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Student performance prediction is employed to predict the learning performance to identify at-risk

students. However, prediction models should also consider external factors along with learning
activities, such as course duration. The student’s performance gets affected, which leads to a high  Deep Learning;
decreasing rate and meets the risk of failing to complete the course on time. To overcome these At Risk Students;
challenges, this work proposed a Sea Lion Search Optimization (SLnSO) based on the Deep Q
network (DQN) for predicting at-risk students. Here, the input data is taken from the dataset and
forwarded to the data transformation phase, which is performed by Yeo-Johnson (YJ) Deep Q Network.

transformation. Then, in the feature selection stage, the most relevant features are selected using

the Damerau-Levenshtein technique. Then, Data Augmentation (DA) is performed to increase the

dimension of the features, which is followed by the Deep Q Network (DQN) that is utilized for ~ Article History:

predicting the students at risk. Finally, by implementing the proposed SLnSO, the predicted results

will be executed by DQN. The SLnSO-DQN is the combination of both Sea Lion Optimization Received: 05 February 2025
(SLnO) and Squirrel Search Algorithm (SSA). The outcomes of the proposed model SLnSO-DQN

Data Mining;

Optimization;

L . . Revised: 15 June 2025
attain significant performance that is based on various parameters, such as Mean Absolute Error
(MAE), Mean Square Error (MSE), and Root MSE (RMSE), and also obtained better values of ~ Accepted: 04 July 2025
0.327, 0.265, and 0.514, respectively. Published: 12 August 2025

1- Introduction

Considering the field of big data with fast progress, there has been growing importance of effectual data analytic
tools like Data Mining (DM) for determining essential information by extracting the data from the dataset. DM is a
highly significant process in data analysis, as the efficiency of the process depends on the in-depth, intelligent, and most
relevant data extracted [1]. One of the subsets of DM, named Educational Data Mining (EDM), has enormous
commercial opportunities and produces effective results in the educational domain by enhancing the quality of education
provided by analyzing the learning datasets [2]. EDM is a developing transdisciplinary research area that handles the
creation of statistical and computational strategies to evaluate and investigate educational information. In practice, EDM
permits identifying the information depending on students’ learning data for endorsing and evaluating the educational
system, resulting in enhanced quality of education [3]. In recent years, there have been increasing instances of students
leaving school when forced or warned to excel academically [4].

Student performance prediction is a highly significant process in the creation and progress of any online learning
platform [5]. It estimates if the students can respond accurately to the questions in the future [6]. It further intends to
recognize the student’s learning capability or knowledge expertise [7]. An effective approach can minimize the student’s
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learning difficulties by providing tailored learning programs and reduce the energy and time of the educators by offering
instantaneous feedback [8, 9]. Multiple definitions exist for defining student performance, such as in Bin Mat et al. [10];
it can be achieved by calculating the education program and the evaluation. Nevertheless, numerous types of research
have indicated that the success of any student depends on graduating [11, 12]. A major cause for the students performing
poorly is that they have not chosen suitable programs matching their capabilities, resulting in a delay in course
completion, thus causing an enhanced cost for society, higher educational institutions, and families [4, 13].
Consequently, estimating the student’s performance is a major research area in the educational domain, with several
works addressing the issue [14-16].

Recently, student performance prediction has been carried out using various approaches, like clustering, regression,
classification, etc., among which classification is considered the most common. Classifiers, like K-nearest neighbor
(KNN), linear regression (LinR), Support Vector Machine (SVM), Artificial Neural Network (ANN), Naive Bayes
(NB), and Decision Tree (DT) have been employed for predicting student performance [17]. The statement “at-risk
students” normally points out the students who find difficulty while studying, are prone to fail in academics, or have an
increased tendency to drop out [18]. A surge in the number of “at-risk students” contributes to the rise in dropout rates
and incomplete courses, thereby leading to low education quality, impacting the concerned stakeholders such as senior
management, academic counsellors, tutors, and students [19, 20]. The above-discussed issue can be addressed by
efficient alerting strategies based on DM for identifying the indicators and utilizing them for recognizing the at-risk
students and providing them adequate support [18]. In recent years, Machine Learning (ML) has been commonly used
in different techniques [21-23] to recognize at-risk students who cannot complete their learning program on time [24,
25]. However, the application of the ML techniques approaches is limited by the smaller number of input variables [26].
The progress in deep learning has produced highly efficient predictions, owing to its dimensionality reduction and
feature extraction capabilities [9].

1-1- Motivation

Identifying at-risk students and improving academic success is very important for student performance prediction.
The early identification of at-risk students improves academic outcomes. There are many prediction methods have been
developed already, and the limitations of those methods are listed below:

¢ In many traditional methods, the identification of at-risk students is done based on internal learning behaviors,
such as attendance, assignments, and quiz scores, without considering external factors like course duration. It leads
to incomplete assessments and reduces the overall performance.

e The accuracy of some existing models depends on the feature selection techniques. The traditional feature selection
approaches may discard important features and it leads to the accuracy reduction.

o The raw data used in the existing methods contains inconsistencies, missing values and skewed distributions, which
affected the learning ability of the existing deep learning approaches.

o The traditional approaches performed well on training data and failed to generalize to new student records.

e The traditional machine learning models mainly rely on static optimization techniques and they failed to capture
the dynamic nature of student performance trends over time.

These limitations in the existing methods are considered as a motivation for developing a new model, named SLnSO-
DQN for at-risk student prediction. In the proposed SLnSO-DQN method, the course duration is considered a key
external factor in the prediction model, which permits a more holistic assessment of student performance. Also, the
feature selected is conducted by the Damerau-Levenshtein technique, which finds the most relevant features by
determining edit distances between feature values, which ensures that only the most meaningful attributes contribute to
prediction. Moreover, for better model learning, the YJ transformation is applied to normalize and standardize data,
which reduces the skewness and improves feature distribution. Furthermore, the feature diversity is enhanced by
applying the DA, which makes the approach more robust in handling various student learning patterns. Additionally, in
this research, the SLnO and SSA are hybridized for better hyperparameter tuning of DQN, which ensures adaptive and
accurate student performance predictions.

In this work, an efficient at-risk student prediction technique using SLnSO-DQN is presented. The key contribution
of the research work is given below.

e In this research, the SLnSO-based DQN is proposed for predicting the at-risk students.
e Here, the most relevant features are extracted using the Damerau-Levenshtein (DL) and the SLnSO.

e The DQN is used for the prediction of at-risk students, by which the proposed SLnSO algorithm is used for training
the DQN.

e The SLnSO is formulated by utilizing the SLnO algorithm and SSA.
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The remaining part of this paper is organized in the following manner: Section 2 presents the literature review. In
section 3, the proposed SLnSO-DQN is explained and section 4 describes the assessment of the experimental results.
Finally, the conclusion of the work is presented in section 5.

2- Literature Review

The issues of at-risk students were studied by numerous works and performance predictions; among them, only
twelve are considered in this research. Azcona et al. [27] developed an ML algorithm for automatically identifying at-
risk students in computer programming classes. Here, a predictive student model was built using static details, like
activity logs, demographics, and characteristics of each student. Further, it provided weekly predictions for the
instructors and students during the semester. This technique effectively minimizes the gap between the best and poor-
performing students. However, it failed to extract the usage patterns from more student groups. The usage pattern was
extracted from the study by Susheelamma & Ravikumar [25], in which they introduced a novel XGBoost-based
classification algorithm (PXGB) for identifying at-risk students, without relying on historical academic data. The
approach identified the student’s behaviour based on the tasks submitted and then identified the pattern. Once the pattern
was identified, the at-risk students were identified using the XGBoost classifier. This technique effectively identified
the duration of course completion with high accuracy, but it was unsuccessful in utilizing various datasets to enhance
the performance. Son & Fujita [28] utilized multiple datasets to develop a technique called Multi Adaptive Neuro-Fuzzy
Inference System with Representative Sets (MANFIS-S), aimed at addressing the challenge of predicting student
academic performance in a multi-input, multi-output (MIMO) context. This scheme utilized two learning approaches,
namely global and local. Global training was used to correct and attain a meaningful parameter subset, while the local
training employed two parameters: consequent and premise. Here, a hybrid Particle Swarm Optimization (PSO) and
gradient descent were employed for training the parameters.

Finally, classification was performed using the Fuzzy K-Nearest Neighbour. The MANFIS-S was effective in
attaining high accuracy, although it did not consider the examination of the convergence rate. He et al. [2] explored the
convergence rate by introducing a joint Recurrent Neural Network (RNN)—Gated Recurrent Unit (GRU) architecture
designed to forecast student performance. By considering the student's demographic details and interaction stream data,
the at-risk students were determined by utilizing the RNN-GRU. Further, a data completion approach was considered
for handling the missing data. This scheme has a high convergence speed, but this technique suffers from high
computational complexity. To overcome the drawback in He et al. [2], Kustitskaya et al. [29] developed a Bayesian
Network Classifier (BNC) to detect at-risk students. Here, the prediction was done by developing a Bayesian network
with the number of study weeks as the number of networks and forecasting was done every week. This methodology
effectively identified the at-risk students whose learning behaviour matched that of the failed students; however, the
BNC overestimated the chance of student failure.

Dien et al. [4] addressed this issue by devising a deep learning-based approach to forecast student performance. To
estimate academic outcomes in the subsequent semester based on prior results, they developed a prediction scheme
employing Long Short-Term Memory (LSTM) and Convolutional Neural Network (CNN) architectures on one-
dimensional (1D) data, referred to as CN1D. The technique successfully provided enhanced prediction performance,
specifically while employing data transformation. However, to determine the test data’s features, the technique of Long
Short Term Memory (LSTM) and Convolutional Neural Network (CNN) failed to gather sufficient information in the
training data. Liu et al. [9] collected sufficient training data to propose a Deep Knowledge Tracing model enhanced by
a Multiple Features Fusion Attention mechanism (MFA-DKT), aimed at estimating student performance. Here, the
exercise and student behavioural features were employed to identify the performance. The features from the online
learning platform were integrated into the knowledge tracing system, and then an ML approach was used to deal with
the features. Later, the student’s knowledge traces were identified using the RNN, and finally, the prediction was
executed using RNN and attention strategy. This technique attained high accuracy but was unsuccessful in considering
the relationship amongst knowledge notions to capture knowledge structure while predicting. Yang et al. [26] addressed
this issue by introducing a Convolutional Neural Network (CNN) model designed to identify at-risk students. To extract
behavioral features, the model considered students’ online activity patterns. The CNN was employed to predict whether
a student would pass or fail based on these extracted features. This technique produced a minimum misclassification
rate and high sensitivity, although the scheme’s performance was not enhanced by considering other variable
arrangements.

Leelaluk et al. [30] presented an Attention-Based Artificial Neural Network (Attn-ANN) for predicting students’
performance based on learning activities. This method provided better accuracy than the designed algorithms. However,
the decisions made by the Attn-ANN regarding the actual classes differed and related to another factor that was not
included in the prediction model. Mehdi & Nachouki [31] developed a Neuro-Fuzzy Model for predicting and analysing
student graduation performance in computing programs. This method produced improved and good predictive results
compared to the traditional Multi Linear Regression (MLR) technique based on a comparative analysis. Although the
model provided good predictive results, the results of academic program reviews, changes in course content, teaching
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methodology, and assessment methods caused deviations in grades that affected students' GPA. Ouyang et al. [32]
developed an Al performance prediction model using learning analytics (LA) approaches to improve student learning
effects. The Al performance prediction model obtained high effectiveness in the LA technique. However, it failed to
expand the educational contexts, course subjects, as well as sample size to test and verify the empirical research results
and implications.

Kusumawardani & Alfarozi [33] developed a Transformer Encoder Model (TEM) method for predicting student
performance from log activities. This technique provided successful enhanced performance prediction. Though the data
collection mechanism was integrated with the Learning Management System (LMS), this method cannot be applied to
all LMSs that provide a data architecture similar to OULAD. Noviandy et al. [34] established a stacked classifier, which
merges the advantages of logistic regression, Random Forest, and LightGBM for dropout risk prediction. The predictive
capability of the model was high and it achieved academic excellence early. However, the ensemble classifier required
more computational time and resources. Awedh & Mueen [35] established a hybrid Logistic Regression-K-Nearest
Neighbour (LR-KNN) scheme for improving student achievement and minimizing the number of dropouts. Here, a new
feature extraction approach, named Genetic Algorithm-optimized Latent Dirichlet Allocation (GA-LDA) was
implemented for effective feature extraction and accurate student grouping was done by Gaussian Flow Optimizer
(GFO). However, the model was trained on a limited dataset, so that overfitting issue was possible.

3- Proposed Sea Lion Search Optimization — Deep Q Network for at-risk student prediction

This section deliberates the presented SLnSO-DQN for predicting at-risk students. In any educational system,
predicting students’ performance is highly challenging, as it needs numerous details regarding the student for accurate
prediction. The developed SLnSO-DQN approach for predicting at-risk students is realized from the phases that include
data acquisition, data transformation, feature section, data augmentation, and student at-risk prediction. At first, the input
is gathered based on the student’s behaviour from the dataset, followed by the data transformation. Here, data
transformation is performed using Yeo-Johnson transformation (YJT) [36] to convert the data into a standard format for
further processing. The feature selection stage is fed by the transformed data, wherein the SLnSO algorithm chooses the
salient features, based on DL distance as the fitness. Here, the developed SLnSO algorithm is devised by modifying the
SSA [37] with respect to the SLnO [38]. After the features are selected, data augmentation is executed to enhance the
data dimensionality. Finally, the student performance prediction is computed to find at-risk students using DQN [39],
whose weights and biases are updated using the devised SLnSO algorithm. The schematic view of the developed SLnSO-
DQN for the prediction of at-risk students is shown in Figure 1. Using the SLnSO-DQN, the process of predicting at-
risk students is explained in the succeeding subsections.

Data transformation Feature selection
¢ T T T \
i .
| R Data augmentation
Input data ! Yeo-Johnson (YJ) | Damerau-Levenshtein (DL) -

| transformation : distance
1

S £

A 4

Student at-risk prediction

Sea Lion Optimization (SLnO) Proposed Sea Lion

Search Optimization :> Deep(]g)(;zt)work
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|
v

Predicted result

Squirrel Search Algorithm (SSA)

Figure 1. Schematic view of the developed SLnSO-DQN for predicting at-risk students

3-1- Data Acquisition using Student Performance Prediction Dataset

The prediction of at-risk students is carried out using the dataset P that comprises of P number of data concerning
various attributes of the students. The dataset with several attributes is represented by:

P={P,P,...,P,...B,} (1)

here, the dimension of data is u X v and P; conveys the i*"data in the database. Here various attributes of students from
the dataset include school, sex, age, address, guardian, study time, failures, absence, health and so on [40].
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3-2-Data transformation using Yeo-Johnson (YJ) transformation

P; is exposed to the data transformation procedure, which is pre-processed using YJT. Data transformations are used
to convert the raw information into a structured format to enhance the interpretability of the data. YJT is a Box-Cox
transformation (BCT) technique that can be applied to any numeric data, irrespective of data is positive or negative. YJT
is a nonparametric transformation that combines the transformations for various data into a single parameter using
smoothness criteria. The following expression gives the YJT.

%, a#*0and P, >0
In(P; + 1), a=0and P, =0

A(PI.) = _((_;i+1)2_a_1) ' (2)
Y a# 2and P; <0

In(—P; + 1), a=2and P; <0
here, a is the index parameter, A(P;) gives the YJT of the data P; and is then applied to the feature selection step.

3-3- Feature selection using the Developed Sea Lion Search Optimization (SLnSO) Algorithm

The processed data A(P;) is used for the selection of the most salient features in the input data to reduce the data
dimensionality. Here, the input data of dimension u X v is minimized to a dimension of u X w, with v > w. Feature
selection is performed using the proposed SLnSO algorithm, which is developed by changing the location of the squirrel
in SSA [37] in accordance with SLnO [38]. Among various features available in the dataset, some of the features like
school, sex, fam size, P status and guardian are selected for further processing. The feature selection process is explained
below.

3-3-1- Solution Encoding

Feature selection aims to select the salient features from the data that give an accurate representation of the data. The
pictorial illustration of the solution is solution encoding for the feature selection problem, wherein each solution
corresponds to the features. The solution encoding of the feature selection process is represented in Figure 2. Here, 1 X a
denotes the total features to be selected, 1,2,3,...., a denotes the number of features, and the corresponding index of
every feature is given inside the boxes. The most significant features are selected based on the fitness function, which
is explained in Section 3.3.2.

Index of features

Figure 2. Solution encoding

3-3-2- Fitness Function

The most salient features are selected by considering the DL distance [41] as the fitness measure. The most significant
features corresponding to the minimum DL distance, which is expressed as,

0 ifp=q=0
DLy,(p—1,q) +1 ifp>0
DLy, (p,q) = min{ DLxy(P,q =1 +1 ifq>0 3)
DLyy(p =1, = 1) + 1(x,4y,) ifpq>0
DL,y,(p —2,q—-2)+1 ifp,q>1land xp, = yg_1 and x,_1 = Y,

here, x signifies the aspirant feature and yis the target feature, pand grepresents the row and column respectively. When
p > 0 and g = 0, the corresponding candidate feature is neglected, and while p = 0 and q > 0, the candidate feature is
replaced by any random feature. If both p, g > 0, then the features are considered to be similar or dissimilar, and the
last condition indicates transposition.
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3-3-3- Proposed SLnSO Algorithm for Feature Selection

This section elucidates the introduced SLnSO algorithm for selecting the input data’s most relevant features. The
proposed SLnSO algorithm is devised by adapting the locations of the squirrel in SSA [37] as per the SLnO [38]
algorithm. The SSA is an optimization algorithm founded by considering the constantly changing foraging nature of the
southern flying squirrels, wherein the squirrels use a technique for travelling called gliding, normally utilized by tiny
mammals to cover larger distances. When the weather is warm, the squirrels glide from one tree to another and keep
changing their positions to find food. They meet their everyday energy requirements using acorn nuts that are easily
obtained. Later, they search for the optimal source of food (hickory nuts) to be saved for winter. The squirrels satisfy
their energy needs using the hickory nuts in the winter. Once the winter ends, the squirrels become active again, and the
process is carried out during the entire life of the squirrel. The SSA offers the advantage of high search space exploration;
however, it failed to determine solutions to NP-hard combinatorial optimization issues. The hunting pattern of the sea
lion is seen in the SLnO algorithm. Further, it is inspired by the prey detection process of sea lions using their whiskers.
The important stages in the sea lions’ hunting process are a) tracing and pursuing the prey utilizing their whiskers, b)
encircling the prey by inviting other sea lions into their group, and c) attacking the target. The SLnO is effective in
attaining high convergence and exploration. Hence, by merging the SSA and SLnO algorithms, the proposed SLnSO
algorithm achieves a high convergence rate. SLnSO algorithm procedures are elaborated as follows.

Step 1) Population Initialization:

The search space is initiated with a population of flying squirrels, and their position is articulated using the Equation
given below,

Zoy Zig o o Zip
ZZ,l ZZ,Z e e Zz‘b

7 = : : : : : (4)
Zer Zog e o Zep

here, ¢ denotes the number of flying squirrels, b represents the number of decision variables, Z; , designates the position
of the jt*squirrel in the k*"dimension and the initial location is given by,

Zj =Zjow + B(0,1) x (Zup - Zlow) (5)

where, B(0,1) is an arbitrary number dispersed homogeneously in the range [0,1] Z,,,, and Z,,,, indicates the upper and
lower limits of thejt" flying squirrel in the k" dimension.

Step 2) Fitness evaluation:

Once the location of the flying squirrels is initiated, the fitness of all squirrels is computed using Equation 3, wherein
the optimal solution correlates to the squirrel with minimal fitness.

Step 3) Sorting and random selection:

After computing the fitness of the squirrels, the squirrels are sequenced by considering the increasing fitness order.
The flying squirrel with low fitness is contemplated to be on a hickory nut tree, wherein three successive flying squirrels
are on acorn nut trees, and the remaining are on ordinary trees. After fulfilling their everyday energy requirements, the
squirrels present in acorn trees will move onto the hickory trees. Likewise, the ones on the ordinary trees advance to the
acorn trees to satisfy their energy requirements. In certain cases, the squirrels in normal trees with satisfied daily
requirements will advance to the hickory trees. The prevalence of predators impacts the squirrels’ food-searching
pattern, which is represented by considering the probability of predator presence Fy,..

Step 4) Produce new positions through gliding:

The flying squirrels glide to their next location based on the three scenarios discussed above. These gliding
behaviours depend on the presence of the predator. If any predator is present nearby, the squirrel makes cautious steps
toward any arbitrary location, modelled by the equation given below.

Scenario 1): In this instance, the squirrels on the acorn tree advance toward the hickory tree to collect the hickory
nuts for storage, and this behaviour is expressed as,

Zéc + ga X Ge X (Zlic - Zéc): Cl 2 qu

Zt+1 — {
ac Randomposiiton, otherwise

(6)

here, Z%. and Z[, characterize the location of the squirrel on the acorn trees and hickory nut tree respectively, t is the
present iteration, C; represents the random number in the range [0,1], g, is the gliding distance and Gc denotes the
gliding constant with value 1.9.
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Scenario 2): Here, the movement of the squirrels to the acorn trees from normal trees to satisfy their everyday energy
requirements. The location of the squirrels is upgraded using Equation 7.

Zt+1 — {Zrtwr + ga X Ge X (Zttzc - war)' CZ = qu
Randomposiiton, otherwise

(7

nor

where, Z%,, designates the location of squirrels on normal trees and C, is the arbitrary number with values between 0
and 1.

Now consider, Zjst = Z(t + 1), Zpor = Z(t), and Z,; = Z,(t), and for C, > P, then we get,

ZE+ 1) =Z() + g X Ge X (Za.(t) — Z(1)) (8)
Zt+ 1) =Z(t)+ gg X Gc X Zye(t) — gg X Ge X Z(t) 9)
Zt+ 1) =Z(t)(1 — gg X Gc) + gg X Ge X Z,.(t) (10)

From the SLnO [38] algorithm, the encircling behaviour of the sea lions while chasing and hunting a bait of fish is
given by,

St +1) = [V() = $,(t)| cos(2mz) + V(1) 11
here, l7(t) and S, 1 (t)designates the location of the victim and sea lion, respectively and Z denotes a random number with

values in [—1,1]. Assuming, V() > §z 0, §z (t+1)=2Zt+1), V(@) = V(t)andfl (t) = Z(t), the above expression
can be rephrased as,

Zt+ 1) =(V() = Z()) cos(2mz) + V(t) (12)

Z(t+ 1) =V(t) cos(2nz) — Z(t) cos(2mz) + V(t) (13)

Z(t+ 1) =V(t)(cos(2rz) + 1) — Z(t) cos(2mz) (14)

_ V() (cos(2mz)+1)-Z(t+1)
Z(t) - cos(2mz) (15)
Substituting Equation 15 in Equation 10,
V(t)(cos(2mz)+1)-Z(t+1)

Z(t+1) = ( e ) (1= ga X Ge) + gg X G X Za(t) (16)
Z(t+1)(1-ggxGe) _ (V(t)(cos(2mz)+1) _

Z(t+1) + HE2IE00 (e — ) (1= gu X GE) + gq X G X Zac(8) (17)

Z(t+1)(cos(2nz)+1-ggxGc) _ V(t)(cos(2mz)+1)(1—gaXGe)+gaXGeXZac(t) Xcos(2mz) (18)
cos(2mz) - cos(2mz)

Z(t + 1) _ V(t)(1-ggxGe)(cos(2mz)+1)+ggxGeXZg(t) Xcos(2mz) (19)

(cos(2mz)+1-ggxGc)

The location and movement of the flying squirrel from the normal tree to the acorn tree is represented in the above
equation

Scenario 3): Here, the squirrels on the normal tree approach the hickory nut tree, as they have already fed on the
acorn nuts. The position is updated with the help of the equation given below,
{Zflor + ggq X Ge X (Z;I.C - Zrtlor)v C3 = qu

Zt+ 1 _
Randomposiiton, otherwise

nor —

(20)

here, C; represents the random number with a value between 0 and 1and the value of F,.is set as 0.1 in all scenarios.

The gliding distance g, is expressed as,

ga = 72 Q1)

- tan 6
here, g, represents the height loss after gliding, and 8 indicates the steady state glide angle expressed as,
6 = arctan (lf ) (22)

dg
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where, [fdenotes the lift and dg is the drag encountered by the squirrel while gliding. The total of the drag and lift
results in an output force with a magnitude equal to and direction opposite to the weight of the squirrel W. The lift [f
and the drag dg are expressed as follows.

_ 1
" 2ps2Adc

(23)

_ 1
" 2ps2ALc

If (24)

here, p indicates the density of air with value 1.204 kgm™3, A denotes the surface area of the body having value
154 cm?, s represents the speed and has a value of 5.25 ms™?! and Lc and dc designates the coefficient of lift and
frictional drag, respectively.

Step 5) Evaluate seasonal monitoring criteria:

The squirrels' foraging pattern varies with seasons, as in winter seasons, they become less active. They also tend to
lose energy because of the heat loss in winter, and further, they are prone to attacks due to tree cover loss. Once the
winter ends, they become active and start foraging. Hence, a seasonal monitoring criterion is required for the algorithm
to avoid local optima. A seasonal constant Z,. is employed for seasonal monitoring and is expressed as,

2
RS \/Z?zl(zctlt,i — Zneyi) (25)

here, t = 1,2,3.

Seasonal monitoring is performed by checking the condition Z, < Z;;,,, with Z,,,;,, indicating the minimum seasonal
constant value, expressed by,

7 105—?
(A (26)
(365)(ﬁ)mi

n

wherein, T epitomizes the maximal iteration. The value of Z,,;,, impact the exploration and exploitation capabilities.

The seasonal monitoring criterion is checked, and if it is true, then the squirrels are located randomly in the forest to
start exploration again.

Step 6) Relocation at winter end:

When the winter season ends, the flying squirrels become active again. The squirrels which have managed to survive
start foraging for food. This behaviour can be represented as,

Z_’rllgy = Zjow + Levy(c) X (Zup - Zlow) (27)

here, Levy(c) indicates the levy flight function, which is used to determine the new solutions from the present optimal
solution. The levy flight function is computed using the following expression.

Levy(c) = 0.01 x =& (28)

[ma|X

here, m; and m, represent two arbitrary numbers randomly distributed in the range [0,1] and y is a constant having a
value of 1.5 and £ is given by,

_ 1"(1+)()xsin("2—x) (29)
’ <(—><—>>

where, I'(r) = (r — 1)\

Xl

Step 7) Termination:

The procedure explained above is reiterated until the maximal iteration counts are reached. Using algorithm 1, the
pseudo-code of the devised SLnSO algorithm is displayed:
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Algorithm 1. Pseudocode of the presented SLnSO algorithm

1 Input : T, ¢, b, qu , Gc, Zup and Z,,

2 output: Z,,

3 Begin

4 Initiate the population of squirrels using equation (5)

5 Determine the fitness of the squirrels with equation (3)

6 Sort the squirrels based on their fitness values in increasing order

7 Determine the squirrels on hickory, normal and acorn trees.

9 while (7 <T)do

10 For t==1201(clis the count of flying squirrels in acorn tree)

11 Update location using equation (6)

12 Endfor

13 Forl=1IC2(Czis the count of flying squirrels in a normal tree which
move to the acorn trees)

14 If(C2 >Pq,_)then

15 Update location using equation (19)

16 Else

17 Update location to any random location

18 Endif

19 Endfor

20 Forl=1IC3(C3is the count of flying squirrels in normal trees which
move to the hickory trees)

21 Update location using equation (20)

22 Endfor

23 Compute seasonal constant Zcusing equation (25)

24 1£(Z, < Z,,) then

25 Update location using equation (27)

26 Endif

27 Update value of .me with equation (26)

28 End while

29 The optimal solution corresponds to the location of the squirrel at the hickory

tree
30 End

Thus, the proposed SLnSO algorithm effectively selects the better features in the input data, where the features are
selected and expressed as F and have a dimension of u X w. The integration of the SSA with SLnO effectively enhanced
the convergence speed and has attained an enhanced exploration. Then the features are applied to the data augmentation
phase.

3-4-Data Augmentation using Bootstrapping

The feature selected F is then subjected to the data augmentation process to increase the sample count in the features
to enhance the classifier’s effectiveness. Here, bootstrapping [42] is employed for performing data augmentation.
Bootstrapping is a re-sampling technique used to create pseudo data for dramatically increasing the training of the DQN.
Bootstrap is highly needed to avoid the problem of overfitting in the DQN. The input features are separated into
numerous groups, and each group’s standard deviation and mean are computed to attain the pseudo data. A normal
distribution generates the pseudo-code randomly based on the standard deviation and mean computed. The augmented
data thus generated is indicated by D and has a size of x X w, with x > u, and this data is fed to the DQN for prediction.

3-5- Performance Prediction to Find At Risk Students using Data Q Network

The augmented data D is fed as the input of the DQN [39], which predicts the at-risk students. The DQN is used to
identify the students who are susceptible to failure in the upcoming examinations and who need additional assistance in
learning. The DQN utilizes a Q function to estimate the active value function. DQN is highly capable of identifying
features in a high-dimensional space, and it offers the benefit of high generalization. Figure 3 displays the structure of
the DQN. The input, convolutional, dropout, flattened and dense layers are the numerous layers encompassed by the
DQN. DQN is effective in handling instability issues while carrying out reinforcement learning. To tackle these
problems, DQN employs a technique called experience replay, by storing the experience of the agent f; =
(St;, e;, n;, St;q) at every step i in the replay memory E = {o04,....,,0;}. Here, e denotes the reward, St; and St;
indicates the state observations. While learning is performed, the experiences (S ti,e,n;,S tj+1) are acquired from the
memory. The loss function given below is employed to update the Q-learning,
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2
Ki(p) = E (n +AmaxU(St, e’ o) — U(St, e; <pk)) (30)
e

where, @, and @}, refers to the Q-network parameters in the k" iteration, A designates the reward factor, employed to
estimate the target, hj = n+ Amax,/U (St’,e’; ¢ ) in the k'™ iteration. The term n + Amaxﬁ(St’ e'; pr) —
U(St, e; ¢y ) denotes the Temporal Difference (TD) error, which affects the stability of convergence. To overcome this,
DOQN uses a neural fitted Q technique with the parameter ¢ in the output n + Amax,r i (St',e’; @) considered as fitted

n + Amax, ] (St',e’; @ 7) at a specific time. The network parameters ? are updated, once the Q-function is learned.
The output thus predlcted by the DQN is specified as M, which identifies the at-risk students

Jm—————— NLESES! Ix5x1 1x3x32 Ix1x64 Ix1x64
r -
: Augmented |
i data D > > > >
\‘ -------- ’ -
R 1x100 m 1x64
r
: Predicted <
. output M B
|8 N
. Input layer . Flatten layer
. Convolutional layers EJ Dense layers
. Dropout layer

Figure 3. Architecture of DQN

3-5-1- Devised SLnSO Algorithm for Training DON

The proposed SLnSO algorithm adjusts the weights and bias of DQN. Section 3.3.3 already elaborates SLnSO
algorithm. However, the fitness function considered here is calculated based on the Mean Square Error (MSE), given
by,

sE = Bty )’ G
n

wherein, M and M* represent the actual and target output of the DQN, and 1 represents the number of samples.

4- Results and Discussion

From the results, the experimental outputs of the SLnSO-DQN for predicting the at-risk students is discussed.
Furthermore, the experimental setup, dataset, evaluation measures, technique, and algorithm assessment are presented
in detail.

4-1- Experimental Set-Up

By using Python on a PC with an Intel core i-3 processor, 2GB RAM, and Windows 10 OS, the experimentation of
the SLnSO-DQN at-risk predictions are conducted.

4-2- Dataset Description

The dataset utilized for experimentation is the Student performance dataset [40], which contains information
regarding students’ achievement in two Portuguese schools’ secondary education. The information in the dataset was
gathered with the help of questionnaires and reports. Further, various attributes, such as school-related, social,
demographic features and students’ grades, are present in the dataset. Further, it includes the students’ performance in
two subjects, Portuguese and Mathematics. The data is contained in two files in .csv format and has a total of 30
attributes, and the performance is graded using three grades G1, G2, and G3 (see Table 1).
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Table 1. Dataset

Dataset name Available attributes Selected attributes

School, Sex, Age, Address, Fam size, P status, Medu, Fedu, Mother’s job,
Student Performance Father’s job, Reason, Guardian, Travel time, Study time, Failures, Schools up, School, Sex, Fam size, P
Prediction Dataset Famsup, Paid, Activities, Nursery, Higher, Internet, Romantic, Fam rel, Free time, status and Guardian
Go out, Dalc, Walc, Health and Absences.

4-3- Evaluation Measures

The metrics, such as MSE, RMSE, and MAE are considered for experimental analysis to determine the efficiency of
the developed SLnSO-DQN for at-risk student prediction. The evaluation metrics are shortly detailed below.

MSE: The square of the error between the original and the target outputs is given by MSE and found using Equation
31. MSE is the measure of the closeness of the projected output to the actual output.

RMSE: RMSE is computed by taking the square root of MSE, and is computed by the following expression.

. 2
RMSE = MSE = M—Y'MY) (32)
n

MAE: MAE is used to quantify the absolute error between the projected and the targeted output and is calculated by:

MSE =3 _,|M, — M, (33)

4-4- Comparative Techniques

An empirical study is carried out to evaluate the efficiency of the presented SLnSO-DQN at-risk student prediction
technique based on several metrics. In addition, the conventional approaches to student performance prediction, such as
ML [27], RNN-GRU [2], Deep Learning (DL) [4], CNN [26], Stacked classifier [34], LR-KNN [35], Decision Trees
[17], Random Forest [34] and Deep Neural Network (DNN) [43] are considered to examine the efficacy of the developed
technique.

4-5- Comparative Assessment

The valuation of the proposed SLnSO-DQN technique for at-risk student prediction is investigated using measures
like MSE, RMSE, and MAE, considering k-fold and training data that are described in the section.

o Assessment using k-fold

The evaluation considering the k-fold is displayed in Figure 4. Figure 4-a) depicts the evaluation of MSE by varying
the k-fold. With a k-fold of 7, the methods, such as ML, RNN-GRU, Stacked classifier, DL, LR-KNN, Decision Trees,
CNN, Random Forest, DNN, and SLnSO-DQN attained an MSE of 0.954, 0.714, 0.688, 0.446, 0.398, 0.288, 0.260,
0.246, 0.240, and 0.238. Figure 4-b) exhibits the RMSE-based assessment. When a k-fold value of 6 is taken, the RMSE
value calculated is 0.978 for ML, 0.841 for RNN-GRU, 0.858 for Stacked classifier, 0.665 for DL, 0.639 for LR-KNN,
0.554 for Decision Trees, 0.526 for CNN, 0.498 for Random Forest, 0.492 for DNN, and 0.486 for the SLnSO-DQN. In
Figure 4-c), the analysis considering MAE is presented. The value of MAE measured by various students’ performance
prediction approaches, like ML is 0.869, RNN-GRU is 0.713, Stacked classifier is 0.537, DL is 0.475, LR-KNN is 0.426,
Decision Trees is 0.418, CNN is 0.409, Random Forest is 0.326, DNN is 0.316, and SLnSO-DQN is 0.285 for K-Fold=8.
From this evaluation, it is clear that the proposed SLnSO-DQN model consistently achieves the lowest error rates for
MSE, RMSE, and MAE and outperforms ML, RNN-GRU, Stacked classifier, DL, LR-KNN, Decision Trees, CNN,
Random Forest, and DNN. In the proposed model, the SLnSO is developed to train the DQN to achieve these better
results.

o Assessment based on training data

In Figure 5, the comparative assessment of different training data values is depicted. The analysis of MSE is displayed
using Figure 5-a). The value of MSE calculated for 80% training data is 0.924 for ML, 0.731 for RNN-GRU, 0.548 for
Stacked classifier, 0.457 for DL, 0.327 for LR-KNN, 0.300 for Decision Trees, 0.291 for CNN, 0.259 for Random
Forest, 0.254 for DNN, and 0.244 for the SLnSO-DQN. Figure 5-b) portrays the evaluation by changing the training
data. The conventional techniques, such as ML, RNN-GRU, Stacked classifier, DL, LR-KNN, Decision Trees, CNN,
Random Forest, DNN estimated RMSE of 0.957, 0.854, 0.719, 0.675, 0.557, 0.526, 0.511, 0.506, and 0.500 with 90%
training data, whereas the SLnSO-DQN gauged a lower value of RMSE at 0.493. In Figure 5-c), the analysis of MAE
is displayed. The various schemes, like ML, RNN-GRU, Stacked classifier, DL, LR-KNN, Decision Trees, CNN,
Random Forest, DNN, and SLnSO-DQN, achieved MAE of 0.876, 0.767, 0.648, 0.511, 0.458, 0.439, 0.388, 0.369,
0.348, and 0.307, correspondingly, for 70% of training data. The SLnSO-DQN effectively captures hidden patterns in
student performance data, which leads to consistently lower MSE, RMSE, and MAE across different training sizes.
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Also, the SLnSO-DQN maintains stable performance even with changes in training data proportions, which makes it a
reliable choice for early student dropout prediction and academic success forecasting.
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4-6- Algorithmic Assessment

The performance of the SLnSO is examined by comparing it with various algorithms, like Water Cycle
Algorithm [44], SailFish Optimizer Algorithm (SFOA) [45], Jaya [46], SLnO [38], Genetic Algorithm (GA) [47],
SSA [37], and Particle Swarm Optimization (PSO) [48], considering various metrics by varying the population size.
In Figure 6-a), the analysis is portrayed based on MSE. The MSE values computed by the WCA+DQN,
SFOA+DQN, Jaya+DQN, SLnO+DQN, GA+DQN, SSA+DQN, PSO+DQN and SLnSO+DQN is 0.569, 0.521,
0.496, 0.471, 0.458, 0.448, 0.426, and 0.417, respectively with a population size of 20. Figure 6-b) depicts the
assessment of RMSE. With a population size of 15, the RMSE value attained is 0.757 for WCA+DQN, 0.726 for
SFOA+DQN, 0.708 for Jaya+DQN, 0.692 for SLnO+DQN, 0.682 for GA+DQN, 0.677 for SSA+DQN, 0.660 for
PSO+DQN and 0.653 for SLnSO+DQN. Figure 6-c) displays the assessment of MAE. The value of MAE achieved
by WCA+DQN is 0.769, SFOA+DQN is 0.748, Jaya+DQN is 0.721, SLnO+DQN is 0.709, GA+DQN is 0.698,
SSA+DQN is 0.687, PSO+DQN is 0.677, and the SLnSO+DQN is 0.668 with population size 10. Here, the SLnSO
combines SLnO and SSA, which leads to more effective hyperparameter tuning and reduced error values across all
metrics. Also, the hybrid SLnSO+DQN model adapts to different population sizes, which maintains stability in
error minimization across MSE, RMSE, and MAE.

—e— WCA+DQN P> Jaya+DQN -~ GA+DQN  —— PSO+DQN —e— WCA+DQN > Jaya+DQN  =f~ GA+DQN  —— PSO+DQN
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Figure 6. Analysis of the SLnSO based on a) MSE, b) RMSE, and ¢c) MAE

4-7- Comparative Discussion

This section explains the comparative discussion of the SLnSO-DQN for at-risk student prediction. The SLnSO-
DOQN is scrutinized for its efficacy in view of various metrics that include MSE, RMSE and MAE, based on different
training data values and k-fold, which is displayed in Table 2. The values listed in the table correlate to a k-fold of 9,
and the training data is 90%. This is detected from the table that the proposed SLnSO-DQN achieved a minimal value
of MSE, RMSE and MAE of 0.265, 0.514, and 0.327, respectively. The low value of MSE is accounted for by the
utilization of the SLnSO for feature selection, resulting in reduced RMSE. The usage of DQN for predicting at-risk
students effectively minimized the MAE.
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Table 2. Comparative discussion of the SLnSO-DQN for at-risk student prediction

Variations ~ Metrics ~ ML ~ RNN-GRU 5;‘:5‘;; DL LRKNN P ;cr’:;;’” CNN lef;':’e”s't” DNN SZ”QSI\? -
MSE 0967  0.836 0757 0523 0437 0328 0279 0272 0.269 0.265
K-fold MAE 0896 0818 0747 0545 0477 0458 0390  0.366 0.358 0.327
RMSE 0983 0915 0870 0723 0.661 0573 0528 0521 0.518 0.514
MSE 0956  0.794 0.658  0.627  0.598 0568 0506 0477 0.458 0.439
Trg;‘;;ng MAE 0881 0.855 0.837 0818  0.809 0.788  0.740 0.729 0.709 0.671
RMSE 0978  0.891 0811 0792 0773 0754 0711 0.690 0.677 0.662

In Table 3, the comparison of the SLnSO is displayed. The algorithmic assessment is carried out using various
metrics, like MSE, RMSE and MAE, considering different population sizes.

Table 3. Comparative discussion of the SLnSO

Metrics WCA+DON  SFOA+DON  Jaya+DON  SLnO+DON  GA+DON  SSA+DON  PSO+DON  SLnSO+DON

MSE 0.586 0.547 0.516 0.497 0.488 0.475 0.458 0.439
MAE 0.779 0.759 0.727 0.716 0.708 0.698 0.685 0.671
RMSE 0.765 0.739 0.718 0.705 0.698 0.690 0.677 0.662

5- Conclusion

The increasing trend of online education has made it crucial to ensure students successfully complete their courses
on time. Early finding of at-risk students plays a crucial role in offering timely interventions and support. This paper
proposes an effective technique for predicting at-risk students, named SLnSO-DQN. The at-risk students are identified
by considering various attributes such as demographic, social, and school-related features along with the student grade.
Here, the SLnSO is utilized for selecting the salient features in the input data based on the DL distance as fitness. Further,
the at-risk students are predicted by using the DQN, which is trained using the SLnSO. The effectiveness of the SLnSO-
DQN shows a minimum value of MSE at 0.265, RMSE at 0.514, and MAE at 0.327. The proposed model is used to
help educational institutions find at-risk students early, which enables timely interventions such as personalized
academic support, counselling, and mentoring programs. Also, it helps educators to continuously track students’
progress, and learning difficulties detection, and modify the teaching methodologies accordingly. However, the required
computational requirements of the model are increased when using large-scale data. It limits the effectiveness of the
proposed model in real-time applications. Also, in this research, the evaluation is conducted using a single dataset, and
the applicability of the model in different institutions with varying educational structures and grading systems is not
considered. These limitations will be considered in the further extension of this work. To improve the overall
performance of the model, the evaluation will be conducted across multiple educational institutions. Additionally, other
augmentation methods, such as the Synthetic Minority Over-sampling Technique (SMOTE) and generative Adversarial
Network (GAN)-based approaches, are combined with bootstrapping to better maintain real correlations in the further
extension of this work.
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