further,  delayed
attainment encumbers the student with
increasing exposure to debt. In any scenario, a
predictive system that is not static and

evolves with the progress of students’
academics and proactively identifies potential
delays serves as a solution. Such tailored
monitoring aids in setting milestones that are
enrolled with greater predictive accuracy,
enabling one to set targets and subsequently
evauate performance across different courses
and environments irrespective of student
profiles or academic tracks. This project
intends to develop a machine learning model
that predicts academic results over the
duration of a degree based on the student’s
diversity, course relevance, and progression
patterns. This project aims to use historical
data and ensemble modeling to make real-
time, self-correcting updates to the model in
order to improve accuracy. Through the
prediction of relevant at-risk students, the
model assists educational institutions in
defining future course selection policies,
contributing to improved  educational
outcomes and effective resource management.
GAPIDENTIFIED BASED ON
LITERATURE SURVEY:

Although educational data mining (EDM) has
significantly advanced, most attempts analyze
data from a single course, or rely on very
specific learning environments, like MOOCs
or ITSs. The gap in research is related to
long-term academic outcome predictions, like
graduation success, across a degree program.
Existing models lack flexibility in
accommodating students’ diverse
backgrounds, such as major, career goals,
combinations of electives, and even chosen
courses. A lot of these models also disregard
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the tempora dimenson of student
performance, where prior courses tend to be
treated equally.
Moreover, a significant gap is the absence of
dynamic  personalized  recommendation
engines that evolve with student progress
within the degree program. Literature
emphasi zes the need for models that can filter
relevant academic indicators, continuously
monitor performance, and offer real-time
insights. Most frameworks do not integrate
ensemble learning or layered structures
capable  of handling  heterogeneous
educational data.

This prOJ ect addressesthese key gapsby:
Incorporatlng a bilayered structure for
progressive performance prediction.
Using ensemble learning for increased
robustness and accuracy.

Identifying key academic indicators
dynamically, rather than uniformly
weighing all prior courses.

Providing course recommendations
tallored to predicted performance
trends.

PROBLEM STATEMENT:

Current student performance prediction

models are ineffective in tracking long-term

academic success due to static approaches,
uniform course weighting, and lack of
adaptability to individual trajectories.

Key Challenges:
1. Variahbility in student backgrounds and
academic paths.
2. Limited  course-leve predictive

correlation insights.

3. Difficulty in dynamically updating
predictions based on ongoing
progress.

4. Overfitting due to excessive feature
noise from irrelevant courses.

5. Lack of rea-time, actionable
interventions and course
recommendations.

PROPOSED METHOD:

This project implements a machine learning
framework that tracks student data over time
to analyze and recommend appropriate
upcoming courses based on predicted future
performance. It entails data preprocessing on
the UCLA dataset, training various ML
models: SVM, Random Forest, and Logistic
Regression, and applying an Ensemble-based
Progressive Prediction (EPP) model on the
integrated predictions. The system supports
real-time updates, permitting constant
recalibration of forecasts as grade-level
milestones are achieved. Through
consideration of temporal context and student
context evolution, the bilayered structure
refines accuracy by accounting for course
relevance. Predictions offer guidance to
faculty and administrators on timely
interventions for students at risk of dropping
out, while the model withholds highly
relevant suggestions on courses, thus
elevating student success and lowering
dropout rates.

ARCHITECTURE:

. Data Machine
 Preprocessing Learning
& Labeling Algorithm

New Dhata Trained Predicted
Classifier Lahel

Data
Collecting

Fig-1 Architecture

DATASET:

The dataset used is sourced from UCLA and
provides access to the academic records of
postgraduate students. It has numerical and
categorical data points including GPA, self-
learning capabilities, awarded certifications,
talent tests, preferred courses, career interests,
and other extracurricular activities. The
dataset undergoes preprocessing with the
encoding of categorical features alongside
normalization of numerical ones. It is then
split into training and testing sets using an
80:20 ratio. This structured dataset enables
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the training of multiple ML algorithms and
supports performance prediction with real-
time updates. The diverse attributes in the
dataset provide a holistic view of each
student’s academic journey, enabling more
accurate forecasting.
METHODOLOGY:
- Data Collection & Loading:
The UCLA undergraduate dataset is
collected and uploaded through the
system interface.
The dataset includes 21 features
related to student skills, preferences,
and academic performance.
- Data Preprocessing:

. Categorical data is encoded using
LabelEncoder for consistent machine
processing.

Normalization is applied to numerical
values using the Normalizer function
to bring all featuresto asimilar scale.
The dataset is split into feature
variables (X) and the target variable
(Y).

- Dataset Splitting:
The dataset is divided into training
(80%) and testing (20%) sets.
Data is shuffled randomly to avoid
bias during model training.

-Model Training:
Four agorithms are implemented and
evaluated:

o Support Vector Machine
(SVM): Trains on student data
and outputs classification-
based GPA predictions.

o Random Forest: Utilizes an
ensemble of decision trees for
robust classification  and
prediction.

o Logistic Regression: Models
probability  of  academic
outcomes based on feature
weights.

o Ensemble-based Progressive
Prediction (EPP): An
advanced bagging technique
using Random Forest as a base
estimator to combine multiple
predictions progressively.

- Performance Evaluation:
Models are evaluated using Mean
Squared Error (MSE) and Accuracy.
Lower MSE values indicate better
performance; EPP showed superior
accuracy and minimal error.

- Prediction M echanism:

- New student data can be uploaded for

performance prediction.
Based on the trained EPP model, the
system forecasts future GPA and
classifies outcomes as “High” or
“Low.”

- Cour se Recommendation:
Depending on predicted GPA, the
system recommends optimal courses
from a predefined list aligned with the
student’s skills and interests.
-Visualization:
A bar chart visualizes the Mean
Square Errors of al models, aiding in
comparative anaysis.
Graphs offer insights into the accuracy
trends of each ML approach.
RESULTS:

Marrix Factorization model generated
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Fig-2: Matrix Factorization” to build feature
vector from dataset
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Prediction Resulis

|SVM Algorithm Accuracy

|SVM Accuracy : 43.75

|SVM Mean Square Error (MSE) : 56.25

Fig 3: SVM MSE is 56%.

Prediction Results
Random Forest Algorithm Accuracy

Randam Forest Algorithm Aeenracy @ 56,25

Random Forest Mean Square Ervor (MSE) : 43.75

Fig: 4 Random forest got 43% M SE
Prediction Results
Logistic Regression Algorithm Acenracy
Lugistic Regression Algorithm Acewracy ; 56,25

Legistic Regression Mean Square Error (MSE) : 43.75

Fig: 5 Logistic regression got 43% MSE

Prediction Results

Propose Enzemble-based Progressive Prediction (EPP) alzorithm Accuracy : 62.5

EPP algorithm Mean Square Error (MSE) : 375

Fig: 6 EPP propose algorithm got 37% MSE
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Fig: 7Student marks of ongoing subjects and
this maks are converted to matrix
factorization and then applied on EPP train
model to predict GPA as LOW or HIGH.

Fig: 8 : comparison agorithm.

X-axis represents algorithm name and y-axis
represents MSE (mean sguare error). From
above graph we can see propose algorithm

got less MSE error and has high accuracy
compare to other algorithms.

CONCLUSION

Colleges can guarantee higher graduation
rates by using an efficient machine learning
technology that automatically predicts the
academic performance of learners as a
bilayered model and ensemble-based EPP that
predicts GPA results and suggested the
correct courses to be taken. These approaches
solve model limitations like poor adaptability
and dstatically preset predictions. EPP has
demonstrated greater accuracy with the least
mean sguare error as compared to other
models. This framework provides educators
with valuable intelligence regarding the
learner's academic progression, enabling them
to tailor engagement strategies and pathways
for the learner, facilitating the institution in
achieving elevated standards of academic
performance, and aiding the learner in

succeeding.
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