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ABSTRACT
Education Data Mining (EDM) enables academic administrators to analyse large-scale education data
for monitoring student academic performance. The convergence of Al and machine learning, deep
learning (DL), unlocks new predictive modelling potential for recognising at-risk students and
enhancing educational outcomes. Accurate forecasting of student academic achievement is crucial for
facilitating early intervention and achieving improved educational outcomes. This paper introduces a
hybrid AI-ML predictive framework that combines conventional machine learning and sophisticated
deep learning methods to optimise prediction accuracy. Several models, such as Logistic Regression,
SVM, KNN, Random Forest, MLP, and a Stacked Ensemble, were tested on survey data reflecting
demographic, academic, and behavioural variables. Of these, the highest performance was reported by
the proposed Hybrid Neural Classifier, which utilises dropout, a learning rate scheduler, and an
attention mechanism, achieving 94% accuracy and a macro F1-score of 0.94. In comparison to baseline
models, it showed considerable improvement in class imbalance and generalisation over multiple
categories. These findings validate the efficacy of educational data mining using hybrid deep learning
architectures and substantiate their potential for intelligent, customised academic interventions.
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performance and learning outcomes as well as
identify students at risk early on and prevent
dropout rates. These forecasts provide
educators and administrators new perspectives
on their students [2]. Al and ML have been
key players in the current change of a number
of industries, particularly education. Our
research targets at a new hybrid approach
utilizing Al and ML for improved predictive
assessment of student progress. We focused on
upgrading the models. Our research's ultimate
goal is to accurately forecast how well students

Figure 1: Overview of factors involved for
students success

Educational psychologists have long been
interested in learning the causes of individual
variances in academic success. Understanding
the variables that affect academic performance
has significant effects on education and
learning. For example, a lot of instructors are
curious to know ahead of time who will
perform well and who won't in academic
programs [4]. To create curriculum meant to
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raise academic performance levels, other
researchers are interested in figuring out what
factors lead to academic success[5]. Over a
century of psychological study has shown
interest in  determinants of academic
achievement. Accurately predicting individual
disparities in academic achievement has
significant educational consequences that
extend beyond post-secondary education [6].
First, it is possible to anticipate who will
perform well in an academic program and who
won't by understanding the components that
influence academic accomplishment. Second,
being aware of the connections between
aptitude, drive, and disposition [7].

Many factors impact pupils' academic progress
and learning performance, such as gender, age,
the schooling of the students, the
socioeconomic status of their fathers and
guardians, and the teaching staff [8]. financial
standing, the students' living location, the
medium of school instruction, the growth in
fees, the daily study hour, and lodging as day
scholars or hostels. Numerous Researchers
investigated the elements in depth in their
studies [9]. Academic achievement of students
is also correlated with the socioeconomic
status of their parents, which includes the
parents' income, professional and academic
background, and connection with a particular
occupation. Numerous research’ findings
supported the notion that a student's academic
success depends on  their  parents'
socioeconomic status. It follows that pupils
from more affluent backgrounds will do better
academically than those from less affluent
families [10]. Academic interaction is
dependent on study habits and home
environment, just as academic achievement is
dependent on  academic  engagement.
Examining the three potential avenues for
evaluating academic achievement, the family
environment seems to be the most effective as
it influences learning skills, which in turn
influence academic performance.

2.Literature Review:

Recent studies have explored various machine
learning (ML) applications in educational
settings to enhance learning outcomes and
predictive capabilities. Perkash et al. (2024)
aimed to predict students' academic
performance using a balanced dataset and
optimized feature set, achieving a high
accuracy of 99.06% with a decision tree
classifier. Similarly, Aleid et al. (2024)
investigated the correlation between student
success in online classes and the use of flexible
learning schedules, finding the random forest

algorithm to be highly effective with an
accuracy of 85%. Li (2024) developed an
interactive teaching evaluation system for
preschool education using several ML
algorithms, with SVM showing the best
classification accuracy at 92.1%. Berigel et al.
(2024) applied and compared different ML
algorithms to predict NEET rates in Europe,
enhancing the understanding of socio-
economic factors related to sustainable
development goals. Thavasi and Revathi (2024)
focused on bridging the academia-industry gap
by predicting job roles for engineering students,
with ANN achieving the best performance.
Zhang et al. (2024) integrated psychological
evaluations with academic data to predict GPA,
achieving an accuracy of 83.64% and
highlighting the importance of psychological
factors. Chen et al. (2024) reviewed ML
algorithms  for  optimizing personalized
education recommendation systems,
emphasizing  real-time feedback  and
adaptability. Tyulepberdinova et al. (2024)
assessed students' physical, social, and mental
health conditions using various ML algorithms,
with random forest achieving the highest
accuracy of 99.40%. Bai and Cheng (2024)
improved hyperparameter optimization in
reinforcement learning with Generalized
Population-Based Training and Pairwise
Learning, enhancing  adaptability and
efficiency. Finally, Dai (2024) explored ML
applications in immersive learning
environments, promoting deep learning
through adaptive and personalized learning
experiences. These studies  collectively
demonstrate the potential of ML to
significantly impact educational
methodologies and outcomes.

Table 1: Related work forstudent academic
performance

Referen ||Objecti |[Method |[Advant||Limitat
ce ve ology ||age ion

1JDDT, Volume 16 Issue 53s, 2026 Page 405



The Al Predictor: Factors contributing to the student's academic performance

Perkash ||Predicti |[Utilized ||[High |[Limited
et al. ng a accurac |[to the
(2024) ||students'||balanced||y in dataset
academi ||dataset ||[predicti||from
[16] c and on, one
perform |joptimize|juseful |HEI;
ance in ||d feature||for may not
higher |[set with ||proacti ||generali
educatio |[several |[ve ze to
n ML measur |[other
instituti ||models. |lesin ||instituti
ons Decision||educati |jons
Tree on
classifie
r
achieved
highest
accuracy
of
99.06%
Aleid et ||Investig ||Applied |[High |/Dataset
al. ate KNN, |laccurac ||from
(2024) ||correlati ||RF, and ||y in Kaggle
on Logistic ||classifi [jmay not
[17] between ||[Regressi |[cation, ||represe
student |jonon ||insights|nt
success ||Kaggle |linto broader
in online||dataset; ||flexibili|[student
classes |RF ty populati
and showed ||usage ||ons;
flexibilit|fhighest |[patterns||limited
y usage |laccuracy feature
of 85% set
Li Develop ||Used Effecti |[Focuse
(2024) |lan NB, ve don
interacti ||[KNN, ||classifi ||prescho
[18] ve LR, and ||cation, ||ol
teaching |[SVM  |lhigh educati
evaluati ||for accurac |jon; may
on classific ||y, not
system ||ation; |[suitable ||apply to
for SVM for other
prescho |jachieved||interact ||educati
ol best ive onal
educatio |[accuracy||teachin [|levels
n of g
92.1% ||evaluati
ons

Berigel ||Describe||{Compar |[Enhanc ||Limited
et al. and ed es to
(2024) ||predict |/multiple ||underst ||Europe
NEET |ML anding |lan
[19] rates algorith ||of context;
using mson |NEET |may not
ML in |[socio- |[pheno ||generali
Europea ||economi ||menon ||ze
n cdata |jand globally
countrie ||from 31 ||related
S countrie ||SDGs
s
Thavasi ||Evaluate||Utilized |[High |/Only
&Revath||students'|Naive |laccurac||conside
i(2024) ||skillset |Bayes, |lyand ||rs direct
and KNN, ||precisiofjassessm
[20] analyze [SVM, |n, ent;
academi ||and useful |/indirect
a- ANN; ||for assessm
industry [|ANN career |lent not
gap for |[|perform ||guidanc||include
engineer ||ed best ||e d
ing with
students {|93.33%
accuracy|
and 98%
precisio
n
Zhang et ||Predict |[Employ |/Integrat|/Limited
al. GPA of |[led es to
(2024) ||college ||SVM, |psychol|mechan
students [[CNN- |logical [|ical
[21] incorpor [[CBAM, ||and enginee
ating XGBoos||academ [ring
psychol |[t, ic data, ||students
ogical [|CART; ||provide ||; may
evaluati ||achieved||s not
ons 83.64% ||compre |japply to
accuracy||hensive ||other
predicti ||discipli
on nes

1JDDT, Volume 16 Issue 53s, 2026

Page 406




The Al Predictor: Factors contributing to the student's academic performance

Chen et ||Optimiz ||Detailed ||Provide || Depend
al. e review ||s real- |lent on
(2024) ||personal |of time improv
[22] ized existing [|feedbac|lement
educatio |[ML k, of
n algorith ||highly |[numeric
recomm |jms for ||persona||al
endation |leducatio [|lized |loptimiz
system |[|nal ation
recomm algorith
endation ms
optimiza
tion
Tyulepb ||Predict ||Applied |[High ||Narrow
erdinova ||physical |[KNN, |[predicti||scope;
et al. , social, |DT, NB,|lon does
(2024) ||and RF; RF |laccurac |[not
mental |lachieved]|ly, cover
[23] health ||highest [[compre |[all
conditio ||accuracy|fhensive ||aspects
ns of of health |jof
students ||99.40% ||evaluati||health
using on
ML
Bai & |[Improve |[Develop |[Improv ||Potentia
Cheng ||hyperpar||ed ed 1
(2024) ||lameter ||GPBT |ladaptab||comple
optimiza|land PL |[ility xity in
[24] tionin ||to and implem
RL enhance ||comput |lentation
PBT ational |land
framewol||efficien ||comput
rk cy ational
resourc
es
require
d
Dai Augmen ||Explore |[Promot ||[Emergi
(2024) ||t design ||[d ML |les deep ||ng
and applicati||learnin ||field;
[23] assessm |lons in ||g, high ||requires
ent of ||adaptive ||interact ||further
immersi |jand ivity, |lexplorat
ve personal |land ion and
learning ||ized engage |[validati
experien |[learning |[ment ||on
ces within
immersi
ve
environ
ments

Research Problem:

o Analyse historical student
performance data to identify the
Factors contributing to the student's
academic performance

o Train and validate a predictive model
using machine learning techniques to
forecast future academic outcomes
based on these factors.

o Provide insights into how the
quantitative analysis of interview
responses for the case study can
improve educational interventions and
support personalised learning
strategies.

Research Objectives:

The research aims to investigate the factors
contributing to students' academic performance
through the lens of an Al predictor model, by
analysing a range of variables such as socio-
economic background, study habits, classroom
engagement, and access to educational
resources. The study seeks to identify key
predictors  that  significantly  influence
academic success. The objective is to develop
a comprehensive understanding of how these
factors interact and to leverage Al techniques
and proposed predictive models that can assist
educators in tailoring interventions to improve
student outcomes. The research aims to
provide insights that can enhance educational
strategies and support systems.

3. Research Methodology

Data Collection: The dataset contains various
sections related to students' academic and
personal backgrounds along with questions
that address their performance, motivation, and
influence on their academic choices. The data
collection is performed by detailed surveys
conducted with the pass out students and their
review of the details of questionnaires given in
Table 2.

Table 2: Detail questionnaires for data
collection

Section Question Options

Demographics Name [Free text]
HAPRIES || Optional)

Demographics ||Age [Numeric]
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Male,
Demographics ||Gender Female,

Other
Location City [Free text]
Location District [Free text]
Location State [Free text]
Education .
Background University [Free text]

Course (like

r(i)g:i?i(z)eyozur High Priority,
Health P Y Moderate
S health ..
Prioritization . Priority, Low
alongside Priorit
academics? Y
How d
ow do your Strongly
career goals .
. Guide,
Career Goals |[influence your
Influence academic Somewhat
Foorams Guide, No
Progra Influence
selection?
How do your
demi . .
:tcrznertlllllsc and Align with
Academic g Strengths,
weaknesses : .
Strength . Consideration
influence your
Influence but not
undergraduate .
Decisive
program
selection?
How influential
is counseling  |[Highly
. and guidance in ||Influential,
Counseling .
your Influential,
Influence
undergraduate ||Not
program Influential
selection?
What is your Excellent,
Academic overall Good,
Performance ||academic Average,
performance? |[Poor
What is the High Priority,
Career priority of Moderate
Placement career Priority, Low
Priority placement for ||Priority, No

you?

Priority

BCOM, BA,
. BBA, BCA, .
gglclliau(;)::nd BPHARM, ([:Ic;:lsrtsgg]
& BBA-ITM,
BBA-ISM, BE,
etc.)
ey Average,
- inherent
Cognitive nitive Average,
Abilities cosnt Above
abilities and
. Average,
aptitude for f
. Exceptional
learning?
On a scale of 1
to 5, how 1 (Not
motivated are  ||motivated), 2,
Motivation you in your 3,4,5
current (Highly
academic motivated)
pursuits?
Do your peers
Peer Influence 1nﬂuenc.e your Yes, No
academic
pursuits?
How accessible |[Very
are educational [|Accessible,
Resource . .
et resources in Accessible,
Accessibility
your Neutral,
environment? ||Inaccessible
How does
extracurricular ..
. C Positively,
Extracurricular||participation .
. . Negatively,
Activities influence your
. (No Impact
academic
performance?

Proposed Model: The proposed methodology
shown in Figure 8 outlines a structured
approach to develop a machine learning model.
The implementation of this model is carried
out in the following steps:

1. Dataset Acquisition:
The process starts with obtaining the dataset
(Step 1). The dataset contains the raw data that
will be used for analysis and model building. It
is essential to ensure the dataset is relevant to
the problem and that it contains enough
features and observations for model training.

2. Data Analysis

1JDDT, Volume 16 Issue 53s, 2026

Page 408




The Al Predictor: Factors contributing to the student's academic performance

The next step is performing data analysis (Step
2). Figure 2 shows the distribution of 10%"
grade performance, with comparison to 4%
semester performance (target variable). The
10" grade performance scores are mainly
concentrated in the mid-range of scale
(approximately 2-4), with a noticeable peak
around values 2-3. This distribution indicates
that the majority of students enter higher
education with moderate prior academic
achievement. The density curve corresponding
to 4™ semester performance closely follows
this central tendency, demonstrating a strong

alignment between early academic
performance and subsequent academic
outcomes.

At both extremes of the performance scale -
specifically below 1 and above 5 - the
frequency  of  observations  decreases
substantially for both the input feature and the
target variable. This pattern suggests that
students ~ with  exceptionally low or
exceptionally high academic performance are
relatively underrepresented in the dataset. The
observed overlap between the distributions of
10" grade performance and the target variable
indicates a significant predictive association.

10th Grade Performance Distribution with Target Variable

ath Semester Performance

o 1 2 H a s
10th Grade performance.

Figure 2: 10" grade performance Distribution
with target variable

12th Grade Performance Distribution with Target Variable

6

y N\

4th Semester Performance

3
12th Grade Performance

Figure 3: 12 grade performance Distribution
with target variable

1st Semester Performance Distribution with Target Variable

: ~ NN

100

Count

4th semester Performance

. =

/\_/

| =

o 1 2 3 a
1st Semester Performance

Figure 4: 1% Semester performance
Distribution with target variable

2nd Semester Performance Distribution with Target Variable

)

4th Semester Performance

Figure 5: 2" Semester performance
Distribution with target variable

3rd Semester Performance Distribution with Target Variable

4th Semester Performance

150 A
s

e G

o 1 2 3 4 s 6
3rd Semester Performance

Figure 6: 3 Semester performance
Distribution with target variable

Figure 7 provides the relationships between
different  factors—Counseling  Influence,
Academic Performance, Assessment Fairness,
and Parental Support—and their respective
correlations with target variable 4™ Semester
Performance. The first graph shows a positive
relationship between Academic Performance
and 4" semester performance. The clear
positive relationship is also depicted with
Parental Support and 4" Semester performance.
This suggests that previous results and parental
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support might play a role in future
performance. Counselling Influence and
Assessment Fairness show a nearly flat trend,
implying that they do not significantly affect
the target variable 4" Semester Performance
outcomes. Overall, the figures reflect a
complex set of relationships with varied
degrees of influence on 4% Semester
Performance.

Counseling nfluence

01203 45 6

012 3 405 6

23 405 5 012 3 405 6

Figure 7: Counselling influence, Academic
Performance, Assessment Fairness Vs 4
Semester performance

3. Handling Missing Data: The third step
focuses on addressing any missing values in
the dataset (Step 3). Removal of incomplete
data points are employed to ensure the dataset
is clean and suitable for machine learning.

4. Label Encoding: To make the dataset
suitable for use by machine learning
algorithms, particularly neural networks and
ensemble classifiers, categorical attributes
were converted to numerical format by Label
Encoding. This was done because there were
various non-numeric attributes like gender,
peer influence, parental involvement and
support, which are important in predicting
academic  achievement. Label encoding
transforms every distinctive category in a
feature column into an integer value that
corresponds to it. For instance, if "learning
style" has categories ['Visual', 'Auditory’,
'Kinesthetic', Reading/Writing] in the feature,
the encoder assigns them [0, 1, 2, 3]. This
conversion maintains the distinguishability of
categories while allowing the model to handle
them as numerical inputs.

5. Train-Test Split: Once the relevant features
are selected. the dataset is split into training
and testing sets. The training set is used to
build the model. while the test set is used for
evaluating its performance. A typical ratio is
80:20 for training and testing.

6. Model Selection: Various machine learning
models are applied to the dataset.

<>

Logistic Regression:Logistic
Regression is a supervised algorithm
applied for binary and multiclass
classification problems. In contrast to
linear regression, where the prediction
takes place for continuous values, logistic
regression learns to model the probability
that an input instance belongs to a certain
class with the help of the logistic
(sigmoid) function. The model
approximates the dependence between
independent variables and a categorical
dependent variable by fitting data on a
logistic curve.

Random Forest: It creates a "forest"
of decision trees during training. Each
tree is trained on a random subset of data
bootstrapping and features feature
bagging. The final prediction is made by
taking a majority vote for classification of
the individual trees.

Support Vector Machine (SVM):
The SVM finds the optimal hyperplane
that maximizes the margin between
different classes. In case the data is not
linearly separable. It can use kernel
functions to map data to a higher-
dimensional space.

K-Nearest Neighbors (KNN): The
algorithm stores the entire training dataset.
When a new data point needs to be
classified. KNN looks at the K nearest
data points based on a distance metric
like Euclidean distance and assigns the
most common class among them.

Multi-Layer Perceptron (MLP):
MLP contains input, hidden, and output
layers. Each neuron (node) in a layer is
connected to every neuron in the next
layer. The learning process is done
through backpropagation. where errors
are propagated backward through the
network for adjusting weights.

Stacked Model: A stacking ensemble
was  built by combining five
heterogeneous base learners. Each model
makes distinct contributions towards
learning patterns from the student
academic dataset, and their predictions
are merged via a meta-learner to enhance
generalization overall. The base models
and the space of their hyperparameters
were specified as K-Nearest Neighbors
(KNN), Support Vector Machine (SVM),
Decision Tree Classifier, Random Forest
Classifier, Multi-Layer Perceptron (MLP).
They were individually tuned first with
cross-validation and then employed as a
level-0 base learner in a Stacking
Classifier. Their out-of-fold predictions
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were passed through a logistic regression
meta-model (level-1 learner), which
learned to best combine their outputs.

7. Proposed Model: Hybrid Neural Classifier
with Dropout, Scheduler, and Attention. To
address the task of predicting student academic
performance (specifically, the 4th Semester
Performance class), we propose a Hybrid
Neural Classifier that integrates several
advanced deep learning techniques: dropout-
based regularization, a learning rate scheduler,
and an attention mechanism. These
enhancements aim to improve generalisation,
convergence stability, and interpretability.

Input Layer
Receives the feature vector
of each student

Hidden Dense Layer 1
A fully connected layer wit

ReLU activation

one hot encoding

Pre-processing

[T ——Missing Value analysis

Dropout Layer 1
Another fully connected lay
with ReLU activation

and Label encoding)

Dropout Layer 2
Further regularization to
improve generalization

Convert and reduce
target class to 3

: Attention Layer H
i Aself-attention mechanim learns to
| weight the importance of different
1\ features or activations dynamically

Dataset

Output Layer
Asoftmax classifier produces
a probability distribution

Pre Process features «—

|

{ Apply SMOTE Hxam& test split; 80 :0}

over the three performance
classes: Low, Medium, andl

Low Medium High

Figure 8: Proposed Model hybrid neural
network

< Input Representation

The dataset consists of several demographic,
academic, and socio-economic features. All
features are  scaled using  standard
normalization, and categorical attributes are
transformed using label encoding. The input
feature vector X€RdX , where d is the number
of input features, is used as input to the model.

< Network Architecture

The architecture consists of the following
layers:

v Input Layer: Receives the feature
vector of each student.
v Hidden Dense Layer 1: A fully

connected layer with ReLU activation to
capture non-linear patterns.

4 Dropout Layer 1: Applied to reduce
overfitting by randomly deactivating
neurons during training.

v Hidden Dense Layer 2: Another fully
connected layer with ReLU activation.

4 Dropout Layer 2: Further
regularization to improve generalization.

4 Attention Layer: A self-attention

mechanism learns to  weight the
importance of different features or
activations dynamically.

4 Output Layer: A softmax classifier
produces a probability distribution over
the three performance classes: Low,
Medium, and High.

< Attention Mechanism

To enhance the model's ability to focus on the
most influential features for each prediction,
we integrate a learnable attention layer. This
mechanism computes attention scores for
hidden activations and uses them to form a
weighted context vector. The context vector
emphasizes critical feature representations

before  classification, thus  improving
interpretability and performance.
< Regularization via Dropout

To combat overfitting, dropout layers are
inserted after each dense layer. Neurons are
randomly disabled with a probability ppp
during training, forcing the network to learn
redundant representations and preventing
reliance on specific nodes.

< Learning Rate Scheduler

A step-based learning rate scheduler is
employed to gradually reduce the learning rate
during training. This technique helps avoid
overshooting minima and allows finer
convergence in later epochs. Specifically, the
learning rate m\etan is reduced by a factor
v\gammay after every fixed number of epochs
(step  size), stabilizing training and
encouraging optimal convergence.

< Training and Optimization

The model is trained using the Adam optimizer
and cross-entropy loss. The input data is split
into training and test sets using stratified
sampling. SMOTE (Synthetic Minority Over-
sampling Technique) is applied to balance the
class distribution. Model evaluation is
conducted using metrics such as precision,
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recall, Fl-score, confusion matrix, and
multiclass ROC-AUC

< Pseudo Code:

# Initialization
Initialize network weights W1, W2, Wa, Wo
Set dropout probabilities pl, p2

Initialize learning rate n and scheduler
parameters

# Forward pass
for epoch in range(max_epochs):
for X batch, y batch in data_loader:
x1 =ReLU(W1 @ X_batch + bl)

x1 = Dropout(x1, p1)

X2 =ReLU(W2 @ x1 + b2)

x2 = Dropout(x2, p2)

attention_scores = Softmax(Wa @ x2 + ba)

context_vector = attention_scores * x2 #
element-wise weighted sum

logits = Wo @ context vector + bo

predictions = Softmax(logits)

# Compute loss and update weights

loss = CrossEntropyLoss(predictions,
y_batch)

Backpropagate(loss)

Update weights using optimizer

# Update learning rate

scheduler.step()

model is evaluated using various metrics
like:

< Accuracy: Accuracy measures the
overall correctness of the model by
calculating the ratio of correct predictions
(both true positives and true negatives) to
the total number of predictions.

TP 4TV

Accuracy =

>4

Precision: Precision measures how
many of the predicted positive instances
were actually positive. It’s useful when
the cost of false positives is high.

r
TP + FP
< Recall: Recall measures how many of
the actual positive instances were
correctly identified by the model. It’s

useful when the cost of false negatives is
high.

Precision =

TF
& TP+ FN
< F1 Score: The F1 Score is the
harmonic mean of Precision and Recall,
providing a balance between the two. It’s
useful when you want to balance
precision and recall, especially if you
have an imbalanced dataset.

Recall =

F1 Score = 2 x Precision x Recall

Precision + Recall

Result Analysis: Logistic Regression model
resulted in figure 9 with an overall accuracy of
65% in classifying the performance of students
into six categories. Although it did quite well
for mid-class cases (say, Class 2 and 3), with
Fl-scores of 0.71 and 0.67 respectively, it
performed poorly for minority classes—
particularly Class 0, where no correct
predictions were made. The macro-averaged
F1-score of 0.53 and weighted average of 0.64
reflect moderate overall performance, with
significant imbalance between classes. These
findings indicate that although Logistic
Regression is able to detect broad trends, it is
not capable of properly addressing class
imbalance and nonlinearity in feature
relationships present in the dataset.

Logistic Regression

IP+TN+ FP+ FN

8. Model Evaluation: The last step is model
evaluation. The performance of the final
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Logistic Regressig J Logistic Regression
A N 5 precision
J i - 8 9.8@
1 9.88
e 2 8.62
% 3 8.77
s | . ; . 4 9.68
5 8.63

a4 o0 0 2

accuracy

N . . MBCro &ve 8.57
welghted avg 8.67

0 1 2

Predid

Figure 9: Logistic Regression confusion matrix
and performance

Random Forest model showed better
classification performance than Logistic
Regression in figure 10 with an overall
accuracy of 79%. It showed strong
performances in higher-frequency classes
Class 3, 4, and 5 with F1-scores of 0.79, 0.80,
and 0.86 respectively. Nevertheless, the model
did not accurately classify the sole instance of
Class 0, which indicated weak points in
dealing with severely underrepresented classes.
The macro-averaged Fl-score of 0.64 and
weighted average of 0.78 indicate a fairly
balanced performance, albeit class imbalance-
affected. Random Forest generally offered a
stronger and more consistent classification,
especially in mid to high support classes.

SVM model in figure 11 with an overall
accuracy of 67%, with moderate performance
in the majority of classes but being challenged
by imbalanced classes. SVM performed
optimally in Class 5 with an Fl-score of 0.82
and reasonably well in Class 4 (F1-score: 0.67),
but its performance greatly declined in
minority classes like Class 0, with a zero recall
and precision. The macro average F1-score of
0.55 and weighted average of 0.67 suggest that
although the model performs well in frequent
classes, its generalization capacity over all
class distributions is still limited. This implies
the necessity for enhanced optimization or
balancing methods for improved multiclass
performance.
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Figure 10: Random Forest confusion matrix
and performance

Figure 11: SVM confusion matrix and
performance

The K-Nearest Neighbors (KNN) algorithmin
figure 12, calibrated with 7 neighbors, yielded
poor performance with a general accuracy of
only 39%. It performed averagely for Class 5
(F1-score: 0.47) and Class 2 (Fl1-score: 0.45),
but poorly performed on other -classes,
particularly Class 0, which posted zero
precision, recall, and F1-score. The confusion
matrix indicates clumping of the predictions
around the middle classes, which shows that
the model has a high tendency to misclassify
within neighboring classes. With 0.29 macro
average F1-score and weighted average of 0.38,
the findings highlight that KNN performed
poorly in separating the six classes efficiently,
which is probably because of overlapping class
boundaries and lack of discriminative power in
high-dimensional feature space.

KNN
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Figure 12: KNN confusion matrix and
performance

The MLP classifier in figure 13 with 50%
overall accuracy in classifying student
performance into six categories. Though the
model performed satisfactorily on larger
support classes like class 2 (Fl-score: 0.61)
and class 3 (F1-score: 0.48), it utterly failed to
identify class 0 (Fl-score: 0.00). Class 4 and
class 5 had moderate results with F1-scores of
0.47 and 0.49 respectively. The macro average
Fl-score of 0.42 and weighted average of 0.50
reveal that the performance of the model is
uneven across classes, with improved
prediction ability in some categories and weak
generalization in others. This calls for
additional  tuning or other modeling
approaches to enhance performance in all
student performance categories.

Figure 13: MLP confusion matrix and
performance

Figure 14 depicts the performance of the
stacked ensemble model using its confusion
matrix and classification report. The confusion
matrix indicates that the model is very good on
most classes, especially class 4 with 31
accurate predictions and class 3 with 26
accurate predictions. It completely fails,
however, on class 0, which consisted of only
one case and was predicted incorrectly. The
classification report confirms these findings,
with class 4 having the highest Fl-score of
0.75 and class 0 having a recording of 0.00 F1-
score. The model achieved overall accuracy of
72%. Macro average Fl-score stands at 0.58
for moderate performance when all classes are
treated equally, while weighted average F1-
score is 0.71 and represents improved
performance when class balance is taken into
consideration. These findings indicate that the
stacked ensemble performs well with more
frequent classes but has difficulty with
minority ones, highlighting the necessity of
techniques to deal with class imbalance.
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Figure 14: Stacked confusion matrix and
performance

The proposed model exhibits outstanding
performance in predicting student academic
outcomes, achieving an overall accuracy of
94% across 244 instances. Figure 15 displays
the performance analysis of the developed
Hybrid Neural Classifier that incorporates
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dropout, a learning rate scheduler, and an
attention layer. The confusion matrix indicates
high classification accuracy among all three
classes with most predictions lying on the
diagonal. Class 0 had 75 correct predictions,
class 1 had 76, and class 2 had 78, which
reflects high precision and recall. The included
classification report also validates this with
precision, recall, and Fl-scores for all classes
above 0.90. The overall accuracy of the model
is 94%, and macro and weighted average F1-
scores are 0.94, indicating uniform
performance per class. The model also
recorded a high multiclass ROC AUC of 0.985,
thereby proving to be a powerful discriminator.
These findings suggest that the suggested
architecture enhances classification
performance and generalization over all classes
noticeably.

improving generalization and discriminatory
capabilities of the model across various
categories of student performance.

Table 3: Detail performance analysis of
different models
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Figure 15: Proposed Model confusion matrix
and performance

The Hybrid Neural Classifier, which was
proposed, outperformed all the baseline
models strongly in terms of predicting student
academic achievement as shown in table 3.
With an accuracy of 94%, it left the runner-up
model, Random Forest (79%), behind by 15
percentage points and the Stacked Ensemble
model (72%) by 22 points. With regard to F1-
score, Hybrid produced a macro average of
0.94, which is a 63% increase on Logistic
Regression (0.53), 62% on SVM (0.55), and
48% on the Stacked Ensemble (0.58).
Importantly, it showed balanced precision and
recall for all classes, overcoming the problem
of class imbalance that affected other models.
These enhancements emphasize the power of
combining dropout regularization, learning
rate scheduling, and attention mechanisms for
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9. Conclusion: This research was able to
effectively examine the use of machine
learning and deep learning methods for
predicting the academic performance of
students and the creation of a Hybrid Neural
Classifier involving dropout regularization,
learning rate scheduling, and an attention
mechanism. The model proved to be a
significant improvement over the use of older
machine learning algorithms, boasting a huge
94% accuracy and well-balanced performance
over all classes. In comparison with the top-
performing baseline models—Random Forest
and Stacked Ensemble—the Hybrid model
achieved a gain of 15% and 22% in accuracy,
respectively, and as high as 63% improvement
in macro-average Fl-score. These observations
demonstrate the resilience of the model to
handle class imbalance, learn non-linear
relationships between features, and enhance
generalization. The findings validate that
integrating  state-of-the-art deep learning
methods under a consistent architecture can
markedly improve the predictive accuracy and

consistency of educational data mining models.

While the Hybrid Neural Classifier performs
very well, there are many potential avenues to

explore in subsequent research. First,
increasing the dataset across institutions and
geographies will challenge the model's ability
to generalize. Second, incorporating other
sources of data like real-time behavioral
analytics, web-based learning engagement
measures, and psychological tests could
provide  additional insight into  the
determinants of academic success. Third, XAI
techniques can be utilized to explain model
decisions, giving transparency and actionable
feedback to educators and policymakers. The
performance values (94% across all primary
metrics) reported in the paper are based on a
consistent, balanced dataset (post-SMOTE),
and the same train-test split was used for all
models to ensure fairness in comparison. The
Hybrid model's deep learning architecture,
enhanced with dropout regularization, a
learning rate scheduler, and attention, enables
robust generalization across all classes —
hence the uniformly strong performance.
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