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Emerging with the dawn of Artificial Intelligence (AI) and Machine Learning
(ML), nowadays, much adaption in e-learning systems would be on diverse
learning needs. The present study focuses on the adaptivity levels of students on
e-learning platforms through the use of machine learning techniques, mainly in
predicting whether the adaptivity level of a student is high, moderate, or low.
There are many machine learning algorithms, such as Decision Trees, Logistic
Regression, and Random Forest, that have been analyzed for this purpose, but the
study proposes Gaussian Naive Bayes (GaussianNB) because it is simple, effective,
and computationally efficient in processing the classification problem at hand.
GaussianNB is a probabilistic classifier based on Bayes' theorem that provides an
appropriate solution in terms of resource and processing constraints for
adaptation modeling as it makes an effective handling of continuous data and is
comparatively cheaper in terms of computational cost. The performance of
GaussianNB against other techniques is evaluated, proving how well it does in
terms of delivering precise, speedily computable, and interpretable predictions.
The results lead to the conclusion that GaussianNB is a practicable answer to
boosting e-learning systems toward student responsiveness and improving their
overall drive towards experiential learning.

Keywords: Gaussian Naive Bayes, Machine Learning, E-learning, Adaptivity

Prediction, Supervised Learning, Classificatio.

Introduction

personalized learning: thus adaptive electronic

E-learning systems increase rapidly and deliver learning systems become necessary for meeting

education all over the globe. Current demands require  particular learner requirements. Adjusting learning
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content appropriate to ability, learning style, and
the

comprehensive and potentially effective said learning

progression for learners attempts to do

experience. However, initiating such a system
involves practical challenges; one of these consists in
evaluating and predicting the adaptivity level of a
student, which has to date remained unstandardized.
The clear meaning of adaptivity here refers to how
easily the system makes changes in response to a
learner's behavior, preferences, and pace of learning.
The crux of the design in developing adaptive e-
learning systems lays in the ability to predict a
particular student's level of adaptivity: low, moderate,
or high. Feedback or subjective assessments of
adaptability and performance have been based on the
feedback or subjective evaluations of the past decade.
Then all previously discussed methods have their
limitations-some being very time-consuming while
some are less efficient, many being unreliable. Now,
those problems can be efficiently solved with all
development in machine learning. The algorithms of
machine learning, mainly supervised learning, process
voluminous datasets of students' engagement in
interaction with the system, their learning patterns,
and test scores to automatically and more accurately
classify students based on their adaptivity levels.
There are many machine learning algorithms; one of
the most celebrated ones is Gaussian Naive Bayes
(GaussianNB). Because of its simplexity, efficiency,
and ability to deal with continuous data, it is the most
preferred. GaussianNB presents a major difference
from complex algorithms like neural networks or
ensemble methods in the sense that it utilizes Bayes'
theorem for prediction, which is based on probability
theory. It presumes that the features used to classify a
student adaptivity level are normally distributed.
Thus, it is very much appropriate for data that follow
the Gaussian distribution. This assumption not only
makes the computation less complex but also speeds
up the prediction time, thus making it ideal for real-

time applications of e-learning systems.

Despite its simplicity, GaussianNB has, however,

performed excellently well in a number of
classification tasks including those of educational data
mining. Here, the demand for fast computation as
well as the possibility of interpretation becomes a
vital criterion; e-learning platforms are often flooded
by such requirements. Thus, through GaussianNB, the
system can predict a student's adaptation level based
on his past experiences with the platform, thus
creating a meaningful learning experience that caters
to their very unique needs. For example, students
with low adaptivity can be given more resources and
personalized recommendations, while high-adaptivity
students would have already been able to advance to
higher material, thus maximizing their educational
benefit.

The wealth of information concerning students and
their demands in the e-learning environment has
become so complex that machine learning techniques
are being incorporated in predictive modeling of the
e-learning environment and its related fields. Most
machine learning algorithms, however, remain
complex or computationally expensive for real-time
applications. GaussianNB provides a pathway between
performance and simplicity. This study seeks to
explore and ascertain the extent that GaussianNB can
predict students' adaptivity levels compared to widely
used ones such as Decision Trees, Logistic Regression,
and Random Forest. By targeting GaussianNB, the
work transcends the already growing literature
explaining the optimization of e-learning systems by
machine learning for more adaptive and personalized
learning experiences for students.

The significance of this research is to enhance the
quality of e-learning systems, rendering them more
responsive, hence efficient. With the Gaussian Naive
Bayes, not only the prediction process is simplified,
but it also provides a cost-effective and scalable
solution to the wider challenges posed by modern
educational systems. The integration of machine
learning in e-learning systems gives a promise for the

future where education will focus on personalized
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learning, quality content, and most importantly,
accessibility for all types of learners regardless of their
level of entry and style of learning.

A. Objective Of The Study

It is intended to enhance and evaluate the adaptivity
of e-learning systems wusing machine learning
techniques, predicting the adaptivity level of students
as the core study objective. Personalization of
learning is essential in the digital age, yet most
subjects are traditional and classroom-based; the
personalized e-learning system will address this
disparity by indicating students' levels in low,
high

interaction behaviors.

moderate, or adaptivity from e-learning
In this research, the implementation and evaluation
of Gaussian Naive Bayes (GaussianNB) machine
learning algorithms are simple and efficient and
particularly suited to dealing with continuous data.
GaussianNB is chosen as the algorithm to adopt for
of this

computational efficiency and ease of usage, in

the development study based on its
addition to its performative feats in classification
tasks. GaussianNB will be described in the study as an
effective tool to predict students' adaptivity levels in
e-learning environments, which hopefully will lead to
the effective development of adaptive learning
systems.

Another primary objective of the study is to
benchmark Gaussian Naive Bayes against other
machine learning algorithms, such as Decision Trees,
Logistic Regression, and Random Forest, for their
ability to accurately classify students' adaptivity
levels. As such, the research will investigate the
strengths and weaknesses of each algorithm with
regard to the trade-off between computational
complexity and prediction accuracy. The comparative
study will, thus, offer insights into which machine
learning techniques would be most suitable for
student adaptivity prediction by considering practical
associated with

constraints real-time e-learning

systems.

Moreover, the present study aims to identify those
specific features of student data-course performance,
interaction patterns, engagement metricsthat best
predict adaptivity levels. The research should improve
the understanding of student behavior in an online
learning environment and suggest methods for
optimizing e-learning platforms from its findings.

Ultimately, the study intends to improve learning by
making e-learning platforms dynamically able to
adjust themselves according to individual needs. It
predicts adaptivity levels of students accurately and
personalizes learning content according to it; hence
the

apparent, personal, and engaging in nature and will

learning experience would become more
improve the overall outcome with online learning.

B.  Scope Of The Study

This research focuses on implementing and evaluating
Gaussian Naive Bayes as a tool for predicting student
adaptability within e-learning. The work will limit
itself to the analysis of actual data students produce
through e-learning interactions such as course
performance, time spent on activities, quiz results,
and engagement information: classified into three
groups of adaptivity-low, medium, and high-on the
basis of their patterns and behavior in learning
observed on the platform. The study attempts to
measure the extent of applicability of GaussianNB as a
machine learning classifier in the prediction of
adaptability levels, comparing this form of
performance against that of other machine-learning
models such as Decision Trees, Logistic Regression,
and Random Forest. This type of analysis could allow
the identification of the algorithm most suitable for
real-time predictions in adaptive e-learning systems.
Furthermore, the study would try to highlight factors
that are very crucial in predicting levels of adaptivity,
in order to inform key issues in developing and
improving personalized learning systems. It will show
how various interaction parameters related to
students as well as performance outcomes could come
together in producing meaningful prediction. While

machine learning algorithms would be implemented
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and their adopted results analyzed, it did not purport
to cover the whole breadth of e-learning system
design or in learning theories. In addition, it excludes
full-fledged developing an e-learning platform
focusing only on algorithm aspects and on data-based
predictions. These research results will practically
demonstrate effective applications of machine
learning, particularly Gaussian Naive Bayes, toward
augmenting e-learning systems with individual
learning paths suited to the disparate requirements of
students.

C. Problem statement

the

confronting modern e-learning is the extent of

In the present scenario, main challenge
personalized learning experiences that educational
platforms can provide and thereby cater to specific
needs and differential individual learning paces. On
the contrary, in this regard, many a time, traditional
learning systems are unthinkable when it comes to
adapting for levels of student engagement and
learning preferences. Therefore, a possible risk factor
in the initiation and delivery of any media for
learning has been the nonavailability of an efficient
automated system capable of classifying and
predicting students' levels of adaptivity as low,
medium, or high.

How trained slow learners are is indeed appalling
while students with practically no guidance are left to
wander. While numerous algorithms are capable of
doing the heavy lifting of classifying student data,
very few second-generation approaches would thus
step forward owing to the degree of computational
challenge posed. Their efficiency in achieving what
they were invented for is begrudged even more by the
suspicion regarding the very processes that form the
core of contemporary approaches when the scale of
massive data is considered: the very data normally
associated with e-learning systems that very much
require strong algorithms for rapid processing, hence
compromising any possible fidelity of forecasted
processes. The crux of the matter therefore comes

down to picking and upon making good an adequate

machine learning model useful for differentiating a
student's levels of adaptivity in the learning system
and the corresponding behavior towards that system.
The classical approaches considered will range from
Decision Trees to Logistic Regression, being well-
known for their ineffectiveness towards more
complex high-dimensional data. This strongly means
there must therefore be a search for some robust
solutions in machine learning, with solid predictive
power in possible computation constraints.

The other proposition is that Gaussian Naive Bayes
(GaussianNB) can serve as a quick tool for assessing
the predictability of adaptivity levels. In hypothetical
terms, if its capabilities indicate that GaussianNB
could quite possibly rival its commonly used
algorithm competitors, it thus emerges as a very
feasible methodology for supporting adaptive e-
learning alter their

systems to pathways for

customizing student learning.

RELATED WORK
[1]In recent years, with the progress of artificial
intelligence and machine learning, there has been an
increasing focus on adaptive e-learning systems. [2]As
traditional e-learning methods lose their appeal and
the number of online courses increases, there has
been a shift towards more personalized learning
approaches to better engage students and achieve
[3]This

emphasizes the integration of AI technologies,

improved learning outcomes. transition

including  supervised, semi-supervised, and
reinforcement learning, to evaluate and optimize e-
learning models. Various studies have reviewed the
cross-sectional ~impacts of machine learning
algorithms on e-learning from existing literature
spanning from 1993 to 2020. The research analyzes
the significance of different e-learning features to
enhance the performance and adaptivity of learning
platforms. [4]The objective of these analyses is to
provide a better understanding of how AI and
machine  learning influence

can e-learning

Volume 11, Issue 4, July-August-2025 | http://ijsrcseit.com

©



Yeddula Mounika et al Int. J. Sci. Res. Comput. Sci. Eng. Inf. Technol., July-August-2025, 11 (4) : 214-223

environments and facilitate the development of more
effective and tailored learning systems.

[5]Machine learning algorithms can also optimize the
functionality of digital courseware, allowing it to be
easily integrated into instructional plans while
supporting teachers in addressing their students'
learning needs. Feature selection techniques and rule
mining are highlighted as effective methods for
deriving valuable insights from learning management
system (LMS) log data. [6]By employing machine
learning techniques, these systems can predict student
behavior and interactions with course content,

enabling a better wunderstanding of student
performance and providing feedback that can guide
course improvements. [7]The result is the creation of
richer, more interactive, and adaptive learning
experiences, which promote continued engagement
and motivation.

[8]Furthermore, the successful implementation of e-
learning largely depends on careful consideration of
pedagogy, the

teaching and learning activities.

underlying principles
This is
neglected, despite being a key factor in the effective

governing

often

adoption of e-learning. [9]Research has focused on
identifying pedagogical principles that support the
success of e-learning initiatives and the need for
learning management systems (LMS) to align with
those principles. Incorporating machine learning
techniques into e-learning systems offers a more data-
driven approach, enabling continuous adaptation of
content based on real-time student interactions.
[10]This allows for a more customized and effective
learning process, paving the way for better student
outcomes and a deeper understanding of how various
features of e-learning environments impact overall

performance.

Proposed System Workflow

Gaussian Naive Bayes (GaussianNB), one of the
algorithms of machine learning, is integrated into the
applicative system to predict the efficacy level of a

student in an e-learning environment. The first action

of the system consists of gathering all the student-
interacting data, including quiz scores, time on tasks,
performance over the courses, and global engagement
on the platform. This contribution data were

subjected to pre-processing for missing value
treatments, outlier treatments, and normalization of
continuous features, so that the data is ready for
model training.

The finalized data is then partitioned into training
and test data sets. The training data will then be fed
into the model for GaussianNB to distinguish among
students based on adaptivity for the set of levels; low,
moderate, and high adaptivity. The trained model gets
evaluated with the test data, which depicts its
capability of prediction and generalization accuracy.
Here the system also analyzes how this method
outperforms other approaches, such as Decision Trees
and Logistic Regression.

The output from the system is the classification of
students according to their adaptivity level. This can
be tailored to personalize the learning experience so
that resources and interventions can be applied
according to the adaptivity level forecasted for the
particular student. The ultimate objective of the
system is to improve the e-learning process by
offering each student a dynamic and personalized

learning environment.

[ Upload the data

!

Preprocessing

!

Training

!

[ Machine Learning Algorithms

1

Prediction

!

Generate Results

\ S N, NI

Fig 1: Project flow
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Loading Dataset

Open up the dataset containing key interactions of
students which is to be predicted for adaptivity levels.
This dataset generally comprises a range of things
such as the demographic details of students,
performances from assignments, quiz results, task
completion times, and overall engagement statistics
on the e-learning platform. The collected information
is structured and often made available as a CSV
document, which is loaded into the system using
Python libraries, such as pandas.

At the same time, once the data has been loaded, such
dataset should be inspected preliminarily; thus, its
structure and also the relevance or other features
under consideration can be attained within the scope
of this step. Such inspections may include the
checking of missing values as well as consistency, as
well as checking whether the data types for each
feature are appropriate (for example: the numerical
values for scores, and categorical values for student
categories). Also somewhat splitting features and
target variable from the dataset, the target variable
being the student adaptivity level, identified in classes
low, moderate, or high adaptivity, if such a method is
possible.

Then, you clean and transform the dataset for further
processing so that it is ready for model training. This
is an important stage because the quality and
completeness of the dataset have a direct impact on
precision in prediction by a machine-learning model.
The last dataset is used for training and testing the
Gaussian Naive Bayes technique and is used to
determine the levels of student adaptability.
Preprocessing

The preprocessing phase is a major aspect of the
proposed model that works for preparing the dataset
for effective machine learning model training. The
primary objective of this phase is to convert the raw
data acquired from students into a clean dataset that is

The

preprocessing step deals with missing values, which is

in its optimal form for analysis. first

a feature typical of a user-interaction data-saturated

dataset. Methods include imputation, where missing
values are filled with the mean or median of the
respective feature, or removal of rows with an
excessive amount of the missing variables for the sake
of sanctity of the data set.

Categorical variables, be they related to student
demographics or areas of knowledge, are transformed
into their numerical counterparts so that the machine
learning model can make use of such categorical
variables employing either one-hot encoding or label
encoding. Continuous numbers such as quiz scores
and time spent on tasks are normalized or
standardized to ensure that no singular feature
dominates that model on the basis of differences in
magnitude.

Outlier treatment will also be performed either by
capping or transforming the actual values. After all
preprocessing work has been deployed, datasets of
training and testing are set up in an 80-20 split in
most implementations to evaluate model performance.
The above-mentioned preprocessing would ensure all
datasets are cleaned, balanced, and finally ready to
train the proposed models, promoting the accuracy of
prediction in the performance of the model.

Model Training and Classification

When ready, the dataset is subjected to training using
the Gaussian Naive Bayes (GaussianNB) algorithm to
classify students into the different levels of adaptivity,
namely low, moderate, or high. The system trains its
model on the training dataset using the input features
such as student interaction data and the target
variable such as student adaptivity level. The training
teaches the model how to detect patterns in the data
that are representative of each class.

Gaussian Naive Bayes applies Bayes' theorem
assuming independence among features given the
class label. The model finds the likelihood of the class
of low, moderate, or high adaptivity, according to the
Gaussian distribution of the input features, leading to
efficient performance of the model over continuous
random variables. During training, the mean and

variance are calculated for each feature belonging to a
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class, and the mean and variance are used to calculate
the probability of assigning a student to any one of
the adaptivity levels.

The performance of the model is validated on its test
set after training on the dataset, where some
important evaluation metrics, including accuracy,
precision, recall, and Fl-score, are then calculated to
determine the model's classification power. The final
model becomes available for deployment to classify

new students based on their interaction data and give

personalized learning paths on the predicted
adaptivity levels.
SYSTEM
O —— —==u
DATASET l
C Training
i’ TESTING
PREDICTION
Fig2: Project Architectur
Methodology
GaussianNB:

The current study shows the methodology to adopt a
machine learning approach to predict levels of student
adaptivity in an e-learning system. The whole
approach uses Gaussian Naive Bayes (GaussianNB), a
classifier of probabilistic nature which uses Bayes'
theorem to classify students into three adaptivity
levels: low, medium, and high. Data is initially
collected from the e-learning platform, which
captures a variety of parameters from students'
interactions such as their grades, time on an
assignment, and content interactions. This dataset

then undergoes rigorous preprocessing to prepare for

missing data handling; normalizes all continuous
features; encodes and categorizes variables. Missing
values are also imputed, Outliers are also detected and
handled to maintain quality in the dataset.

After preprocessing, the data will be split into training
data and test data. Then, give the training data to the
Gaussian Naive Bayes algorithm for identifying the

every
adaptivity category. This is followed by performance

probability distributions of features for
evaluation in terms of classification accuracy and
some other performance metrics such as precision,
recall, and F1 score against comparative analysis with
other algorithms such as Decision Trees and Logistic
Regression. Here, it is worth mentioning that once
trained and validated, the model will be capable of
classifying adaptivity levels for any new incoming
students so that their study converges into becoming
personalized in real-time. Usually, model predictions
are beneficial in tailoring content delivery concerning
each student's adaption level contributing an
improved learning experience alongside educational
outcomes. Finally, it can be integrated with the e-
learning system for public live and continuous
adaptation of students.

Confusion Matrix for GaussianNB Model

S 6
9

5

Z 4
T
g3

<

s E

-2
S

T -1

I 1 . _0

Low Moderate High
Predicted

Fig 3 : Confusion Matrix of GaussianNB

It gives visual illustrations of the performance of the
model regarding the comparison of actual versus

predicted labels in a matrix-like structure with the
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number of correct and incorrect predictions of each
class. For example, in Class 0 (Low Adaptivity), the
model predicted 5 instances correctly, 2 as "High
Adaptivity", and 0 as "Moderate Adaptivity." For Class
1 (Moderate Adaptivity), 7 were predicted correctly
by the model while 1 instance was classified falsely as
"High Adaptivity." In summary, by this matrix, one

can pin-point certain areas the model should focus on

improving such as "Low" vs. "High" levels of

adaptivity.

Class Precisi Reca F1- Suppo
on Il Score 1t

0 (Low Adaptivity) 0.41 0.59 0.48 27

1 (Moderate 0.64 0.73  0.68 136

Adaptivity)

2 (High 0.76 0.65 0.7 199

Adaptivity)

Accuracy 0.67 362

Macro avg 0.61 0.66 0.62 362

Weighted avg 0.69 0.67 0.68 362

Fig 4 : Classification report of GaussianNB

The classification report presents the separate model
performance assessment for the three adaptability
classifications of type i.e low, moderate and high.
Precision of a given class represents the positive
instances, which were correctly classified as such. For
instance, the precision for Class 2 (High Adaptivity)
indicates that 76% of the instances included in the
model as a case as High Adaptivity were such indeed.
Recall for that class, on the other hand, refers to the
capability of the model to retrieve actual instances of
that class. For instance, the recall for Class 1
(Moderate Adaptivity) is given as 0.73, indicating its
acceptance of subjects of what is said as the actual
instances of Moderate Adaptivity to have been
identified by the model. Class 2 (High Adaptivity) had
the highest F1 score of 0.70, which suggests a good
balance of precision and recall. The same 0.67
representative score denotes the correct prediction of

instances in percentage by the model.

Discussion and Results

The discussion and results section elucidates the
performance of the machine-learning model proposed
for predicting the e-learning system adaptivity levels
of students. The model developed based on the
Gaussian Naive Bayes (GaussianNB) algorithm has
attained a classification accuracy of 67% of students
into three adaptive categories-low, moderate, and
high. From precision and recall, it was inferred that
the middle and high adaptivity were well predicted
by the model, while an enhancement in predicting
the low category needs attention.

From the confusion matrix, Class 2 high adaptivity
performed best being least in number of
misclassifications in precision and recall for all other
classes. Thus, it was also clear that misclassifications
with lower Class 0 adaptivity were rampant with
moderate Class 1 much in this model.

Lastly, this was further validated by the Fl-score,
which considers both precision and recall for each
class, where high adaptivity dominated the others.
Moreover, even the reasonable macro and weighted
average Fl-score indicates that the model does show
some degree of success across classes but leaves plenty
of opportunities for improvement towards
enhancement of this model or exploring other

algorithms.

CONCLUSION

The effective adaptability of Gaussian Naive Bayes
(GaussianNB) using a machine learning algorithm,
which will serve to predict the level of adaptivity in
students who have engaged in e-learning systems, has
been shown in this research. The dimension is based
on the student interaction data; thus, the system
might classify students into three approaches for
adaptivity—low, moderate, and high—thus enabling
personalized learning experience. The proposed
model overcomes conventional manual measures in
adaptivity assessments with the provision of real-time
predictions that can be engaged within adaptive e-

learning platforms to harness content delivery.
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The GaussianNB model is simple and computationally
efficient, hence making it feasible for real-time-class
applications, considering its almightiness in the
handling of continuous data. The learning platform
thus becomes dynamically responsive to every student
in terms of providing appropriate content to a pace
and performance level. In addition, a comparative
analysis with other performance-intended machine
learning algorithms such as Decision Tree and Logistic
Regression proved that GaussianNB had much
predictive  capacity = while consuming lesser
computational overhead.

It seems that the convergence of Gaussian Naive
Bayes with e-learning systems is promising in
improving personalized education. The incorporation
of adaptivity levels into the current provision would
give further refinement to the learning experience
while fulfilling the ultimate objective of making all
types of education accessible to diverse learner
groups. The study forms a foundation for future work
on maintaining machine learning in adaptive learning

environments.

Future Enhancement

That is well and good; however, the present system
the
(GaussianNB) in predicting student adaptivity levels

shows extent of Gaussian Naive Bayes
in an e-learning environment, with areas still possible
for future enhancement. One of these may entail the
comparison and mixture of more machine learning
algorithms such as Support-Vector Machines (SVM),
K-Nearest Neighbors (KNN), or even deep learning
models, as Neural Networks, to provide enhanced
accuracy and performance in predicting adaptivity
levels for much more complex and larger datasets.

Meanwhile, the extension of the feature set to include
other dimensions such as

more disaggregate

representations of students' behavioral patterns,
interaction times, and psychological factors like stress
levels or motivation will add to the accuracy and
individualization of predictions. Advances in feature

engineering using natural language processing (NLP)

to digest textual student feedback or interactions in
forums could also be part of the system to advance its
prediction.

Real-time adaptation of e-learning content after
the
prediction is another key area of further work. This

studying inferences of student adaptivity

would integrate recommendation systems to
dynamically adapt learning materials and resources
based on adaptivity level prediction thereby
personalizing the learning experience while optimally
improving student outcomes. Extension for
multilingual and multicultural data would expand
actual coverage internationally making the system

more adaptable to diverse student populations.
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