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Abstract

In issues pertaining to higher education, deep learning (DL), and its
connection to educational data, it is crucial to forecast students’
success. The ability to predict a student’s success aids in choosing
courses and developing future study schedules. Apart from
forecasting children’s performance, it also assists educators and
administrators in keeping an eye on pupils, offering them support,
and incorporating training initiatives to maximize outcomes. Student
prediction has the advantage of lowering official warning flags and
removing ineffective pupils from the classroom. By helping students
select courses and study schedules that are suited for their skill levels,
prediction supports the students directly. In the proposed approach,
a methodology based on the integration of convolutional neural
network (CNN) and long short-term memory (LSTM) is proposed
to optimize students’ performance prediction systems. This study
utilized a student performance dataset from the UCI ML Repository.
[t includes information on student achievements in secondary
education from two Portuguese schools. The suggested method
overcomes the following three problems in model development:
an imbalanced dataset, a lack of feedback mechanism to enhance
the quality of learning, and an inadequate mechanism to extract the
learning patterns/relevant features to predict student performance.
The suggested system'’s effectiveness has been demonstrated by
the accuracy (98.45) and loss (0.1989) obtained to achieve the best
prediction.
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l. Introduction

One of the most important and effective factors in the
growth of the nation is education. It now lasts a life-
time rather than being a one-time occurrence. One
explanation is that people’s working life are changing
S0 quickly that they must continue to study throughout
their employment. Student performance is a crucial
aspect of the learning process. Forecasting learning
outcomes is critical for identifying learners who are
more likely to have difficulty academically in the future.
If these data are converted into knowledge, it may be
useful to improve teaching and learning quality while
also assisting students in reaching their academic
objectives. Because of the critical importance of this
issue in the growth of countries all over the world,
predicting student performance is becoming increas-
ingly important. Predicting student performance is
becoming extremely important because of its critical
importance in the overall growth of the country. The
development of a country is dependent on its educa-
tion system because it is the education system that
produces individuals capable of taking challenges that
will march the country towards growth in all aspects
of life. Additionally, the assessment of student’s
performance reflects the effectiveness of educational
establishments, which are in charge of molding future
generations to correspond with the various phases
of the lives of individuals in each nation. Early perfor-
mance evaluations of students might help them see
their strengths and shortcomings and do better on
exams. Since students encounter numerous issues
that have a detrimental impact on their entire careers,
many researchers have concentrated on creating
new methods for evaluating their academic perfor-
mance. There are many factors on which a student’s
performance depends, such as, student learning
environment, mentor support, family background of a
student, and mental state of a student.

a. Need for student performance evaluator

In a traditional classroom where the number of stu-
dents is limited, numerous characteristics of inter-
actions allow the teacher to assess an individual
student's degree of participation rather efficiently.
The rapid increase in student numbers makes it
challenging for even experienced instructors to per-
form personalized assessments. In this situation, an
automated system that precisely predicts how pupils
will perform in real-time could be useful. It would be
a valuable tool for determining when and with whom
to conduct live educational interventions, aiming to
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boost engagement, provide incentives, and support
student success. It can also assist policymakers and
school administrators in determining the best strate-
gies for improving the educational quality.

Evaluating student performance requires a lot of
physical effort, time, and correct information about
the learning atmosphere to prevent bias. As a result,
it is necessary to automate evaluating student perfor-
mance by projecting their performance considering
every factor.

Teachers and students can adjust their teach-
ing and learning processes with early student per-
formance prediction. Hence, weak individuals can
receive an early warning to improve their academic
standard. As a result, students can restructure their
study methods, producing positive outcomes.

b. Challenges in developing an early
student performance detection system

1. Presently, there is an excessive increase in the
number of students. Due to the enormous growth
in the number of students, even experienced
human instructors find it impractical to conduct
such personalized assessments of each student.

2. These days, every field generates enormous
amounts of data due to the technology devel-
opment. Since the data sizes may surpass
processing volume and storage space limitations
or evaluation capacity with standard methods,
it is difficult to acquire insight into this massive
amount of data for early student performance
prediction and to investigate the circumstances
that contributed to the failure.

3. Data imbalance exists in the datasets, increasing
the danger of model overfitting.

4. The creation and optimization of Artificial intelligence
(Al) models—that is, the use of various algorithms
to create models with improved prediction accu-
racy—has received most of the attention in the
literature on Al prediction models. Nevertheless,
there is a dearth of use of Al prediction models
that incorporate real-time feedback and provide
teachers and students with pertinent feedback to
enhance the quality of learning for students.

5. Various institutes’ approaches for predicting stu-
dent success are inadequate in comprehending
the learning patterns of their pupils, which has a
negative impact on their performance.

6. Because of distance limitations, determining how
well students succeed in virtual learning environ-
ments can be difficult.
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7. Ignorance of key aspects, analysis restrictions due to
the number of facts available, and incertitude in stu-
dent statistics are among the many of these problems.

c. Motivation

Achieving good performance is always guided by evalu-
ation. Similarly, obtaining positive results depends heavily
on the evaluation of student achievement. However, the
student’s dataset is growing so quickly that it is difficult
to get improved outcomes. The lack of proper guidance
and related problems cause a lot of students to give up
on their professions. Providing the proper guidance on
their route is essential since students are the foundation
of the future world. Many experts are working to create
a way to gauge pupils’ performance because of tech-
nological advancements. Thus, motivated by this fact,
this study focuses on developing an effective method
for the early identification of student performance. As a
result, a child’s enormous potential can be developed
and ensure their success throughout life.

d. Contribution

In this study, to optimize students’ performance pre-
diction system, a methodology based on the integra-
tion of convolutional neural network (CNN) and long
short-term memory (LSTM) is proposed to overcome
the following three problems in model development:
an imbalance dataset, a lack of feedback mechanism
to enhance the quality of learning, and an inadequate
mechanism to extract the learning patterns/relevant
features to predict student performance. The main
advantage of LSTM cells is their ability to retain long-
term information through a unique memory cell, unaf-
fected by current inputs or outputs. This helps them
learn long-term dependencies and avoid issues such as
vanishing or exploding gradients. However, CNNs are
particularly good at learning spatial organization from
the input data. Thus, by combining CNN and LSTM,
the raw data’s spatial and temporal characteristics may
be considerably extracted, increasing the accuracy of
the student performance prediction model. Additionally,
since LSTMs use feedback connections, they can pro-
cess entire sequences of data rather than just individual
data points. This capability makes them highly effective
at recognizing and predicting patterns in data. The main
contributions of this study are as follows:

(@) Handle the imbalanced dataset.

(b) Extract relevant features and hidden patterns for
model development to improve the accuracy of the
model.

(c) Improve the overall accuracy of the model.

(d) Apply a feedback mechanism to improvise
learning.

(e) Determine the performance of the model using
various evaluation metrics.

(f) Compare the suggested methodology with similar
methods such as the simple LSTM model, LSTM
with dropouts, and bidirectional LSTM.

e. Paper organization

The student performance prediction system and its
importance and challenges, along with the motivation
and contribution of this study, are briefly presented in
Section 1. Section 2 discusses the existing relevant
and related works associated with a summary table
for comparison of existing methodologies. Section 3
provides the suggested approach. The results and
discussion of the proposed method are provided in
Sections 4 and 5, respectively, and the overall work
and future work is concluded and discussed in
Section 6, respectively.

Il. Literature review

Kim et al. [1] proposed GritNet, an algorithm based
on a deep learning (DL) approach. It is built on bidi-
rectional LSTM. The proposed work takes the stu-
dent’s learning activity as input and searches the
most discriminative sequence to predict the stu-
dent’s performance. Aslam et al. [2] used a DL model
along with synthetic minority oversampling technique
(SMOTE) to resolve the dataset imbalance issue.
Deep neural network (DNN) with multiple hidden lay-
ers that updated automatically was proposed by Li
and Liu [3]. Feedforward and backpropagation were
also integrated to predict students’ performance.
Machine learning (ML) along with data preprocess-
ing technigues to remove redundant and missing val-
ues from the dataset was employed by Hussain and
Khan [4]. Ouyang et al. [5] suggested an integrated
approach of Al with an in-time feedback mecha-
nism for early prediction of student performance.
Arashpour et al. [6] proposed a hybridized approach
of Support vector machine (SVM) and Artificial Neural
Networks (ANN). Simulation of traditional ML tech-
niques and CNN over five datasets to predict stu-
dent performance was done by Mohammad et al.
[7]. An integrated approach using ANN and LSTM
was suggested by Al-azazi et al. [8]. Kukkar et al. [9]
employed LSTM network consisting of four layers
along with Random forest (RF) and GB to forecast
whether students will pass or fail. Rahul et al. [10]
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introduced a search capsule based on “Deep Auto
Encoder” (TSCNDE) to perceive the performance of
students. The study was performed by Chen et al.
[11] in which college students’ entrepreneurial com-
petency was examined using 10 characteristics that
were identified from interviews. The validity and reli-
ability of the data gathered via questionnaires were
examined, and the regression analysis verified the
efficacy of the components. The most crucial com-
ponent, according to an analytic hierarchy process
(AHP) model, is entrepreneurial knowledge, which is
followed by ability and intrinsic potential. Regression
analysis and AHP combined to evaluate and rank
the factors is new. The adoption of e-learning plat-
forms in biology education and their effects on stu-
dent performance are also examined in some stud-
ies. It was discovered that perceived utility, simplicity
of use, attitude, flexibility, and content quality signif-
icantly affect students’ desire to adopt e-learning
and increase performance using a mixed methods

Table 1: Summary of related work

Reference Dataset used

[1] Datasets of two Udacity ND ROC
programs: ND-A and ND-B

2] WOU, XAPI, UCI, and AV
student performance datasets

[3] Real data were collected from
a multidisciplinary university

[4] Dataset acquired from the

“Khyber Pakh tunkhwa Board
of Intermediate & Secondary
Education” Peshawar

accuracy, F1, and FM

5] Three different datasets Accuracy

[6] Open University dataset

7 House, WOU, XAPI, UCI, and  Accuracy
AV dataset

Evaluation metrics

Precision, recall,
F-score, and accuracy
MAE and RMSE

Accuracy and RMS

Precision, recall,

approach with structural equation modeling (SEM)
and independent sample t-tests. The main goals
of the useful suggestions made for educators and
legislators are to improve platform usability and con-
tent quality and support for a wide range of student
demands [12]. By categorizing students’ learning
styles using ML algorithms based on the Felder-
Silverman Learning Style Model (FSLSM), a work
done by Hasibuan et al. [13] tackles the difficulty of
tailoring e-learning systems. Teachers can create
personalized learning routes and modify lesson
plans with the help of predictive models. Results
from the pretests and posttests indicated that stu-
dents were more motivated and satisfied, with satis-
faction increasing from 60% to 87% when learning
styles were considered.

Table 1 summarizes the dataset used, the evalu-
ation parameters, and limitations/future scope of the
related and relevant work done in past for student’s
performance prediction.

Limitations/future scope

In future, the indirect data can be
incorporated into the GritNet.

Further validation on other large size
imbalanced datasets is required.

Reliability of the system can be improved
further by updating layers of NN

In big data environment, the DL models
need to be integrated with traditional ML
techniques. RNN model that updates
learning rate is required to maximize
precision of the prediction framework

Educational contexts such as course
subjects must be taken into account.
Sample size aspect that verifies

the empirical research results and
implications is overlooked

This study basically focused on online
mode of study, and in future, other
modes can be analyzed. Hybrid models
of TLBO optimization, ANN, and

SVM were evaluated. Evaluation and
comparison with other hybrid models

is required to achieve more reliable
predictions of academic performance

In future, the CNN model can be
squeezed to reduce CNN structures

(Continued)
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Table 1: Continued

Reference Dataset used

[8] OULAD
9] OULAD
[10] OULA dataset

precision

Precision, recall,
F1-score, and accuracy

Precision, recall,
F1-score, and accuracy

Accuracy, sensitivity,
specificity, and

Evaluation metrics Limitations/future scope

As a limitation of this study, researchers
should consider that MOOC students
generate large clickstream records, and
DL techniques require significant training
time, which can delay data processing
and evaluation of results.

With fewer data streams, the system
achieves lower accuracy, while more
data streams improve prediction
performance. In the future, data from
various institutions and study areas will
be collected to assess performance
variations. Additionally, other DL and ML
algorithms will be integrated to better
understand relationships among student
academic attributes and enhance
prediction accuracy

Limitation: It uses only a single dataset
and limited performance metrics for
predicting student performance, which
affects its overall effectiveness. To
achieve better results, more data should
be considered. Future research can
expand this work by using multiple
datasets for student performance
prediction

AV, analytics Vidhya; CNN, convolutional neural network; DL, deep learning; FM, Fowlkes-Mallows index;
MAE, mean absolute error; ML, machine learning; MOOC, MAssive Open Online Courses; ND, nanodegree;
NN, Neural Network; OULA, Open University Learning Analytics; OULAD, Open University Learning Analytics
Dataset; RMS, root mean square; RMSE, root mean square error; ROC, receiver operating characteristic;
TLBO, teaching-learning-based optimizer; UCI, University of California-Irvine; WOU, Western Ontario

University; XAPI, experience APL.

lll. Proposed method
a. Data gathering

In this study, we utilized a student performance data-
set from the UCI ML Repository. It includes informa-
tion on student achievements in secondary education
from two Portuguese schools [7]. It includes various
attributes, such as student grades, demographics,
social factors, and other features (school-related),
which were collected through questionnaires and
school reports. The dataset consists of two separate
subsets representing performance in the following
two distinct subjects: Portuguese language (por) and
Mathematics (mat). In total, the dataset comprises of
32 attributes and 649 records.

b. Checking and dealing with missing
values

The dataset is checked for missing values, and if present,
then different methods are used to deal with missing
values. In our dataset, no missing value is present.

c. Checking for class distribution ratio
and handling imbalanced data

The data are highly imbalanced, with a class distri-
bution ratio of 550:99 for the majority to the minority
class. Figure 1 shows the class distribution of the stu-
dent performance dataset.

The imbalanced class distribution leads to
a biased learning model, which results in lower
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Figure 1: Class distribution of dataset.

Table 2: Descriptive analysis
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e < ©

(TN
Count 649 649 649 649 649

Unique 2 2 8 2 2
Top GP F 17 U GT3
Frequency 423 383 179 452 457

predictive accuracy for the minority classes com-
pared to the majority classes. There are various
approaches such as oversampling and under sam-
pling to handle imbalanced data. In this study, adap-
tive synthetic sampling (ADASYN) method is used.
ADASYN is a type of oversampling technique. This
method works based on the density of minority
class instances [14]. The generation of new sam-
ples is inversely proportional to the density of minor-
ity class samples. It creates more samples in the
feature space region where the density of minority
class examples is low or none and less samples
in the high-density space. The adaptive approach
is beneficial for the model using different datasets
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°
8

Absences
G1
G2
G3
Performance

649 649 649 649 649
24 27 16 17 2
0 10 11 11 Good
244 95 103 104 550

with different class distribution ratios. In this study,
after applying ADASYN oversampling technique,
the shape of original and resample datasets is as
follows:

original dataset shape: Counter ({"good” 550,
‘bad”: 99))

Resample dataset shape Counter ({'bad’: 550,
‘good’: 550})

d. Hidden pattern recognition

To discover the hidden patterns in the dataset,
descriptive analysis is performed. Table 2 depicts the
descriptive analysis of data.
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From descriptive analysis of the dataset, the fol-
lowing conclusions can be drawn:

i. The female students are more in humber than the
male students.

ii. The family size of most of the student is >3.

iii. Most of the students belong to urban area.

iv. The frequency of G3 is near G1 and G2 where G3
is the target attribute, i.e., final grades of the stu-
dents. Additionally, G1 and G2 are the grades of
first and second periods, respectively. Thus, the
final grades correlates highly with grades of first
and second periods.

e. Integration of CNN and LSTM for
students’ performance prediction

There is a one-dimensional spatial structure to the
student data, and the CNN could be able to identify
invariant patterns that distinguish between good and
poor performance [15]. An LSTM layer may then be
used to classify this newly learned spatial feature [16].

The CNN model used comprises of the following
five layers:

Data Pre-processing

Integrated model for prediction

Checking class ‘Desc
Checking & Dealing || gstribution & handling [  foi
with missing values imbalanced data

1. The first input layer converts the sample into a (58,
32) shape vector.

2. The second is a pooling layer, also called Max-
Pooling1D. It splits the size of the convolutional
layer’s feature maps into half using a length and
stride of 2. The pooling layer produces an output
with a shape of (29, 32).

3. The third layer is a flatten layer. It enables the
processing of the output by traditional, fully con-
nected layers.

4. At last, two dense layers are used — the first dense
layer is a fully connected layer with 64 neurons
and a rectifier activation function. The last layer is
the output layer. It has three neurons for the three
categories of classes and a SoftMax activation
function.

The batch size of 32 and epochs 10, 50, 100, and
200 were used.

The embedding layer passes the combined fea-
tures to the LSTM, followed by the addition of a
one-dimensional CNN and max pooling layers. A
modest collection of 32 characteristics and a short
filter length of 3 are employed in the suggested

Figure 2: Flowchart. CNN, convolutional neural network; LSTM, long short-term memory.
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method. The feature map size is cut into half by the
pooling layer using the typical length of 2.

f. Model evaluation and comparison

The suggested model is evaluated using metrics
such accuracy, loss, and training time. To provide a
comparison, the performance of similar LSTM mod-
els such as simple LSTM, LSTM with dropouts [17],
and bidirectional LSTM [18] are also summarized
using the same dataset. Figure 2 depicts the flow-
chart of the suggested model, in which a predictive
modeling pipeline utilizes CNN and LSTM models.

Data collection comes first and then comes data
preprocessing, where missing values are filled in,
class distribution is examined, and patterns that
are concealed are found. After that, an LSTM is
used to record temporal patterns, and a CNN is
used to extract features in an integrated model for
prediction. Sequential and geographical data may
be handled efficiently with the help of CNN and
LSTM. To evaluate the model’s correctness and
performance in comparison to other models or
benchmarks, it is finally subjected to evaluation and
comparison. This procedure guarantees a thorough
approach to forecasting.

Table 3: Comparison of LSTM-based student performance prediction models

S.No Model Average accuracy  Average training time  Average loss
1 Simple LSTM 85.83 333 ms/step 0.2516
2 LSTM with dropouts 86.68 659 ms/step 0.2334
3 Bidirectional LSTM 88.69 2 s/step 0.2561
4 Proposed CNN + LSTM 98.45 183 ms/step 0.1989

CNN, convolutional neural network; LSTM, long short-term memory.

Average Accuracy

<=  Propose CNN + LSTM

n Bidirectional-LSTM

™~ LSTM with dropouts

i simple LSTM

Figure 3: Comparison of average accuracy. CNN, convolutional neural network; LSTM, long

short-term memory.
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Average Loss

< Propose CNN + LSTM

o Bidirectional-LSTM

o~ LSTM with dropouts

— simple LSTM

Figure 4: Comparison of average loss. CNN, convolutional neural network; LSTM, long short-

term memory.

IV. Results

The evaluation metrics used to evaluate the student
performance prediction model are accuracy, loss,
and training time. Table 3 shows the performance
comparison of the proposed model with a simple
LSTM model, LSTM with dropouts, and bidirectional
LSTM in terms of average accuracy, training time, and
loss for three epochs.

Figure 3 presents a graph comparing the aver-
age accuracy of the proposed model with similar
approaches and Figure 4 compares the average loss.

V. Discussions

From the above results, it can be concluded that the
results are almost at the state of the art when using
a basic LSTM with minimal adjustment. LSTM with
dropout has the intended effect on training, result-
ing in a slightly slower convergence trend and, in
this instance, a poorer accuracy at the conclusion.
Bidirectional LSTM resulted in a little better but requir-
ing a lot more training time. Neither the forward nor
the reversed order is always ideal, and using both
will still produce superior outcomes. A bidirectional

LSTM network is used in this scenario. In bidirectional
LSTM, two independent LSTM networks, one with
a forward sequence and the other with a reversed
sequence, are combined. After that, the output from
the two LSTM networks is concatenated and sent to
the network’s later layers. Finally, with the proposed
method, CNN with LSTM, attained better outcomes,
yet faster and with fewer weights.

VI. Conclusion and future scope

In this research, a methodology combining CNN and
LSTM was proposed to improve the accuracy of a
student academic prediction framework, achieving
approximately 98.45% accuracy. To further enhance
the prediction accuracy and understand the relation-
ships between different academic features and addi-
tional DL and ML algorithms will be integrated. This
could help identify critical online learning activities
that require further investigation.

This study demonstrated the effectiveness of the
DL model, with performance evaluated based on
accuracy, loss, and training time. Data imbalance was
a challenge, leading to potential overfitting, which
was mitigated using ADASYN. The proposed model
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outperformed basic LSTM models with the same
dataset. Future improvements may include updat-
ing extracted features and optimizing neural network
weights to enhance system reliability. Additionally,
data from other institutions and diverse learning envi-
ronments will be gathered to assess performance
and account for variability.
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