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Abstract

In recent years, academic performance prediction has evolved as a research field thanks to
its development and exploration in the educational context. Early student performance
prediction is crucial for enhancing educational outcomes and implementing timely in-
terventions. Conventional approaches frequently struggle on behalf of the complexity
of student profiles as a consequence of single activation functions, which prevent them
from effectively learning intricate patterns. In addition, these models could experience
obstacles such as the vanishing gradient problem and computational complexity. Therefore,
this research study designed an Activation Ensemble Deep Neural Network (AcEnDNN)
model to gain control of the previously mentioned challenges. The main contribution is the
creation of a credible student performance prediction model that comprises extensive data
preprocessing, feature extraction, and an Activation Ensemble DNN. By utilizing various
methods of activation functions, such as ReLU, tanh, sigmoid, and swish, the ensembled
activation functions are able to learn the complex structure of student data, which leads to
more accurate performance prediction. The AcEn-DNN model is trained and evaluated
based on the publicly available Student-mat.csv dataset, Student-por.csv dataset, and a
real-time dataset. The experimental results revealed that the AcEn-DNN model achieved
lower error rates, with an MAE of 1.28, MAPE of 2.36, MSE of 4.55, and RMSE of 2.13
based on a training percentage of 90%, confirming its robustness in modeling nonlinear
relationships within student data. The proposed model also gained the minimum error
values MAE of 1.28, MAPE of 2.97, MSE of 4.77, and RMSE of 2.18, based on a K-fold value
of 10, utilizing the Student-mat.csv dataset. These findings highlight the model’s potential
in early identification of at-risk students, enabling educators to develop targeted learning
strategies. This research contributes to educational data mining by advancing predictive
modeling techniques that evaluate student performance.

Keywords: student performance prediction; activation ensemble neural network; ReLU,
tanh, sigmoid and swish

1. Introduction
Students hold the most important role as stakeholders in educational institutions and

the strong performance of these organizations is necessary for producing high-quality
post-graduates (PGs) and graduates. Significant efforts must be made to ensure student
retention, identify at-risk students, and allocate resources to enrich student performance [1].
Universities are aware that they are facing a complex and fiercely competitive environment.
Their primary task is to analyze their performance rigorously, pinpoint what sets them
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apart, and create strategies for ongoing growth and success [2]. Educational institutions
recognize the vast benefits of data mining (DM) and use it to enhance their performance.
The academic success of college students is critical for appraising the quality of a university.
Academic success is a fundamental measure for assessing the effectiveness of teaching
and learning and for selecting and assessing students. The performance of students is
impacted by various complex factors, with their socio-economic background and past
academic achievements having the ability to influence their academic performance. The
majority of current research has focused on analyzing and predicting student performance
in a straightforward manner using statistical methods. The increasing prevalence of data
mining applications is largely attributed to the ability to store large amounts of data and
process them quickly [3,4]. Educational data mining incorporates techniques from statistics,
machine learning (ML), and deep learning (DL) within the education sector.

Data mining examines a diverse range of educational data to enhance education, such
as student modeling, performance prediction, and behavior modeling [5–8]. Determining
student performance by browsing data is a key benefit of educational data mining for
the improvement in the effectiveness of these environments. Students are considered the
primary beneficiaries of these educational institutions [8,9]. However, government and ac-
creditation agencies ensure that organizations sustain a standardized learning environment
through accreditation processes to devise new procedures to uphold their standards [9,10].
Educational institutions make use of modern technologies like Intelligent Tutoring Systems
(ITSs), Learning Management Systems (LMSs), and online platforms to gather extensive
data on students and the learning environment [11]. The data includes student documenta-
tion, behavior, exam performance, social forum interaction, demographic information, and
administrative details. Institutions need to adopt innovative techniques to effectively utilize
these data and enhance their decision-making processes [12,13]. Various computer technolo-
gies simplify complex materials for more comprehensible and retainable information, while
data mining algorithms use advanced techniques to extract important information [14]. It
is common for research studies to focus on predicting and analyzing student performance
using basic statistical methods, often overlooking the intricacies of these influences [15,16].
To address this constraint, machine learning is increasingly being utilized in data science
applications to examine intricate connections. It possesses the ability to learn automatically
without explicit programming.

In machine learning, although artificial neural network (ANN) models have a long
history in computing and data science, they are now receiving more attention and being
applied in various fields [17]. ANN has indicated considerable success in prediction sectors
such as healthcare, climate, stock markets, and more. ANN expands its capability to analyze
complex datasets irreducibly using traditional statistical methods. Additionally, ANN can
uncover nonlinear relationships between variables. However, its use in educational research
remains limited [18]. The challenges faced in utilizing artificial neural networks (ANNs)
include the increasing complexity of network models, the difficulty in explaining the
system’s decisions due to its black-box nature, the risk of overfitting, and the time required
for network training [19]. Handling an imbalanced class distribution and leveraging
feature selection are crucial aspects of enhancing prediction accuracy [20]. Imbalanced
class distribution is a frequent issue in educational data that can greatly impact model
performance. Other researchers have focused on creating different algorithms and feature
importance methods, such as the SMOTE oversampling method, to address the imbalanced
data problem [21]. Furthermore, a comparison between random oversampling and the
SMOTE balancing technique was conducted to analyze the academic achievement of
students. The selection of a suitable method for addressing imbalanced data can present
challenges as there are numerous resampling options available for managing the issue [22].
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Building upon the existing drawbacks, this research proposes the AcEn-DNN model
for effective student performance prediction. Conventional approaches face complexity
and gradient problems, which prevent them from effectively learning intricate patterns [23].
Therefore, this research study designed the new model AcEn-DNN to overcome the pre-
viously mentioned challenges. The main contribution of this research is the creation of a
credible student performance prediction model that comprises extensive data preprocess-
ing, feature extraction, and an Activation Ensemble DNN. By utilizing various methods
of activation functions, the ensembled activation functions are able to learn the complex
structure of student data, which leads to more accurate performance prediction.

Activation Ensemble Deep Neural Network (AcEnDNN): The incorporation of en-
sembled activation functions with the DNN model enhances early student performance
predictions. Further, the proposed model’s architecture is made up of different activation
functions, including rectifier linear unit (ReLU), hyperbolic tangent (tanh), sigmoid, and
swish, combined as an ensembled activation function. The ensemble activation function im-
proves the potential of the AcEn-DNN model to identify the complex patterns in nonlinear
student data and generate more accurate predictions. Moreover, the proposed AcEn-DNN
method captures complex links and relationships, which enhances the effectiveness of
education interventions and support strategies.

We organize the research work as follows: In Section 2, various existing methods are
discussed for predicting student performance. The methodology of AcEn-DNN is derived
in Section 3. In Section 4, the mathematical model of AcEn-DNN is derived in detail.
Moreover, Section 5 provides efficient results and discussions, which prove the efficacy
of the model. Finally, Section 6 concludes the paper and suggests potential directions for
further studies.

2. Literature Review
Ramin Ghorbani and Rouzbeh Ghousi [3] conducted a study focusing on the impact

of data that is not balanced and identifying the most effective resampling method for
addressing the problem. The results obtained through various evaluation metrics sug-
gest that models perform better when dealing with fewer classes and nominal features.
However, further enhancements in model performance could be achieved through the
development of new ensemble and hybrid classifiers. Nikola Tomasevic et al. [4] conducted
a detailed comparison and analysis of advanced supervised ML methods that would help
in predicting student exam performance and future achievements, like final exam scores.
The model they developed demonstrated high accuracy in making these predictions. One
common issue frequently discussed in learning analytics is profiling, which can arise from
improper application.

E.T. Lau et al. [5] introduced a method that combines traditional statistical analysis with
NN modeling to predict student performance. The neural network model demonstrated
strong accuracy in its predictions. This suggests that incorporating artificial intelligence-
based analytics in academic settings could help improve students’ academic success in
the future. Qi Liu et al. [6] examined student performance predictions by developing
a framework that analyzed both the student’s exercise history and the content of the
exercises themselves. Their approach aimed to enhance prediction accuracy by including
an attention mechanism. However, they found that predicting student performance still
faced challenges due to the cold start problem.

Hanan Abdullah’s [2] goal was to help higher education institutions make informed
decisions about the applicant’s academic performance during the admission process. Hanan
Abdullah employed popular data mining techniques to generate four prediction models.
Their study revealed that these techniques were more accurate and precise compared to



Appl. Sci. 2025, 15, 11411 4 of 29

others. However, further enhancements in performance could be achieved by incorporat-
ing other data mining techniques, like clustering, in the future. Lubna Mahmoud Abu
Zohair [1] introduced a model that demonstrates the potential for training and modeling
with a limited dataset size while achieving accurate predictions. Their study’s results
confirmed the effectiveness of algorithms in training with small datasets and achieving
satisfactory levels of accuracy in classification and reliability tests, despite encountering
computational challenges.

Mustafa Yagci [7] introduced a novel model that utilizes ML algorithms to forecast the
final exam scores of college students by using their midterm exam grades as input data.
While the model demonstrated a strong performance in accurately predicting grades, it
encountered challenges related to overfitting. Seyhmus Aydogdu [8] assessed how well
machine learning algorithms could track students’ academic advancement with impressive
precision. Their study aimed to take the concept further by reapplying the model following
the second exam, potentially enhancing its effectiveness. The approach could benefit
struggling students by giving them a chance to improve and adequately prepare for
future assessments.

N.U. Rehman Junejo et al. [24] designed a deep learning SAPPNet model to predict
student academic performance that analyzed the patterns within a dataset. The model
consisted of spatial and convolution modules that learn how student behaviors and per-
formances change, which would improve educational results in real-time circumstances.
However, the model struggled with interpretability and scalability, limiting its overall
efficiency. N.U. Rehman Junejo et al. [25] presented an SLPNet deep learning model termed
the student learning performance prediction network to predict students’ grades using a
Jordan University dataset. The model had three convolutional stages to improve accurate
prediction. Although the model improved prediction performance, it also faced complexity
in computation.

L.H. Baniata et al. [26] proposed a Gated Recurrent Neural Network that incorporates
dense layers, max-pooling layers, and the ADAM optimizer to identify underperforming
students that overtook traditional educational recommendation systems in terms of ro-
bustness. Although the model had high performance and applicability, it still required a
long computation time. Luis Vives et al. [27] offered a Long Short-Term Memory Neural
Network for students’ academic performance. The employment of GAN and SMOTE
techniques rectified the data imbalance problem. However, the model still struggled with
complexity due to its complex structure.

Table 1 provides a comparative discussion of the existing methods.

Table 1. Comparison of the related literature works.

Sl.No Author Method Advantage Disadvantage Achievement

1.
Ramin Ghorbani

and Rouzbeh
Ghousi [3]

Machine
Learning
Models

The models perform
better when dealing

with fewer classes and
nominal features.

The models obtain poor
performance due to

single classifiers.

Median-69.56
Sum of Ranks-37

2.
Nikola

Tomasevic
et al. [4]

Supervised
Data Mining

Technique

The model
demonstrates high
accuracy in making
these predictions.

The model suffers from
profiling, which can
arise from improper

application.

F1-0.94
RMSE-14.59
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Table 1. Cont.

Sl.No Author Method Advantage Disadvantage Achievement

3. E. T. Lau et al. [5]
Artificial
Neural

Network

The model performs
with better accuracy in

this prediction.

According to gender,
the model performs

poorly in the
classification of

students.

Accuracy-84.8%

4. Qi Liu et al. [6]
Exercise-aware

Knowledge
Tracing (EKT)

The prediction accuracy
is enhanced by

including an attention
mechanism.

However, the model
found that predicting
student performance
still faced challenges
due to the cold start

problem.

MAE-0.32
RMSE-0.41

5. Hanan
Abdullah’s [2] ANN

Popular data mining
techniques are utilized

to generate four
prediction models.

However, input
variables such as

pre-admission tests are
rarely used to predict
student performance

Accuracy-79%

6.
Lubna

Mahmoud Abu
Zohair [1]

KNN
The model achieves
better accuracy by

using a small dataset.

However, the model
faces challenges in

computational
complexity.

Accuracy-72%

7. Mustafa Yagci [7] ML Algorithms

The predictions are
made using the

parameters of midterm
grades, department

data, and faculty data.

The model faces
challenges in
overfitting.

Accuracy-75%

8. Seyhmus
Aydogdu [8] ANN

The model could
benefit struggling
students by giving
them a chance to

improve.

The model suffers from
computational issues.

Accuracy-
80.47%

9. N.U. Rehman
Junejo et al. [24] SAPPNet

The model improves
educational results in
real-time situations.

The model has poor
resilience and flexibility. Accuracy-93%

10. N.U. Rehman
Junejo et al. [25] SLPNet

The model predicts
students who are at risk
of dropping out early
and helps to improve
their academic scores.

The model obtains
computational

complexity.
Accuracy-89%

2.1. Challenges

• Improving a model’s predictive accuracy is widely known to be difficult. Various
factors play a role in enhancing predictive accuracy [3].

• The uneven distribution of classes in educational data is a frequent issue that can
significantly impact the efficiency of models. Additionally, creating new ensembles
and hybrid classifiers for the scenario poses a challenge [9].

• Examining and contrasting the effectiveness of classifiers is an important process.
While it may seem easy to assess their performance, the results can be deceiving. Thus,
determining the most optimal method that results in their strengths is a crucial task [4].
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• Even though artificial neural networks help to reveal connections between neurons, a
major drawback is the challenge of interpreting the relationships between independent
and dependent variables [5].

2.2. Problem Statement

The earlier prediction research aimed to predict students’ performance in learning to
improve the university students’ international and national ranking levels and innovation.
Education institutes use the popular evaluation and prediction technique, namely conven-
tional statistical methods with educational data mining (EDM) as an efficient predictive
method. However, when they analyze a larger database, educational institutes face prob-
lems [2]. With respect to graph data and obtaining attention in multiple domains, such
as prediction, multi-model graph learning explores the fusion of multiple modalities and
natural language processing (NLP) in various fields of multi-models, such as prediction.
The goal of multi-modeling is to improve graph analysis, tasks that come after it, and
the way that learning information is shown in a lot of different ways. Finding a way to
incorporate information about graph structure into a machine learning model is a problem
for machine learning [28]. Artificial neural network (ANN) has gained wider attention in
prediction applications. However, ANN is limited in the educational area due to overfitting
issues and the rising complexity of the modeled network [5].

3. Methodology
The main aim of this research is to build a robust student performance prediction

model by using the AcEn-DNN model. At first, the input data is gathered from the CSV
dataset [29] and then subjected to cleansing processes to enable data integrity. Next, we
use feature extraction algorithms to extract the statistical features from the preprocessed
data. These statistical entities are then embedded in the dataset. After the array, the
processed dataset is fed into the AcEn-DNN model, which has a collection of activation
functions like ReLU, tanh, sigmoid, and swish. The developed model precisely predicts
the students’ performance through the combination of statistical features and activation
functions, which consequently empowers educational interventions and supports feature
extraction strategies that help students. Figure 1 illustrates the schematic diagram of the
AcEn-DNN model.

Figure 1. Schematic diagram for early student performance prediction model.
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3.1. Input Data for Students’ Performance Prediction

In the student performance prediction model, the data is gathered from a Student-
mat.csv dataset, Student-por.csv dataset [25], and real-time dataset, which are represented
in the mathematical form below:

R = R1, R2, R3, ........Rn (1)

Here, Rd denotes the database or gathered data.

3.2. Preprocessing Data Mining for Students’ Performance Prediction

Preprocessing data is an essential step in developing any ML model. Models that
lack preprocessing may encounter issues such as invalid or overfitting data, error-prone
models, and low accuracy. Therefore, preprocessing plays a key role in ensuring the success
of an ML model. In the context of forecasting student performance, a preprocessing step
is necessary to appropriately represent the data. Effective data preprocessing is crucial
for enhancing data quality and ensuring the reliability of data mining techniques. The
data cleaning technique is utilized to handle missing data and for data encoding. Here,
the input CSV file is converted into numerical values to enhance the performance for
prediction. Data cleaning aims to eliminate incomplete or incorrect data, as well as data
that do not contribute to producing high-quality data [30]. Further, these data mining
processes overcome the data imbalance and overfitting issues. In our case, the dataset is
transformed from nominal data into numerical data to facilitate the modeling process.

Y = {T1, T2, ........T, Tdi} (2)

Here, the preprocessed data is denoted as Td with a dimension. In the feature extraction
process, the preprocessed data is given for successful student performance forecasting.

3.3. Statistical Feature Extraction for Students’ Performance Prediction

In feature extraction, we extract or create important attributes from unfiltered datasets
to characterize students’ behavior, academic history, and socio-demographic factors. This
approach reduces the complexity of the raw dataset, which maintains the integrity of the
predictions [31]. Methods involve choosing existing attributes of the data, creating new
ones, and applying statistical operations to measure trends and relations.

Statistical features represent collected quantitative indicators demonstrating the distri-
bution and dispersion of students’ performance data. These features encompass the mean,
variance, entropy, standard deviation, kurtosis, harmonic mean, skewness, geometric mean,
max, min, and sum. They offer key perspectives on the average value, variation, form,
and inter-relations of the data. The mathematical formulation for each statistical feature is
explained below.

(i) Mean:

ME =
1
c ∑c

i=1 R∗
d (3)

Therefore, the location of the data point in the dataset is represented as c and the total
elements in the dataset as R.

(ii) Variance:

VA =
1
c ∑c

i=1(R∗
d − ME)

2
(4)
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(iii) Standard Deviation (SD):

SD =

√
1
c ∑c

i=1

(
R∗

d − ME
)2 (5)

(iv) Skewness:

SK =

1
c ∑c

i=1
(

R∗
d − ME

)3(
1
c ∑c

i=1
(

R∗
d − ME

)2
)3/2 (6)

(v) Kurtosis:

KU =

1
c ∑c

i=1
(

R∗
d − ME

)4(
1
c ∑c

i=1
(

R∗
d − ME

)2
)2 (7)

(vi) Entropy:

E(c) = −∑c
i=1 p(R∗

d) log2 p(R∗
d) (8)

Here, p
(

R∗
d
)

means the probability mass function of c.

(vii) Geometric Mean:

GM =
(
⨿c

i=1 p(R∗
d)
)1

c (9)

(viii) Harmonic Mean:

HM =
c

∑c
i=1

1
R∗

d

(10)

(ix) Maximum:

Max = max(R∗
1 , R∗

2 , .................R∗
n) (11)

(x) Minimum:

Min = min(R∗
1 , R∗

2 , .................R∗
n) (12)

(xi) Sum:

SU = ∑c
i=1 R∗

n (13)

Finally, the extracted statistical features are concatenated using the following equation,
which has a dimension of (n × 11).

S = [ME//VA//SD//SK//KU//E(c)//GM//HM//max//min//SU] (14)
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3.4. Data Integration

The statistical features are finally added to the original data from the dataset Rd, which
is carried out by simply concatenating the original features with the statistical features
derived. Consider y as an integrated data representation. The integration is mathematically
given below:

y = [Rd, S] (15)

where [Rd, S] denotes the concatenation of the original data Rd with the matrix of statistical
features S.

4. Activation Ensemble Neural Network in Student
Performance Prediction

Here, Rd forms the input for AcEn-DNN in student performance prediction. AcEn-
DNN works by utilizing a variety of activation functions, such as ReLU, tanh, sigmoid, and
swish, to represent the nonlinear features and accurately model the student performance
data. The resulting ensembles of activation functions at every step of the network let
ReLU explore various nonlinear transforms, making it possible to extract the meaningful
characteristics and patterns hidden in the input data. Concluded using an amalgamation of
these activation function outputs, a network can effectively learn and map the complicated
relations between student features and academic performance. During the iterative process,
the network fine-tunes its parameters to reduce prediction error, thus improving the
method’s performance to accurately forecast a student’s performance.

Activation Ensemble Deep Neural Network Model

The proposed AcEn-DNN model is a valuable tool for approximating functions,
capable of understanding the connection between input and output variables. The proposed
architecture includes an input layer, multiple hidden layers, ensemble activation functions,
and an output layer. Typically, the DNN will have more than one hidden layer, in addition
to its input and output layers. The occurrence of hidden layers allows us to learn complex
data and create a DNN model appropriate for tasks, including high-dimensional data and
complex patterns. Initially, the extracted features are sent to the input layer. The input
layer receives the extracted features and forwards them to the hidden layer. The hidden
layers consist of numerous interconnected neurons that help to process the input data. Each
neuron in a hidden layer calculates the weight and bias of its inputs. These layers extract
and identify the relevant features and learn complex relationships within the data. Then,
the output data is sent to the ensemble activation functions, such as Sigmoid, Tanh, ReLU,
and swish functions, which are fused to generate an accurate prediction of the student’s
performance. For every iteration, the data is passed through each activation function, and
features are stored non-simultaneously. Finally, these extracted significant features from
the activation functions are concatenated and given to the output layer. The output layer
produces an accurate prediction of student performance. Figure 2 depicts the architecture
of the proposed AcEn-DNN model.
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Figure 2. Architecture of the proposed AcEn-DNN model.

Figure 2 illustrates the multiple layers of the proposed model, which perform early
student performance prediction. To simplify, lets us say there are M hidden layers, with
the input represented by a vector Y and the output as a vector Z. The forward expression
for the DNN can be written as follows:

A = σ(WY + b) (16)

Z = WMYM−1 + bM (17)

The bias and weights of the ith layer are denoted as W and b, respectively, and A and
σ refer to network parameters. The output of the ith layer is determined by the activation
function α, which is either Sigmoid, hyperbolic tangent (Tanh), ReLU, or swish activation
functions. The previous layer’s output is denoted as YM−1. Equations (16) and (17) simplify
the forward formulation Z = N(Y; θ). The loss function, often the MSE between the output
and the actual data, is then represented as follows:

M(θ) = MSEdata =
1
N

N

∑
i=1

|N(yi, θ)− zi|2 (18)

The loss function is used to adjust the network parameters in the DNN training. Here,
N represents the total number of labeled data. Once trained, the DNN can make predictions
for new inputs.

The problem of a vanishing gradient occurs in sigmoid and hyperbolic tangent activa-
tion functions when they reach a certain threshold value, where their derivative becomes
unable to be computed. To address the issue, the ReLU activation function is created as a
solution. ReLU is a nonlinear activation function that allows for the derivative operation to
be performed. Equations (19) and (20) demonstrate the ReLU activation function.

f (d) =

{
0, d < 0
1, d ≥ 0

(19)

d f (d)
dx

=

{
0, d < 0
1, d ≥ 0

(20)
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ReLU is the most commonly used activation function due to its ability to address
the issue of the vanishing gradient. However, ReLU struggles with the negative region
problem as it sets negative values to zero, making it difficult to calculate derivatives and
slowing down the learning process [30]. Despite this drawback, one of the main benefits of
ReLU is its low computational load compared to other functions, making it apt for use in
complex multi-layered structures. As a result, ReLU remains one of the most commonly
utilized activation functions in deep neural networks.

The hyperbolic tangent (tanh) activation function is a nonlinear function that has
the ability to compute derivatives. Tanh shares structural similarities with the sigmoid
activation function. Both the standard and derivative forms of the tanh activation function
can be seen in Equations (21) and (22).

f (d) =
sinh(d)
cosh(d)

=
ey − e−y

ey + e−y (21)

d f (d)
dx

= 1 − f (d)2 (22)

Although the sigmoid activation function can generate results in the range of [0, 1],
the tanh activation function can produce values within the range of [−1, 1]. The learning
process is noted to involve negative values because of the range of the hyperbolic tangent
activation function. However, sigmoid activation encounters the challenge of the vanishing
gradient problem as the derivative values approach zero after reaching [−1, 1].

A sigmoid function is a mathematical function that resembles a sigmoid curve. The
combinations of the function are not linear because the function is considered a nonlinear
activation function. Therefore, it is beneficial to stack layers using the type of function,
including non-binary activation. The smooth gradient value of the sigmoid function
makes it ideal for shallow networks, such as function simulation. Equation (26) below
demonstrates how sigmoid functions can be utilized in deep learning.

σ(d) =
1

1 + e−d (23)

The characteristic of the function causes Y values to be pushed toward the ends of
the curve, improving the classifier’s ability to make clear predictions. Because of this, the
function is well suited for shallow networks, especially for simulating logic functions.

d
dx

σ(d) = σ(d)(1 − σ(d)) (24)

Additionally, another benefit of the function is that its range is limited to values
between 0 and 1, unlike the linear function, which has a range of (−∞, ∞). This means
that the activation values are restricted, making it easier to control and prevent them from
increasing too much during activation. As a result, the sigmoid function is commonly
used and has been popular for a long time. However, studies have shown that it is not
flawless because the output values tend to respond less to changes in input values at the
extremes of the function. This causes a small gradient at these points, leading to a vanishing
gradient issue that occurs in the almost flat parts of the activation function near the ends.
Consequently, the gradient diminishes or becomes too small to bring about significant
changes, essentially causing the network to learn slowly or even stop learning entirely until
the gradient approaches the limits of floating-point precision.

The sigmoid function has a drawback due to its non-zero central value, always pro-
ducing a positive result. In a sigmoid neuron, the inputs with sigmoid units are considered,
which have weights. Moreover, the positive results of the inputs are attained from the sig-
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moid function. This leads to challenges during backpropagation, as the error gradient will
either be positive or negative. The backpropagation process cannot improve the weights
in a single step, and instead requires the optimal weight vector to increase the weights
simultaneously. Consequently, the training process takes longer to converge compared to
using a more effective activation function.

Research conducted by the Google Brain team found that the swish activation function
is a viable alternative to ReLU. However, the computation cost for both backpropagation
and feedforward is higher for the swish function. Despite its limitations, ReLU is still
essential in deep learning research, but studies show that the new swish activation function
outperforms ReLU in deep networks. The swish activation function can be represented by
the equation provided below in Equation (27).

f (d) = x ∗ σ(d) =
d

1 + e−d (25)

Additionally, certain authors have suggested incorporating a non-zero β parameter
to allow for a basic swish function. The equation for the adjustment is provided below
Equation (28).

f (d) = βd ∗ σ(βd) =
βd

1 + e−βd (26)

If the parameter β approaches zero, the function will become linear, but if β approaches
one, the parameter will resemble the ReLU function. The beta value in the model is a learned
parameter. The swish function can be easily differentiated.

f (d) = f (d) + σ(d)− σ(d) ∗ f (d) =
e−d(d + 1) + 1(

1 + e−d
)2 (27)

This function addresses the issue of the vanishing gradient problem that sigmoid can-
not solve. Studies have demonstrated that swish outperforms ReLU, which was previously
considered the most effective activation function in deep learning. However, it is important
to note that the computation cost of the function is significantly higher than that of ReLU
and its related functions, both during feedforwarding and backpropagation. The final
equation for AcEnDNN is provided below, obtained from Equation (16).

B = α1RELU(Z) + α2tanh(Z) + α3sigmoid(Z) + α4Swish(Z) (28)

where α1, α2, α3, and α4 stand for the weights assigned to each activation function within the
introduced ensemble. This equation denotes the forward propagation of a neural network
by a collection of activation functions. The equation multiplies the outputs of the ReLU,
tanh, sigmoid, and swish activation functions, weighted by α1, α2, α3, and α4. Finally, the
weights achieved from each activation function are concatenated and sent to the output
layer. More specifically, the output layer generates an accurate early prediction based on
the student’s performance. The overall process utilized for student performance prediction
is depicted in Figure 3.
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Figure 3. Flowchart of the proposed AcEn-DNN model.

5. Results and Discussion
A new method, AcEn-DNN, was built for predicting student performance. Its accuracy

is determined by comparing the model to other top methods in the domain.

5.1. Experimental Setup

The AcEn-DNN model for student performance prediction is implemented in Win-
dows 10 OS using the Python 3.7 programming language with 16 GB RAM, 128 GB ROM,
and 12 GB of GPU memory. The initial parameters involve a batch size of 32, a learning
rate of 0.001, a number of epochs of 500, the loss function ‘MSE’, the metric ‘MAE’, and a
default optimizer as Adam. Moreover, the input data is split as 90:10, where 90% is taken
for training purposes and 10% is taken for testing and validation purposes.

5.2. Dataset Description

Student-mat.csv and Student-por.csv [29]: In the student-mat.csv and student-por.csv
files, details like gender, age, address, parents’ marital status, their occupation, education
levels, family size, reasons for choosing the guardian, and school details are included. In
addition, travel time information, academic failure history, study hours, family and school
support, additional classes, extracurricular activities, home Internet access, an evaluation
of family bond strength, and alcohol consumption details are insisted on in the files. Well-
being is assessed on a scale of 1 to 5, while absences are counted as the number of school
days missed, ranging from 0 to 93. Academic grades are split into G1, G2, and G3, with a
range of 0 to 20. In both datasets, students’ details are presented, and the identical attributes
are matched to identify the students’ details, which are listed in the R file. A visualization
of the student-mat.csv and student-por.csv datasets is illustrated in Figure 4.
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Figure 4. Dataset visualization utilized for AcEnDNN model.

5.3. Performance Metrics

In this research, the proposed AcEnDNN model used for student performance pre-
diction is evaluated based on the performance metrices such as MAE, MAPE, MSE, and
RMSE. The MAE metric determines the actual and predicted values by taking the average
magnitude of absolute error. Moreover, the percentage of the MAE is represented as the
MAPE. The MSE metric calculates the predictive model performance, and the RMSE metric
shows the disparity between observed and predicted values.
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5.4. Performance Analysis of the AcEn-DNN Model Using Student-mat.csv Dataset

The performance analysis of the proposed AcEn-DNN model is evaluated at epochs
180, 200, 300, 400, and 500 for the Student-mat.csv dataset, which is illustrated in Figure 5.
The performance analysis shows that the proposed AcEn-DNN model outperformed in
predicting student performance. The MAE values demonstrate the lowest errors at 2.68,
2.44, 1.99, 1.93, and 1.28 with 90% of training. Similarly, the AcEn-DNN model results in an
MAPE during 90% of training that achieved the lowest error values of 8.94, 4.61, 4.45, 3.51,
and 2.36. The results indicate the lowest MSE values at 12.65, 10.22, 8.36, 7.06, and 4.55 for
90% of training for epoch values of 100, 200, 300, 400, and 500. Similarly, the AcEn-DNN
model’s RMSE during 90% of training outcomes is represented in Figure 5.

 
MAE MAPE 

 
MSE RMSE 

Figure 5. Performance analysis of the AcEn-DNN model using Student-mat.csv dataset.

5.5. Performance Analysis of the AcEn-DNN Model Using Student-por.csv Dataset

The performance analysis of the proposed AcEn-DNN model is evaluated at epochs
180, 200, 300, 400, and 500 for the Student-por.csv Dataset. The MAE values demonstrate
the lowest errors at 2.19, 2.14, 1.97, 1.92, and 1.30 with 90% of training. The AcEn-DNN
model attained an MAPE of 90% during training, which achieved error values of 6.72, 5.97,
4.31, 4.29, and 2.69. The lowest MSE values at 8.33, 8.06, 8.04, 7.57, and 5.28 for 90% of
training are exhibited at the epoch values of 100, 200, 300, 400, and 500, as illustrated in
Figure 6. Moreover, the proposed AcEn-DNN model achieved minimum RMSE values of
2.89, 2.84, 2.84, 2.75, and 2.30 for multiple epochs during 90% of training.
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Figure 6. Performance analysis of the AcEn-DNN model using Student-por.csv dataset.

5.6. Comparative Methods

The accomplishments of the AcEn-DNN method are compared by utilizing different
techniques, including Random Forest (RF) [32], Logistic Regression (LR) [33], Support Vec-
tor Machine (SVM) [34], K-Nearest Neighbor (KNN) [35], Cat Boosting algorithm [36], Light-
GBM [37], DNN [38], Haar-MGL [39], Gated Recurrent Unit (GRU) [26], and LSTM [27].
The evaluation is carried out based on the training percentage and cross-validation using
the Student-mat.csv, Student-por.csv, and real-time datasets.

5.6.1. Comparative Analysis Using Student-mat.csv Dataset Based on TP

The comparative analysis of the AcEnDNN model is evaluated with other existing
models using the Student-mat.csv dataset based on various training percentages, as illus-
trated in Figure 7. The proposed model surpassed the Light GBM model in forecasting
student performance, displaying a remarkable error difference of 0.52 and reaching a low
MAE of 1.28 at 90% training. The AcEn-DNN method resulted in better predictive per-
formance for student performance prediction when compared to Light GBM. The model
surpassed the Light GBM model with an error difference of 2, obtaining a minimum MAPE
of 2.36 with 90% of the training data. The AcEn-DNN model outperformed the Light GBM
model with an error difference of 2.83 and obtained an MSE value of 4.55 with 90% training,
exceeding the performance of previous methods. The proposed AcEn-DNN model showed
superior performance compared to the existing models in forecasting student performance,
surpassing the Light GBM method with an error difference of 0.58, reaching an RMSE of
2.13 with 90% of training.
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Figure 7. Comparative analysis using the Student-mat.csv dataset based on training percentage.

5.6.2. Comparative Analysis Using Student-por.csv Dataset Based on Training Percentage

The proposed model is evaluated with other existing models using the Student-por.csv
dataset, which is depicted in Figure 8. The AcEnDNN model surpassed the Light GBM
model in forecasting student performance, displaying a remarkable error difference of 0.45
and reaching a record-low MAE of 1.30. The AcEnDNN model resulted in better predictive
performance for student performance prediction when compared to Light GBM. The model
surpassed the Light GBM model with an error difference of 0.31 and obtained a minimum
MAPE of 2.69 with 90% of training. The AcEnDNN model outperformed the Light GBM
model with an error difference of 1.74 and achieved an MSE value of 5.28 with 90% of
training, exceeding the performance of previous methods. The AcEnDNN model showed
superior performance by reaching a minimum RMSE of 2.3 with 90% of training and
surpassing the Light GBM model with an error difference of 0.35 with training percentage.

5.6.3. Comparative Analysis Using the Real-Time Dataset Based on Training Percentage

The comparative analysis of the AcEnDNN model is evaluated with other existing
models using the real-time dataset based on training percentage, which is illustrated in
Figure 9. The proposed model surpassed the Light GBM model in forecasting student
performance, displaying a remarkable error difference of 0.29 and reaching a low MAE
of 1.47. The proposed model surpassed the Light GBM model with an error difference of
1.69, obtaining a minimum MAPE of 3.29 with 90% of the training data. The AcEn-DNN
model outperformed the Light GBM model with an error difference of 1.45 and obtained
an MSE value of 5.44 with 90% training, exceeding the performance of previous methods.
The proposed AcEn-DNN model showed superior performance compared to the existing
models in forecasting student performance, surpassing the Light GBM method with an
error difference of 0.29, reaching an RMSE of 2.33 with 90% of training.
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Figure 8. Comparative analysis using the Student-por.csv dataset based on training percentage.
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Figure 9. Comparative analysis using a real-time dataset based on training percentage.
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5.6.4. Comparative Analysis Based on K-Fold Value for Student-mat.csv Dataset

The proposed AcEn-DNN model is evaluated with other existing models using the
Student-mat.csv dataset based on the K-fold value, which is illustrated in Figure 10. The
proposed model achieved a minimum MAE value of 1.28 at a 10-fold value, surpassing
other existing methods in forecasting student performance, with the Light GBM model
displaying an error difference of 0.25. The AcEn-DNN method resulted in better predictive
performance for student performance prediction when compared to Light GBM. The
proposed model surpassed the Light GBM model with an error difference of 3.13 and
obtained a minimum MAPE of 2.97 with a K-fold value of 10. The AcEn-DNN model
outperformed the Light GBM model with an error difference of 1.33 in MSE for predicting
student performance. The proposed method obtained an MSE value of 4.77 with a K-
fold value of 10. The proposed AcEn-DNN model gained a minimum RMSE of 2.18 and
surpassed the Light GBM method by an error difference of 0.29 with a K-fold value of 10.
The proposed AcEn-DNN model shows superior performance compared to all the other
existing methods for estimating student performance.

  
MAE MAPE 

  
MSE RMSE 

Figure 10. Comparative analysis based on K-fold for Student-mat.csv dataset.

5.6.5. Comparative Analysis Based on K-Fold Value Using Student-por.csv Dataset

The proposed AcEn-DNN model is compared with other existing models based on
the K-fold value using the Student-por.csv dataset, which is depicted in Figure 11. The
AcEn-DNN model reached a low MAE of 1.47 and surpassed the Light GBM model with
an error difference of 0.21. The proposed model obtained a minimum MAPE of 2.73 with a
K-fold value of 10 and surpassed the Light GBM model with an error difference of 2.45. The
AcEn-DNN model achieved a minimum MSE value of 5.65 with a K-fold value of 10 and
outperformed the Light GBM model with an error difference of 2.29 in forecasting student
performance. The AcEn-DNN model showed a lower RMSE of 2.38 with a K-fold value
surpassing the Light GBM model with an error difference of 0.44. The comparative analysis
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of the AcEn-DNN model based on the K-fold value using the Student-por.csv dataset is
illustrated in Figure 11.

 
MAE MAPE 

  
MSE RMSE 

Figure 11. Comparative analysis based on K-fold using Student-por.csv dataset.

5.6.6. Comparative Analysis Based on K-Fold Value Using Real-Time Dataset

The proposed AcEn-DNN model is compared with other existing models based on
their K-fold value using the real-time dataset, which is depicted in Figure 12. The AcEn-
DNN model reached a low MAE of 1.4 and surpassed the Light GBM model with an error
difference of 0.26. The proposed model obtained a minimum MAPE of 2.91 with a K-fold
value of 10 and surpassed the Light GBM model with an error difference of 1.72. The
AcEn-DNN model achieved a minimum MSE value of 5.7 with a K-fold value of 10 and
outperformed the Light GBM model with an error difference of 2.5 in forecasting student
performance. The AcEn-DNN model showed a low RMSE of 2.39 with a K-fold value
surpassing the Light GBM model with an error difference of 0.48.

5.7. Comparative Discussion

The existing methods compared face challenges, such as the RF classifier facing issues
due to the small dataset. The LR model finds difficulty when dealing with a large number
of features. Similarly, the SVC model also faces challenges with computational complexity.
The KNN model faces overfitting issues. The Cat Boosting model faces issues with a
long training time. Moreover, Gradient Boosting faces issues with high computational
costs while dealing with large datasets. To overcome the above-mentioned limitations,
the proposed AcEnDNN is employed in this research. The superiority of AcEnDNN is
demonstrated by its performance, being compared to a bunch of traditional machine learn-
ing algorithms. AcEnDNN outperforms the other models after evaluating against the
existing models, and hence, it emerges as the leading candidate in predictive performance
for student performance data. Its uniqueness results from AcEnDNN’s architectural inno-
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vations, which include multiple hidden layers and an ensemble of activation methods like
ReLU, tanh, sigmoid, and swish. Unlike standalone nonlinear modeling, the AcEnDNN
aggregating depth network approach can provide a complete grasp of those complicated
nonlinear relationships in the process of forecasting the performance of students. More-
over, the proposed model rectifies overfitting issues and the imbalance in data. Further,
the evaluation of diverse datasets in the proposed model improves the generalizability
of the model. Besides its capability, AcEnDNN would ensure adaptability to changing
student behaviors and learning patterns, leading to consistently higher predictive precision.
The analysis reveals that the proposed model outperforms other existing models with a
minimum error rate and less computational complexity. Table 2 represents the comparative
discussion of the AcEn-DNN model and existing methods based on training percentage
and K-fold.

  
MAE MAPE 

  
MSE RMSE 

Figure 12. Comparative analysis based on K-fold using the real-time dataset.

Table 2. Comparative discussion of the AcEnDNN model.

Model/Metric RF LR SVM KNN Cat
Boost LightGBM Haar-

MGL DNN GRU LSTM AcEnDNN

Student-
mat.csv

TP-
90%

MAE 3.30 1.90 2.87 1.79 2.28 1.80 1.52 1.46 1.41 1.31 1.28

MAPE 13.83 8.01 7.38 3.27 4.25 4.35 4.19 3.63 3.02 2.82 2.36

MSE 17.60 8.26 13.81 6.76 8.80 7.38 6.65 6.45 5.08 4.57 4.55

RMSE 4.20 2.87 3.72 2.60 2.97 2.72 2.51 2.29 2.20 2.19 2.13

K-fold
10

MAE 2.49 2.14 2.14 2.09 1.56 1.53 1.51 1.49 1.46 1.31 1.28

MAPE 8.35 8.00 7.74 6.58 6.15 6.10 5.49 5.42 3.42 3.30 2.97

MSE 7.65 7.19 6.54 6.52 6.22 6.10 5.98 5.66 5.24 4.81 4.77

RMSE 2.77 2.68 2.56 2.55 2.49 2.47 2.45 2.38 2.29 2.19 2.18
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Table 2. Cont.

Model/Metric RF LR SVM KNN Cat
Boost LightGBM Haar-

MGL DNN GRU LSTM AcEnDNN

Student-
por.csv

TP-
90%

MAE 2.9 3.13 2.54 1.98 2.37 1.75 1.68 1.57 1.32 1.3 1.30

MAPE 4.88 13.5 9.11 5.4 5.28 2.99 2.87 2.87 2.81 2.77 2.69

MSE 14.02 14.15 11.49 7.77 9.69 7.02 6.47 6.17 5.53 5.37 5.28

RMSE 3.74 3.76 3.39 2.79 3.11 2.65 2.43 2.38 2.36 2.34 2.30

K-fold
10

MAE 2.99 2.43 2.18 1.84 1.81 1.67 1.61 1.61 1.57 1.56 1.47

MAPE 9.34 8.84 8.71 8.15 6.56 5.18 4.60 4.49 4.12 3.72 2.73

MSE 15.53 9.83 9.73 9.35 8.44 7.94 7.56 7.41 7.28 5.75 5.65

RMSE 3.94 3.14 3.12 3.06 2.91 2.82 2.75 2.72 2.70 2.40 2.38

Real-
time

dataset

TP-
90%

MAE 2.27 2.11 1.80 1.79 1.76 1.76 1.71 1.66 1.50 1.48 1.47

MAPE 13.76 8.90 7.16 5.77 5.58 4.97 4.86 4.81 4.32 4.07 3.29

MSE 8.63 8.51 7.78 7.18 7.07 6.88 6.66 6.27 5.85 5.58 5.44

RMSE 2.94 2.92 2.79 2.68 2.66 2.62 2.58 2.50 2.42 2.36 2.33

K-fold
10

MAE 2.67 2.16 2.09 1.86 1.85 1.67 1.66 1.53 1.51 1.44 1.40

MAPE 9.30 8.60 8.37 7.56 6.69 4.63 4.46 3.25 3.09 3.00 2.91

MSE 11.69 9.49 9.29 8.90 8.74 8.20 7.12 6.62 6.28 6.17 5.70

RMSE 3.42 3.08 3.05 2.98 2.96 2.86 2.67 2.57 2.51 2.48 2.39

5.8. Statistical Analysis

The statistical analysis is carried out in terms of Best, Mean, and Variance for perfor-
mance metrics MAE, MAPE, MSE, and RMSE. Here, the results of the proposed AcEnDNN
model are compared with the existing methods RF, LR, SVM, KNN, Cat Boost, Light
GBM, Haar-MGL, DNN, GRU, and LSTM. Table 3 explains the statistical validation of the
proposed AcEn-DNN model compared with existing methods.

Table 3. Statistical analysis of the AcEnDNN model.

Dataset Model/Metric RF LR SVM KNN Cat
Boost LightGBM Haar-

MGL DNN GRU LSTM AcEnDNN

Student-
mat.csv

Best

MAE 3.30 3.55 2.87 3.42 3.41 2.29 2.22 2.22 2.11 1.98 1.76

MAPE 14.79 11.98 15.81 11.42 12.86 7.19 7.09 6.61 5.65 5.43 3.79

MSE 17.60 17.80 13.81 17.25 17.61 8.35 8.35 8.02 7.82 7.24 6.59

RMSE 4.20 4.22 3.72 4.15 4.20 2.89 2.80 2.71 2.67 2.58 2.57

Mean

MAE 2.82 2.86 2.40 2.84 2.83 2.03 1.92 1.84 1.77 1.67 1.55

MAPE 9.98 7.33 7.56 5.85 6.59 5.99 5.44 4.98 4.30 3.84 3.15

MSE 13.75 13.61 10.28 13.31 13.07 7.81 7.58 6.92 6.46 5.74 5.48

RMSE 3.69 3.65 3.17 3.61 3.59 2.79 2.69 2.56 2.49 2.40 2.34

Variance

MAE 0.13 0.35 0.17 0.30 0.20 0.03 0.06 0.06 0.06 0.04 0.02

MAPE 20.79 5.44 15.37 7.15 9.21 0.98 1.23 1.12 0.71 0.70 0.24

MSE 7.44 13.95 8.15 12.21 10.08 0.17 0.38 0.28 0.69 0.82 0.58

RMSE 0.14 0.27 0.21 0.27 0.20 0.01 0.01 0.02 0.03 0.02 0.03

Student-
por.csv Best

MAE 3.41 3.43 3.42 3.39 3.59 3.55 3.27 2.75 2.66 2.38 2.30

MAPE 12.68 13.50 17.50 12.77 10.60 14.90 13.99 11.66 8.40 6.93 3.89

MSE 16.61 17.29 18.81 18.14 17.27 18.11 14.28 13.72 13.59 8.41 8.33

RMSE 4.08 4.16 4.34 4.26 4.16 4.26 4.05 3.95 3.92 3.58 2.89
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Table 3. Cont.

Dataset Model/Metric RF LR SVM KNN Cat
Boost LightGBM Haar-

MGL DNN GRU LSTM AcEnDNN

Student-
por.csv

Mean

MAE 2.95 3.03 3.12 2.87 2.70 2.63 2.40 2.20 2.10 1.90 1.84

MAPE 7.31 8.86 10.54 9.32 8.31 9.88 8.80 7.05 5.25 4.79 3.18

MSE 14.23 13.76 15.18 13.40 11.94 11.99 10.44 9.50 8.70 7.17 6.73

RMSE 3.76 3.68 3.88 3.61 3.44 3.40 3.25 3.21 3.13 2.86 2.58

Variance

MAE 0.08 0.17 0.11 0.29 0.17 0.51 0.37 0.19 0.22 0.13 0.11

MAPE 10.79 6.45 24.31 7.72 4.20 22.04 17.34 9.44 3.94 2.74 0.14

MSE 5.14 9.94 8.22 17.54 5.99 19.52 11.63 7.59 7.77 1.25 1.19

RMSE 0.10 0.20 0.14 0.36 0.11 0.42 0.44 0.44 0.42 0.22 0.04

Real-
time

dataset

Best

MAE 3.55 3.54 3.53 3.41 3.37 3.33 3.23 3.06 3.06 2.76 2.68

MAPE 17.24 16.88 16.22 16.21 15.86 15.74 15.20 15.00 14.47 14.27 13.51

MSE 18.69 18.38 17.71 17.42 16.98 16.07 15.80 15.64 14.98 13.78 13.65

RMSE 4.32 4.29 4.21 4.17 4.12 4.01 3.98 3.95 3.87 3.71 3.69

Mean

MAE 2.87 2.78 2.70 2.61 2.57 2.52 2.44 2.37 2.27 2.13 1.98

MAPE 14.85 13.34 12.01 11.22 10.88 10.58 10.14 9.53 9.01 8.56 7.78

MSE 14.58 13.87 12.90 12.52 12.21 11.02 10.63 10.22 9.58 9.23 8.42

RMSE 3.79 3.69 3.56 3.50 3.45 3.28 3.22 3.16 3.06 3.00 2.87

Variance

MAE 0.25 0.24 0.32 0.27 0.27 0.26 0.23 0.22 0.24 0.20 0.20

MAPE 1.55 6.67 10.93 13.34 13.60 14.39 13.00 12.89 11.89 11.52 12.23

MSE 13.46 13.82 12.40 12.84 13.12 11.54 12.08 10.73 9.62 7.87 6.98

RMSE 0.26 0.27 0.26 0.28 0.29 0.26 0.28 0.26 0.24 0.21 0.19

5.9. Ablation Study

The proposed Activation Ensembled Deep Neural Network comprises activation
functions such as ReLU, tanh, sigmoid, and swish functions to evaluate the model using
multiple student performance datasets. The AcEnDNN model ensures flexibility to fluctu-
ating student behaviors and learning patterns, leading to a reliable, more predictive output.
The ReLU-based DNN achieved a high MSE value of 5.12 in the evaluation. The tangent-
based DNN model gained an MSE value of 5.84. The Sigmoid-based DNN achieved an
MSE value of 5.54 in simulation. The swish activation function-based DNN gained an error
value of 5.46, and the GELU-based DNN model attained a high MSE of 5.97 for student
performance prediction, which limited the model’s performance in terms of errors. More
specifically, the proposed AcEnDNN model achieved a minimum MSE of 4.55 compared
with the single activation function-based DNN models. More specifically, the activation
functions were utilized in deep neural networks to enhance nonlinearity in the model to
learn complex patterns, which led to accurate student performance prediction. Figure 13
illustrates the performance of the proposed model with a single activation function-based
deep neural network, such as ReLU-DNN, Tanh-DNN, Sigmoid-DNN, Swish-DNN, and
GELU-DNN, based on MSE metrics.

5.10. Correlation Matrix

The correlation matrix is a table containing rows and columns illustrating the corre-
lation coefficients for variables that identify the relationship between different variables
in the datasets to understand the input data. The correlation matrix contains numerous
cells that indicate the strength between variables, with numerical values ranging from
−1 to +1. Specifically, +1 represents a strong positive correlation, −1 denotes a negative
correlation, and 0 represents no correlation. Figure 14 depicts the correlation matrix of the
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proposed AcEn-DNN model based on the Student-mat.csv dataset and Student-por.csv
dataset as follows.

Figure 13. Ablation study.

5.11. Sensitivity Analysis

The sensitivity analysis for the proposed AcEnDNN model is conducted based on the
weighted parameters of the ensemble activation function in student performance prediction.
The fluctuations in the input variables affect the prediction output, which is varied based
on the learning styles, individual characteristics, missing data, and sudden changes in
student behaviors that affect the student’s performance. Significantly, the proposed model
is compared with every activation function in order to enhance the robustness and reliability
of the prediction results. The variations in the input weighted parameters for ReLU (α1),
tanh (α2), sigmoid (α3), and swish (α4) are graphically represented in Figure 15.

Student-mat.csv dataset 

Figure 14. Cont.
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Student-por.csv dataset 

Figure 14. Correlation matrix.

  

 

Figure 15. Sensitivity analysis of the AcEnDNN model based on the activation function.

5.12. Training and Testing Loss Analysis

Figure 16 illustrates the training loss curve and testing loss curve of the proposed
AcEn-DNN model, which are plotted against the number of iterations, ranging from 0 to
100. Specifically, the proposed method attained a minimum training loss value of 0.01 at
epoch 100, which explicates the efficiency of the proposed model. The testing loss curve
represents a testing loss value of 0.99 through the student performance prediction process.
Moreover, the training and testing curves reveal the efficiency of the proposed AcEn-DNN
model based on the minimum training loss and testing loss.
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Figure 16. Training and validation loss curve.

5.13. Spider Plot Analysis

Figure 17 illustrates a visual representation of the performance of the proposed
AcEnDNN model compared with other existing models based on the Student-mat.csv
dataset, Student-por.csv dataset, and real-time dataset. Further, every axis in the spider plot
denotes the performance metrics MSE, MAPE, MAE, and RMSE. The spider plots visualize
the best performance of the model utilized for early student performance prediction. More
specifically, the proposed AcEnDNN model achieved a minimum error rate in MAE of 1.28,
MAPE of 2.36, MSE of 4.55, and RMSE of 2.13 using the Student-mat.csv dataset based
on 90% training, confirming its robustness in modeling nonlinear relationships within
student data.

  
Student-mat.csv dataset Student-por.csv dataset 

 
Real-time Dataset 

Figure 17. Spider plot analysis for AcEnDNN model.
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5.14. Computational Complexity

The computational complexity of the proposed AcEnDNN model explains the total
computation time taken for student performance prediction compared with other existing
models. Figure 18 demonstrates the computational complexity of the proposed model
for numerous iterations. The proposed AcEnDNN model utilized a shorter computation
time of 228.4 s at the 100th epoch compared with other existing models, which enabled
high-speed computation with minimum errors. The execution times required for the
existing models, such as RF with 232.77 s, LR with 229.12 s, SVM with 229.28 s, KNN with
229.92 s, Cat Boost with 230 s, LightGBM with 231.7 s, Haar-MGL with 231.93 s, DNN with
232.04 s, GRU with 232.42 s, and LSTM with 232.62 s, are longer than that of the proposed
AcEnDNN model.

Figure 18. Computational complexity.

6. Conclusions
This research establishes the AcEn-DNN model for early student performance predic-

tion by integrating ensembled activation functions. The experimental results demonstrate
the superior predictive accuracy of the AcEn-DNN model compared with conventional
models. By effectively capturing nonlinear patterns, the AcEn-DNN model discharges
lower error rates, confirming its robustness and effectiveness in handling diverse student
attributes. More particularly, the proposed AcEn-DNN model achieves lower error rates,
with an MAE of 1.28, MAPE of 2.36, MSE of 4.55, and RMSE of 2.13 with the Student-
mat.csv dataset based on 90% training. In addition, the model gained minimum errors,
namely an MSE of 1.28, MAPE of 2.97, MSE of 4.77, and RMSE of 2.18, based on a K-fold
value of 10 utilizing the Student-mat.csv dataset. These findings underscore the potential
of the AcEn-DNN in facilitating early identification of at-risk students, thereby enabling
timely interventions to improve academic outcomes. Despite these promising results, this
study has certain limitations, namely the risk of overfitting, the computational demands
of the ensemble model, and the extent to which the approach could generalize to other
educational settings.

Future research work will focus on exploring hybrid deep learning architectures,
such as transformer-based models, with optimization techniques to enhance performance.
Further, pruning and quantization would facilitate deployment in real-time educational
settings. Finally, incorporating explainability mechanisms within the AcEn-DNN model
will enhance its interpretability, ensuring transparency for educators and policymakers
in decision-making processes. Overall, by advancing predictive modeling techniques,
this research paves the way for more effective student performance assessment and will
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also help high-risk students with intervention strategies, ultimately contributing to higher
educational quality.
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