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Abstract—Accurate prediction of student academic
performance is essential for enabling timely and effective
educational interventions. Many existing prediction approaches
focus either on academic outcomes or behavioral trends, without
fully capturing the interaction between spatial performance
indicators and their temporal evolution. To address this limitation,
this study proposes a hybrid deep learning model that integrates
spatio-temporal information for forecasting student achievement
in higher education. The proposed framework combines a
Convolutional Neural Network (CNN) to extract spatial features
from normalized academic performance data with a Long Short-
Term Memory (LSTM) network to model temporal patterns in
student behavioral attributes, such as attendance and
participation. In addition, FOX optimization is applied to
adaptively tune the learning rate, improving training stability and
predictive performance. The model is evaluated using student
academic and behavioral datasets, and its performance is
compared with commonly used baseline models. Experimental
results show that the proposed CNN-LSTM approach achieves an
accuracy of 97.18 per cent, outperforming standalone LSTM and
Support Vector Machine (SVM) models. Furthermore, the model
effectively classifies students into low, medium, and high academic
risk categories, supporting early identification of at-risk students
and facilitating timely intervention in higher education
environments.

Keywords—Hybrid deep learning; CNN; LSTM; student
performance; FOX optimization

L INTRODUCTION

Student success prediction has become an important topic in
contemporary education, as it enables early identification of
students who may be at risk of academic failure and supports
timely and targeted interventions [1]. With the increasing
availability of educational data, several predictive models have
been proposed to analyze student performance and guide
academic decision-making. However, most traditional
prediction approaches rely primarily on academic achievement
indicators, while important behavioral factors such as
attendance, participation, and engagement with leaming
activities are often neglected [2],[5]. This limitation reduces the
ability of existing models to fully represent the complex nature
of student learning behavior [3].

In addition, student performance is inherently dynamic and
evolves, influenced by changes in learning behavior, academic
workload, and progression across courses or semesters. Many
conventional models fail to capture this dynamic nature, as they
focus mainly on static features and ignore temporal information

related to student behavior and performance [6],[7]. Although
some machine learning techniques have shown satisfactory
results, they do not adequately model the time-based evolution
of student data, which restricts their effectiveness in supporting
early educational interventions [7].

To address temporal dependencies, recurrent neural
networks, particularly Long Short-Term Memory (LSTM)
models, have been widely adopted for sequential prediction
tasks in educational data [8], [36]. While LSTM-based
approaches are effective in modeling temporal patterns, they are
not designed to capture spatial relationships among academic
and behavioral features [9]. Conversely, Convolutional Neural
Networks (CNNs) have been successfully applied to extract
spatial patterns from educational data, such as correlations
among performance indicators and behavioral attributes [10].
However, CNN-based models lack the capability to model the
temporal variation of student behavior and academic progress
[10]. As a result, existing approaches that consider either spatial
or temporal aspects in isolation are insufficient for accurately
predicting student performance in real-world educational
settings [11].

Motivated by these limitations, this study addresses the
problem of developing a unified framework that can jointly
model both spatial and temporal characteristics of student data
[4]. The main objective of this research is to forecast student
academic performance using a hybrid deep learning model that
integrates CNN and LSTM architectures [ 12],[13]. Specifically,
the proposed framework utilizes normalized academic
achievement data and standardized behavioral observations
collected across multiple time points. CNN is employed to
extract spatial patterns related to academic performance and
student behavior, while LSTM networks are used to capture the
temporal dynamics of these patterns over time [12], [13]. By
combiningthe complementary strengths of CNNand LSTM, the
proposed approach aims to improve prediction accuracy, enable
more responsive classification of students into low-, medium-,
and high-risk categories, and support timely, data-driven
interventions for students who are struggling or at risk of
dropout [14], [15].

Although the proposed framework is evaluated using higher
education data, it is designed to be flexible and extensible to
different academic environments. Structured institutional
features—such as credit-based course systems, GPA and CGPA
assessment schemes, prerequisite constraints, and semester-
based progression policies—can be incorporated into the hybrid
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CNN-LSTM model. In this extended setting, semester-to-
semester academic progression and credit accumulation are
modeled as temporal sequences, while grade and credit
distributions are treated as spatial features, enabling early
detection of academic risk in both undergraduate and
postgraduate programs.

The remainder of this study is organized as follows:
Sectionll reviews related work and discusses existing
approaches and their limitations. It presents the problem
formulation and highlights the research gap addressed in this
study. Section Il describes the proposed hybrid CNN-LSTM
methodology for student performance prediction. Section IV
introduces the FOX optimization technique and its role in
improving model performance. Experimental results are
presented in Section V, followed by a discussion in Section VL
Finally, Section VII concludes the study and outlines directions
for future research.

II. RELATED WORKS

Shou et al. [16] have emphasized how internet usage
behavior strongly reflectsstudent performance, anditis showing
how the digital traces will promise to predict the performance.
The application of deep learning techniques under the use of
convolutional architectures has been used to automatically
acquire important learning features, with the potential of being
better than the previous handcrafted features. Combining multi-
source behavioral, demographic, and test data and combining
them with hybrid deep learninghas been foundto perform better
in estimating the results of students and providing an
opportunity to intervene early. A study conducted by Liu et al.
[17] showed that internet behaviors could be effectively applied
in determining vulnerable students, and this proves the effect of
behavior data in determining performance forecasts. CNN
structures have been utilized to learn advanced learning
characteristics automatically with reduced dependence on
features handcrafting. Nafea et al. [18] discussed sensor-based
solutions to human activity detection and the suitability of
wearable sensors in the detection of motion dynamics. Hybrid
networks, which combine CNN with RNN, have been shown to
performbetter asthey can capture the spaceand time dimensions
of the activities. Follow-up models have been centered on
learningmulti-resolution features and the optimal representation
of data, and high levels of performance have been reached on
standard HAR datasets. Xu et al. [19] studied classroom video
analysis as an indicator of teacher behaviors and student
interactions in classrooms and showed the utility of automated
identification in the classroom. In this instance, deep learning
techniques, specifically CNN, have been used to identify spatial
characteristics of classroom interaction and do it correctly.

Yagcietal. [20] explored the use of ML models to forecast
achievement in education and have shown that test results can
be reliable predictors of academic performance. All of them
have been extensively applied to educational prediction
problems due to their high classification performance. Zheng et
al. [21] pinpointed the role of personal effectiveness in the
outcomes of learners, which is of high predictability in learning
environments. Scholarly studies have found that intrinsic and
extrinsic motivators are potent in the participation and
persistence of learning activities. As Nabil et al. [22]
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emphasized the use of deep learning to forecast achievement in
higher education was discovered to be more efficient than the
traditional models to predict at-risk kids. Havingless precise but
more explainable results than neural networks, they were
commonly used in learning-based data mining. Early academic
prediction has also been done using logistic regression and
support vector classifiers, butin a linearand less flexible way.
In managing the class imbalance, SMOTE and ADASYN
resampling techniques have been proposed to strengthen
classifiers. Katagiri et al. [23] emphasized how early motor
skills serve as predictors of future academic and psychosocial
success, thereby making them worthy of use as indicators of
educational adjustment. It has beendemonstrated that fine motor
developmentis what facilitates early literacy and numeracy by
optimizing the efficiency of tasks and participation in the
classroom. Social interaction and regulation of emotions
associated with Gross motor skills have been attributed to affect
peer relationships and happiness.

Cagliero etal. [24] elaborated on the interpretability of early
prediction models of student performance, and the interpretable
classifiers may be usefulin a specific intervention. Associative
classifiers have rule-based explanations that enable the teacher
to audit the model output and exhibit usable inferences.
According to the meta-analysis done by Madigan et al. [25],
student burnout is strongly negatively related to academic
performance, with the leastefficacy. Repeated fatigue research
has proved that chronic fatigue impairs concentration and
learning capacity. The model of predicting the success of the
online courses in terms of the students is the development of the
artificial intelligence-based model by Jiao et al. [26], where the
focus was made on the combination of the data on the learning
process and summative measures. To drive predictive models to
optimality, evolutionary computation algorithms have beenused
to achieve competitive accuracy with respect to benchmark
machine learning. Research has collected evidence that active
involvement, knowledge gained and test results were better
predictors of learning as compared to prerequisite knowledge.
Martin et al. [27] emphasized the predictive role of grit to
academic performance, especially through persistence of effort
asan enabler of self-driven learningpatterns. The empirical data
indicate that individual performance and internal drive have a
significant impact on determining the GPA of students because
it influences the sense of confidence and endurance in learning,
The relationship between grit and performance is mediated by
cognitive strategy exploitation and self-regulation.

Heppt et al. [28] have pointed out the predictive significance
of books-at-home measures on student academic performance,
especially in the area of language comprehension. The trend of
consistency in findings has been that print access boosts literacy
development and moderates the effects of socioeconomic status
on achievement. Home literacy environment, as reported by
parents, typically compares better with self-reported ones of
students and is more correlated with academic outcomes. The
researchers also indicate that reading traditional print materials,
including books by parents, leads to increased development of
language as compared to using computer materials like e-books.
Xiong et al. [29] also indicated that there are two-way
relationships between parent involvement and higher education
performance of adolescents, which indicate how the measure of
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student achievement can actually mediate parenting. Studies
have continually indicated that parental engagement does have
a positive relationship with increased student engagement,
student motivation, and higher education success. The
relationship between family involvement and the learning
outcomes has also proved to be mediated by academic
engagement, especially behavioral engagement. It is further
implied that these relations may not be gender similar in terms
of their force and direction, as they may have variation in
mediation effects between girls and boys. Comprehensively,
parental involvement is a strong but multifaceted factor in the
academic performance of adolescents. Al-Abyadh et al. [30]
have pointed out the decisive role played by personal
effectiveness and personal organization to academic success of
students, in that they stressed theinterdependent roles of bothon
learning success. It has also been indicated in research that
students with personal organization skill can plan, monitor, and
control their learning behaviors. Personal performance has long
been considered a legitimate predictor of motivation, tenacity
and performance in learning settings of various kinds.
Comparisons involving other cultures indicate that these psych
variables operate at the same level in aiding academic
performance. Generally, the combination of personal
organization strategies and the building of individual
effectiveness is the most significant in the attainment of
university students.

Online traces and patterns ofinternet use are discovered to
screenstudentachievement very well withdeep learning, graph-
based, and recurrent models, providing more precise outcomes
based on hybrid approaches. Other behavioral information and
neural networks, such as spiking models, also boost the early
identification of at-risk leamers. The use of sensors with CNN
and BiLSTM to combine spatial and temporal variations is a
good approach to research [31], [35], but attention-based video
classification of the classroomis a good predictor of engagement
and participation. Machine learning techniques remain good
predictors of academics, with deep learning techniques using
resampling techniques being more stable. Personal
effectiveness, motivation, self-regulation, and grit are
psychological predispositions that have direct involvement in
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achievingresults [32], where autonomous learning and interest
often mediate these effects. They are powerful predictors of both
academic and social adaptation, whereas parental involvement
reciprocates and affects both achievement and is determined by
gender-specific factors. Burnout is an adverse outcome factor,
the greatest impact of which is reduced efficacy and
disengagement. Process and summative information combined
in Al models enhance forecasts in e-learning, whereas
explainability and trust are provided by explainable models.
Collectively, the evidence reiterates the fact that the set of
technological, psychological, behavioral, and environmental
factors is combined and supported by sophisticated Al and
machine learning to enhance predictive accuracy and
intervention in academic performance.

1I1. PROPOSED METHODOLOGY

The idea of academic performance prediction is based on
integratedandsystematicspatial and temporal learningbased on
an advanced model of deep learning. This starts with the data
collection process, where the performance and behavior data of
the students are collected in the form of normalized academic
scores and standardized behavior scores. Once the data is
gathered, there are activities involved in preprocessing, which
include handling of missing data, normalization of academic
marks, normalization of behavior features, and identification of
temporal features. The processed data is then sentto the Hybrid
CNN and LSTM model, in which the CNN detects the spatial
patterns of data and the LSTM detects the time dependency of
data. The identified features of CNN and LSTM are joined under
a fusion layer and fed to the SoftMax function to categorize the
students into one of the three categories: low, medium, or high
risk. Besidesthis, the FOX optimization methodis usedto adjust
the learning rates, which hastens the training process and
enhances theconvergence by fine-tuning gradients withthehelp
of fractional-order derivatives. The performance metrics to
ensure that the model can predict the results of students based
on the pastdata. Fig. 1 demonstrates the hybrid deep learning
architecture to predict the success of the students based on
spatio-temporal and behavioral data.
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459 |Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

A. Data Collection

The academic history and learning behavior of the students
in the Performance and Behavior Dataset obtained on Kaggle is
well-rounded, as it consists of exam and assignment in-subject
scores, attendance, classroom and study behavior, disciplinary
behavioral indicators, and socio-demographic characteristics
such as parental education, gender, and family background. The
data set captures longitudinal academic tracks of students in
several subjects, and this will be used to study the performance
of the students longitudinally. To deploy the framework at the
university-level, itadditionally helpsto combine the information
system data of students, including course enrollment, credit
completion, GPA/CGPA, and academic standing, with the logs
of the learning management system, including the frequency of
logins, content access, time-on-task and assignment submission
behavior. Normalization, categorical encoding, and missing
value are preprocessing steps that provide high-quality inputs
that can be easily modeled spatio-temporally to predict early
risks by academic performance and learning behavior.

B. Data Preprocessing

Preprocessing ensures that the behavioral and spatio-
temporal data are consistent, cleaned, and prepared to be
analyzed. The data treatment, academic scores normalization,
behavioral indicators standardization, and time learning patterns
extraction are missing in the operations involved. The
conversions ensure that the data from various sources and scales
may be compared and modeled in a meaningful way.

1) Handling missing data: The norm in datasets that cover
the practical education is missing values due to attendance not
mentioned, assignment not submitted, behavioral records
missing or data entry errors. In the absence of such missing
entries, analysis will be biased, and model performance will be
worse as deep learning models need full and consistent input.
To solve this,numeric attributes (e.g., test scores, percentage of
class attendance, proportion of participation) are imputed with
a mean imputationmethod, which replaces a missing value with
the mean of all the available values of the attribute. This
guarantees that the value added to it is representative of the
frequency of the data, and it does not distort the general trend.
The imputation equation can be written as in Eq. (1):

r_ }1=1 Xj
Xp=—" (1)
where, x; is the imputed value for the missing observation,
x; is the observed value of the feature, n is the number of valid
observations of the feature. Mode imputation strategy is used in
categorical attributes (e.g., type of study habit, disciplinary
status, level of participation in classes). It is done by replacing
the missing item with the most frequent category to keep the
consistency in class distributions. These imputation techniques
would ensure thatthe data set is not lost and the useful records
are retained. This preserves the sample size and mitigates the
systematic loss of data bias, and preserves all spatio-temporal
and behavioral characteristics to conduct additional analysis.
Finally, this approach produces a balanced platform of model
training in which no feature is unfairly skewed due to the
absence of data.
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2) Normalization of academic scores: In education
datasets, the marks of different subjects like mathematics,
reading and writing usually have dissimilar marking systems
that make these marks incomparable and hard to merge. An
example of this is that one of the subjects will have a mark
between 0 and 50, and the other one will have a mark between
0 and 100. Min-Max Normalization is used in order to have
marks with an equal range. The process standardizes the data in
a common range to facilitate easier analysis and comparisons
amongthe individuals without the overbearing influence of one
person because of the large range of scores. The scores are
transformed through min-max normalization with the highest
and the lowest numbers in the dataset. The normalized score
(x}) for a given raw score (x;) is calculated in Eq. (2):

1 —  Xi=Xmin
= Xmax~*min (2)
where, x; is the normalized score, x; is the original score of
the student, x,,,;, is the lowest score observed in the data of that
subject, x,,.x 1s the highest score observed for that subject.

3) Standardization of behavioral features: Behavioral
indicators (attendance rate, frequency of participation,
frequency of submitting assignments, etc.) in learning data sets
may vary in range and units of measurement. As an example,
attendance could be measured as a percentage, participation
frequency (e.g., low, medium, high), and rate of submission of
assignments as a number, or as a percentage. These range
variations and units of measurement may present difficulties in
analyzing these features together, in that some variables may
possibly overshadow or bias analysis just because of their
range. Z-score Standardization is done in orderto make these
features of behavior comparable across subjects. The operation
transforms all features in such amanner that the distribution has
a mean of 0 and a standard deviation of 1. The standardization
equation is available in Eq. (3):

x! =5H (3)

where, x; is the original value of the feature of the i-th data
point, x; is the standardized value of the feature of the i-th data
point, i is the average of each student's feature, and o is the
parameter's variance of all students.

4) Applying SMOTEfor class imbalance: Afterthe features
(X) and labels (y) have been preprocessed, it is time to use
SMOTE to solve the problem of class imbalance in the training
dataset. The SMOTE process involves creating synthetic
examples for classes with underrepresented data to ensure
balanced training data. This not only helps the model but also
directs the model's attention towards the minority classes in
terms of predictions.

C. Temporal Feature Extraction

Multi-scale temporal sequences are used to model student
performance to learn both short-term dynamics as well as
academic growth over time. Within-semester time series,
including weekly variation in academic scores, attendance, and
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engagement, indicate instant learning behavior, whereas
semester-to-semester variationsindicate the long-term signals of
performance change, credit accumulation, and academic status
shift. Temporal trends are measured in terms of the rate of
growth in performance between successive time points, which
denote an improvement, stagnation or reduction in academic
performance. The student trajectories can be harmonized over
long durations of education, and analyzed on a scale at this dual
level of time-modelling. The growth rate in performance is
expressed in Eq. (4):

— Zyope ,—Xyope -1 % 100

ZY0pE t—1

4

where, Score  is the student's performance (e.g., exam
score, assignment score, or overall grade) at time t (current
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period), Score ,_, is the student's performance at the previous
time point (e.g., previous exam, week, or term), The result is
multiplied by 100 to express the growth rate as a percentage.

D. Model Design Hybrid CNN and LSTM

It is based on an advanced deep learning model to classify
student performance based on spatial and temporal data. CNN
identifies spatial patterns with the help of such features as
scores, attendance, and behavior, whereas LSTM identifies
temporal changes over time. The CNN and LSTM output
features are sent through a fully connected layer to acquire
abstractpatterns and features. Last, the output layerrelocates the
students to either low, medium, or high risk depending on the
pattemnslearnt. Fig.2 indicates thelayout of the hybrid CNN and
LSTM.

Fully Connected
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Extracted patterns
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Fig.2. Architecture of a hybrid CNN and LSTM.

1) Convolutional Neural Network: CNN identifies spatial
patterns in the input features of performance grades of students,
attendance, and participation. The CNN scans the input data to
find significant patterns, including attendance-performance
correlations or correlations between subjects, by applying the
application of filters (kernels). These patterns are then captured
in the form of feature maps and further processed by the
activation and poolinglayers so that onlyimportant features are
stored, and complexity is minimized such that they may be
utilized in the final classification and analysis.

a) Input layer: The first CNN layer operates on features
such as academic scores, attendance, participation, and other
behavioral traits that have been normalized. As a means to the
end of predictive power, the model can also, alongside other
variables like student demographics, LMS activity logs, and so
forth, login frequencyand time-on-task information, to mention
a few, the model can also give more precise prediction
outcomes by incorporating these features since they are often

indicators of academic outcomes and thus provide a clearer
view of the learning behavior. This additional input not only
increases the feature space but also makes the model more
robustby ensuringthat it captures the patterns that perhaps only
the grades alone would have otherwise missed. This
enhancement makes the model more inclusive, leading to
improved student performance prediction reliability.

b) Convolutional layer: The convolutional layer
calculates the input data through filtering (or kernels). A filter
is a small matrix that is passed over the input data (a sliding
window) and multiplies and adds the products element-wise.
This is used to identify significant spatial patterns of the input
data, i.e. subject performance patterns or attendance patterns.
This may be formulated mathematically as Eq. (5):

F(i,j) =Xm=1 Za=1 I(i+m—1,j+n—-1)-K(mn) (5)

where, F(i,j) is the output feature map at position (i, 1),
1(i,j) is the input data (score/attendance at position i,j ),
K (m, n) is the filter used to identify patterns, M and N are the
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filter's dimensions. After passing through all of the input data,
the filtergenerates featuremapsthat highlightseveral significant
features, such as attendance trends or scoring patterns.

Another way to improve model efficiency is by usinga 1D-
CNN structure instead of a conventional 2D-CNN. A 1D-CNN
is highly applicable for time-oriented academic records like
scores, attendance, or behavioral patterns because it processes
one-dimensional data through its filters. Compared to 2D-CNN
with its image-like grids, a 1D-CNN is concemned with the
temporal aspect of the data, thus using fewer parameters and
consequently incurring lesser computational cost. Not only does
this lighter architecture manage to capture important trends in
student performance, but it also enhances training speed and
efficiency of the whole model. Such an alternative provides an
additional CNN design more consistent with the temporal nature
of academic data.

¢) Activation Layer (ReLU): The convolution operation
is followed by the activation layer (usually ReLU) that adds a
nonlinear behavior to the network needed to understand
intricate patterns. ReLU is just a mere conversion of the
negative values into zero to enable the network to concentrate
on positive values to accelerate training. This working can be
mathematically expressed, as in Eq. (6):

f(x) = max(0,x) (6)

When the input value x is negative, ReLU will make it 0;
when the valueis positive, it does not change. Thisaids the CNN
to learn and identifying more elaborate patterns since it gets to
erase the adverse influences that may not be significant.

d) Pooling layer: The pooling layer will have the
responsibility of down-sampling both the spatial height and
width of the feature maps produced by the convolutional layer
without eliminatingthe larger features. Max poolingis the most
common technique, where the maximum value of a small
region of the feature map is selected with the aim of minimizing
the amount of data at the expense of the most valuable data.
This operation can be expressed in Eq. (7):

P(,j) = rrnn%x{F(i +m,j+n)} (7

where, P(i, ) isthepooledvalueatthe location (i, j), F (i +
m, j + n) is the feature map generated from the preceding layer.
The max pooling operation effectively sums up the region it
scans, without losing the essential detail, as it compresses the
data.

e) Flatten layer: The flatten layer transforms the 2D
featuremaps acquired followingthe poolingto 1D vectors. This
is due to the requirement of the next fully connected layers of
having the input to be a 1D array. The flatten operation is
merely the transfer of the matrix of the pooled features to the
one-dimensional features in the form of a dense layer.

f) Fully connected layer: The one-dimensional vector is
flattened and then sent to the fully connected layer, where every
node is connected to every othernode in the same layer. This
learns complex, high-level features, which combine data from
the CNN spatial feature extraction. In essence, it learns
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predictive patterns of student attainment, taking into
consideration all the features the CNN has identified.

This layer is capable of learning the correlation of the
features extracted, i.e. how one subject in the performance of
one class may also be correlated with the engagement in some
other activity. In order to give final predictions, the dense layer
makes a weighted summation of inputs and feeds them through
an activation function.

e OutputLayer: The learned features of the fully connected
layer are fed into the Output Layer, which converts them
into output. It converts the characteristics into patterns
extracted, such as scores, participation, and attendance.
The prediction patterns are the predictive ones and are
the higher aspects of student behaviors and
performances.

e Ablation of CNN:

o To check how well the model's performance is
without spatial feature extraction, eliminate or
comment out the layers related to CNN.

o Evaluate the model after removing the CNN in terms
of accuracy and other performance metrics.

2) Long Short-Term Memory: The LSTM networks are
based on the RNN; they can take in sequential data and
therefore can be applied in situations where time matters in
order of data, such as the case of tracking students over time.
LSTMs can recall the relevant information overa long period
of time, forget the irrelevant information, and change the state
of memory using a combination of gates to control the flow of
data. These characteristics enable LSTMs to identify more
advanced patterns of time-series data and also provide
predictions based on past input.

This is because the LSTM takes sequential data in the shape
of normalized scores (i.e., mathematics, reading, writing) and
standardized behavioral scores (i.e., attendance, participation,
assignment completion). All these data points are synchronized
across several time steps, which enables the learning of the
LSTM in order to determine how the performance and behavior
of the students change. The time series nature of the data allows
the modelto measurethe patterns and trends withtime. This feed
will be helpful when estimating the future performance and
categorizing student performance.

a) Forget gate: The forget gate of the model then
determines which part ofthe information at the previous step is
to be forgotten. It does this by generating values between 0 and
1 of every value in the memory cell. These values determine the
extent of the information of the past that will be required to
make the current prediction, and which will not be needed and
will be forgotten. The forget gate can be defined as in Eq. (8):

ft = O'(Wf . [ht—l'Xt] + bf) (8)

where, f; is the forget gate output (which determines which
portion of the previous memory to forget), The linear activated
functionis denoted by 6, which maps the output between 0 and
1, W is the forget gate's strength array, h,_; is the hidden state

462 |Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

from the previous time step, x, is the input dataat the current
time step, by is the bias term for the forget gate.

The forget gate applies the logistic activation function to
produce outputs in the range of 0 to 1; 0 signifies forget
everything, and 1 remember everything. This makes the model
retain only the relevant past data to make predictions of the
future and forget the non-relevant portions of the memory.

b) Input gate: Based on the forget gate, the input gate
identifies the new information that has to be added to the
memory cell. It creates a perfect memory cell update with the
help of a tanh function and is based on a sigmoid equation to
determine what values should be modified. This will enable the
LSTM to add new useful information, without forgetting the
most useful past environment. Input gate output, as shown in
Eq. (9):

ip=o0W;-[hey,x] +by) )

where, i is the input gate output (which determines which
parts of the input will be updated in the memory), W; represents
the input gate's weight matrix, h,_, symbolizes the previous
time step's concealed state, x, refers to the current time step's
input data, b; is the input gate's bias term, o stands for the
logistic activation function.

The sigmoid function provides the values of 0 to 1 to denote
the percentage ofthe new data thatis tobe considered asrelevant
to be stored in the memory, and the tanh function provides the
valuesthat can bestored in the memory cell; it is normalized and
added to the memory cell.

¢) Memory cells: The memory cell includes valuabledata
in the long term after the input gate. It does it by combining the
last memory state and the input candidate memory, multiplied
by the input gate output. The current memory cell stores
information thatis useful in the next time step, and the LSTM
can remember the useful information of the past and apply it in
the next prediction. The memory cell adds the previously
transferred memory of the previous time step, C _(t-1) and the
current time step input C"t. This combination is done in such a
way thatonly important datawill be retained in thememory cell
to be utilized again in the future, and the model has the ability
to retain important patterns but forget information that is not
very critical with time.

d) Output gate: The output gate of the LSTM determines
which data can be traced out of the memory cell to form the
final secret state (or output). It then transfers the result over a
tanh activation process after computing an activation based on
the current state of the memory cell. The result enhances the
outcome of the gate activation and dictates a carryover of the
concealed stateto the next time period. When theinput has gone
through the output gate, the data is fed into the LSTM output,
whichisthenused to combine the hybrid model output, and this
is done through a fusion layer.

e) Attention mechanism: The LSTM, although it does
capture the temporal dependencies, still suffers from the fact
that not all time steps are equally important for predicting the
student's performance. By introducing the attention mechanism
after the LSTM layer, this problem is solved. The attention
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layer looks at all the hidden states that have been generated
throughout the time sequence and gives each time step a weight
according to its importance. In this manner, the model will be
able to concentratemore on the pivotal moments in the student's
behavior like a sudden drop in attendance or a big shift in
academic scores at the same time, it will be able to reduce the
impact of the less relevant periods. The attention score for each
time step t is expressed in Eq. (10):

e, = vTtanh (W,h, + b,) (10)

where, e, is the raw attention score for time step ¢,
h; is the LSTM hidden state at time step ¢, W), is the Weight
matrix that transforms the LSTM hidden state for attention
scoring, by, is the bias term added during the transformation, v
is the trainable weight vector used to convert the transformed
hidden state into a single importance score, tanh is the
activation function that introduces nonlinearity. The
incorporation of attention eventually results in a model that is
more stable, more accurate, and more interpretable. In this case,
the educators can now know the periods that had the most
influence on the prediction of low, medium, or high risk. The
raw scores are then converted into attention weights through the
applicationofa softmax function, whichis presented in Eq. (11):

__ exp(e) )

a =
oyl exp(e)

where, a; isthe attention weight for time step 7, e; is the raw
attention score at time step t, Y.r_; exp (e,) is the
Normalization term that sums the exponentiated scores of all 7’
time steps, 7'is the Total number of time steps in the sequence.
The aggregated datais then passed to the softmax layer, which
determines the probability distribution of all possible outcomes.
In order to enhance the efficiency and prevent overfitting of the
hybrid CNN-LSTM model, regularization techniques are
integrated into the training process. The methods make the
model less noise-sensitive and thus improve its capability to
generalize to new student data.

e Dropout is implemented between the layers that
randomly turn off a fraction of the neurons. This will
help to avoid the network from depending excessively on
specific nodes, and also, to make it learn more powerful
and shared representations.

e Batch Normalizationisutilized to control the distribution
of layer activations, thereby yielding smoother and
quicker training. It lessens internal covariate shift and
aids the model to stay strong even when faced with
variations or noise in the behavioral and academic inputs.

Dropout and batch normalization together significantly
bolster the hybrid model's robustness, reduce the chances of
overfitting, and deliver more accurate classifications of students
into the categories: low, medium, and high risk. Finally, but not
least, the SoftMax output is employed to generate the predicted
categories, which determine the performance or risk of the
student. All these assist the LSTM to predict dynamically and
time-dependently with the aid of sequential pattern (LSTM) and
spatial information (CNN).

The hybrid CNN-LSTM system can be applied to actual
circumstances in universities by integrating student information
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systems and learning management systems data without making
any changes to the fundamental design. The indicators specific
to the university, including credit accumulation, GPA/CGPA
threshold, course failures, academic probation, and graduation
eligibility, are modeled as structured inputs, and academic and
credit patterns as spatial features represented with CNN, and
semester-based progression and leaming behavior as temporal
sequences with the standard academic calendars. To aid in
transparent decision-making, explainable Al methods are used
to uncover the most significant academic and behavioral
predictors to make accurate classifications of the probability of
probation, course failure, and delayed graduation risks as low,
moderate, and high-risk risks and inform academic advising.

e Ablation of LSTM:

o Todiscoverhowthe model reacts withoutthe LSTM
layers involved in temporal sequence modeling,
either remove them or comment them out.

o This will indicate how much LSTM contributes to
the capturing of time dependencies in the data.

TABLEI. STUDENT PERFORMANCE PREDICTION CATEGORIES
Category Description
Low Risk According to the model, the pupil will probably do well and

be successful.
According to the model, the pupil is likely to struggle and
encounter obstacles.

High Risk | The model predicts a high risk of the student dropping out.

Medium

TableIofthe predicted categories showsthe input categories
ofthe model, whichinvolve using CNN and LSTM. The models
include: low risk, in which the model student performs well and
is an academic success; medium, which refers to the fact that the
student will struggle and he/she may require more help to be a
better student; and high risk, which refers to students who are at
a high risk of disengagement and can drop out. The predictions
willbe made based ontrends withinthe space observations (e.g,
scores, attendance) and time trends (e.g., behavior over time),
which makes the model categorize the students into such groups
to provide them with an individualized intervention and
guidance. Algorithm 1 shows hybriddeep learning for academic
achievement prediction.

Algorithm 1

Input:
1. Spatio-Temporal Data:

o Normalized Academic Scores: Scores from various
subjects (e.g., mathematics, reading, writing).

o Standardized Behavioral Features: Attendance,
participation, assignment completion rates, etc.

o  Time-Series Data: Data over multiple time steps (e.g.,
weeks, terms).

Output:
e  Predicted Categories:
o Low Risk: The student is likely to perform well.

o0 Medium: The student is likely to face academic
challenges.
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o High Risk: The student is at risk of dropping out.

Step 1: Data Preprocessing
1. Normalization:

O  Apply Min-Max normalization to academic scores to
bring them to a comparable range (e.g., [0, 100]).

O  Apply Z-score standardization to behavioral features
like attendance, participation, and homework
completion.

2. Handle Missing Data:
o Use techniques such as mean imputation or data
interpolation to handle missing values in the dataset.
Step 2: Convolutional Neural Network for Spatial Feature
Extraction
1. Input Layer:

o Input normalized academic scores and standardized

behavioral features as multi-dimensional data.
2. Convolutional Layer:

o Find geographic patterns in input data, use filters
(kernels) (e.g., relationships among scores and
attendance).

3. Activation Layer (ReLU):

o Apply the ReLU activation function to introduce

nonlinear behavior.
4. Pooling Layer:

O Minimize spatial dimensions without sacrificing

important features, use max pooling.
5. Flatten Layer:

o Inorderto usethe feature maps fromthe poolas inputs

forthe fully linked layer, flatten them into a 1 D vector.
6. Fully Connected Layer:

o Learn complex patterns from the extracted features

and pass the learned features to the next stage.
Step 3: LSTM for Temporal Modeling
1. Input Layer:

O Sequential data of extracted features (scores,
attendance, participation) over time is passed into the
LSTM model.

2. Forget Gate:

o Based on its applicability to future projections, the
forget gate determines whether data from previous
steps should be ignored.

3. Input Gate:

O  To guarantee that only pertinent data is retained, the
input gate determines which fresh data must be put to
the memory cell.

4. Memory Cell:

O  Memory cells store the relevant information from the
current and previous time steps. On the basis of the
input and forget gates, they update.

5. Output Gate:

o The output gate passes the current input through an
activation mechanism and generates the outcome
depending on the modified memory cell.

Step 4: Feature Fusion Layer
1. Fusion Layer:
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o  Combine the outputs of the CNN (spatial features) and
LSTM (temporal features) to form a wunified
representation.

Step 5: Final Prediction Layer
1. Fully Connected (Dense) Layer:

O  This layer learns from the fused features and classifies
the student risk into one of the categories: low,
medium, or high risk.

2. Softmax Layer:

o Utilizing the softmax activation function, a
distribution of chances across the categories is
generated.

Output:

o  The ultimate classification is determined by using the

softmax output (predicted categories: low, medium or

high).

IV. Fox OPTIMIZATION

The FOX optimizer (Fractional Order optimizer with
Exponential Convergence) is a superior optimization method
that optimizes the rate of convergence and accuracy of deep
learning models. Unlike the traditional optimizers, FOX uses
fractional-order derivatives to learn how to update the learning
rate. The novel approach to gradient calculation adjustment with
the use of fractional exponents has been utilized in the novel
method to enhance the stability and efficiency of deep learning
models during training. FOX accelerates convergence by the
fact that it addresses the problems of the local minima and
sluggishness of training, which are intrinsic to the classical
optimization methods. FOX is an optimal and more effective
way of updating parameters since it employs fractional orders in
updating the gradients. The most essential thing about the FOX
optimizeris its two-step process, which is gradientupdate and
fractional-order scaling. The first step is the formula of gradient
update that utilizes the derivatives of the model parameters in a
fractional order to update them. This is represented in Eq. (12):

9t=9r—1—0ft'93' (12)

where, 6, is the parameter at time step ¢, «; is the learning
rate attime t, g, is the gradient at time ¢, and y is the fractional
order used to scalethe learning rate. This update would speed
convergence, scaling the gradient with a fractional exponent,
which gives more accurate parameter updates. Step 2 is
fractional-order scaling, in which the gradient scale is scaled by
its L 2 norm. This action keeps the amount of the update
proportionate to the importance of every parameter, enhancing
the efficiency ofthe optimizer with complex, multi-layer models
like CNN + LSTM. The fractional-order scaling takes the form
of Eq. (13):

0 =01 —ap - (lgel”) (13)

where, || g, || represents the L2 norm of the gradient at time
t, making sure the optimizer modifies the learning rate in
accordance with the gradient's strength. The fractional ordery
maximizes the value of each gradientto its optimal value, thus
allowing the optimizer to respond better to the dynamic gradient
with time.
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A. Comparative Analysis: FOX vs. Adam Optimizer

The comparison with the Adam optimizer, which is one of
the most popular deep learming optimizers, is sought for a better
understanding of the advantages of FOX. Adam makes use of
momentum and adaptive learning rates derived from first and
second-order moment estimates to update parameters. This
results in fast convergence and allows Adam to deal with noisy
gradients effectively.

FOX is significantly different from Adam in two main
aspects. Firstly, FOX employs fractional-order gradient scaling,
which gives more flexible and accurate control over parameter
updates, in contrastto Adam, which uses fixed exponential
averages. Secondly, FOX updates its step size according to the
L2 norm of the gradient, which enables it to breathe life into flat
regions and slow-converging plateaus that often hinder Adam.
Consequently, thepathto convergence forFOX could be shorter
and its reliability higher, especially with the intricate hybrid
structures such as CNN + LSTM.

Nonetheless, the Adam algorithm is still a robust reference
point mainly due to its ease of use, less intensive computations,
and wide acceptability through its performance in various tasks.
The comparison of both optimizers simultaneously uncovers the
learning dynamics, convergence behavior, and robustness of the
model under consideration more clearly.

B. Ablation of FOX

e Detect the absence of FOX and install the simpler
optimizer (Adam), then check if the removal of FOX
resulted in the slowing down of convergence and the
reduction of model stability.

e The above-mentioned assessment will facilitate
determining whether or not the tailor-made FOX
optimizer is a necessity or if a standard optimizer like
Adam can yield the same result.

V. RESULTS

The outcomes of the proposed hybrid CNN and LSTM
structure are provided in this section. The architecture was
written in Python with popular deep learning libraries based on
TensorFlow and Keras being used to perform the computations.
Training and testing data entail scholastic achievement
information of the students, as well as normalized scores on
subjects like mathematics, reading, and writing, and
standardized behavioral characteristics like participation,
attendance, and submission of assignments. The data is spread
across the time steps, depicting the performance of the students
on several terms or weeks of the year, to enable the model to
learn the spatial and temporal pattern of knowledge. Subsequent
parts include general performance metrics, including the rate of
correctness and an exactness measure, as well as the rate of
sensitivity and the balance score and graphical depictions such
as a confusion matrix, ROC curve and precision-recall curve.
The results demonstrate how the framework canbe used tomake
predictions of the student performance categories, which
explains its effectiveness in a classroom setting.
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Fig.3. Confusion matrix.

The accuracy of the model in predicting the performance of
pupils is measured using the confusion matrix in Fig. 3. It
highlights thedifferencesbetweenrisk categories (low, medium,
and high risk) and projected categories based on the model's
projections. True positives are observed on the diagonal
boundary, suchthat the model madethe right predictionas to the
respective sets of student performance. The off-diagonal values
are poor predictions where the model predicted one category in
another one. In general, there is excellent predictive confidence
in the low and medium risk groups that is represented in the
matrix.
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Fig.4. ROC curve.

In the Fig.4 ofthe ROC curve, the capacity of the framework
in predicting the result of the pupil in three groups, that is, high
risk, medium, and lowrisk, is evident. The trade-offin the curve
is the true positive rate (sensitivity) and false positive rate (1-
specificity) for each group. Accuracy is very high with the area
under the curve of the model being 0.9982 in the case of high
risk, 0.9831 in the case of medium and 0.9996 in the case of low
risk, demonstrating that the model is a fantastic one in the
differentiation of the different classes of students. The green
curve that provides the best AUC is the Succeed curve, and it
has high predictive power on the set of students who will
succeed, although the other two classes also have good
predictive power.

The model is described by a plot, which shows its training
and validation accuracy at various epochs in Fig. 5. The
accuracy of training is blue and the accuracy of validation is
orange. The training and validation accuracies increase with the
number of epochs, and the training accuracy is always equal to
1.0. The validation accuracy also increases significantly but
unequally, which may be a manifestation of overfitting or minor
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variation in the performance of the training and the validation
sets. Overall, the model has justifiable positive results in
learning the plot and good generalization between epochs.

Model Accuracy
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Fig.5. Modelaccuracy.
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Fig. 6. Modelloss.

In Fig. 6, the plot of the training and validation loss of the
model at various epochs is presented. Blue and orange lines
represent the training and validation loss, respectively. With the
increase of the epochs, the losses become less and less, which
means that the model learns and minimizes the errors. However,
loss on validation hits some point, and this signifies that the
model is generalizing very well. This indicates that the score of
the verification set remains constant in the course of training,
and this means that training is efficient and there is minimal
overfitting, although the algorithm itself is still learning.

A. Performance Analysis

The results of the performance analysis section indicate how
efficient theproposed Hybrid CNN and LSTM modelis in terms
of predicting the academic success of students. Fig. 7, Fig. 8,
and Fig. 9 show important performance indicators that are the
False Negative vs. False Positive Rates and the Precision-Recall
curves and the overall performance of the model that has high
precision, recall, and accuracy. The outcome demonstrates that
the model has a high degree of accuracy in predicting different
categories of students, and it is superior to regular models such
as LSTM and SVM. The better results of an enhanced deep
learning model using various evaluation measures are also
confirmed in Table II, confirming its use to predict with high
precision in academic studies.
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Fig.7. Average FNR vs. FPR.

In Fig. 7, the average predictions of themodel of FNR versus
FPR are compared using the bar chart. FNR has a brown bar
with a measure 0f 0.070555, and FPR has a purple bar with a
measureof0.03431. Asindicatedin the graph, the model creates
a greater FNR than the FPR, which implies that the model
incorrectly classifies students as not being at risk more than the
rate of the inaccurate classification of the students as being at
risk.

Precision-Recall Curve

1.0 T
0.9
0.8
go07
Eos
0.5
04 S migh (AP =0.99620)
T Medum (AP =0.96996)
03, —— L~ (AP =10.99933)
0.0 0.2 0.4 0.6 0.8 1.0
Recall
Fig. 8. Precision-recall curve.

The model performance for the different classes: high risk,
medium, and low risk is shown in precision-Recall curves in
Fig. 8. Each curve will indicate the precision-recall trade-off of
each classas well as the areaunder the curve, which willindicate
the performance of the model. The highest AP belongs to
succeed 0.999333, which gives a high recall and precision,
followed by 0.99620that gives highrecall but low precision, and
0.96996 that gives low recall but high precision. These values
reflect the fact that the model predicts successful pupils with
phenomenal precision, and is fairly good at predicting dropouts,
but somewhat reduced in the medium prediction.

The performance values of the hybrid model are excellent
results of the performance on several performance metrics in
Fig. 9. The prediction ofthe model was 97.18 per cent, which is
a good overall result. Precision and recall are also quite high at
97.02 and 97.35, respectively, which shows that the model did
notmisclassify thepositive instances and had the lowest number
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of FPR and FNR. F1-score is also 97.14, whichindicates a recall
and precision balance. These results indicate the predictive
ability of the model for student success in the three risk levels.

Performance Metrics

1.0 97.18% 97.35%

97.02%

97.14%

0.0 Recall

Precision F1-score

Metrics

Accuracy

Fig.9. Performance metrics.

B. Model Explainability with SHAP

In order to improve the interpretability of the model, utilized
SHAP to identify the important factors that influence the
predictions. SHAP values reveal the contribution of each feature
(e.g., academic scores, attendance, participation) to the decision
of the model for a particular prediction. By attributing the
prediction to the contributions from each feature, SHAP
provides the reasoning behind the prediction of a student risk
level as high, medium, or low.

Through the application of SHAP values, it is possible to
noticethat attendance and participationarethe most determining
factors in the prediction of the "medium" category. A student
might be predicted as a "Struggler", and the prediction may be
influenced by behavioral factors like low participation, even
though the student has high academic scores. SHAP makes it
clear and transparent. The force plot below shows the
contributions of features for the student, who has been predicted
as a Struggler, individually. The contributions that are positive
push the prediction in the direction of "medium", while the
negative contributions retract it from the prediction. Such
insights are especially helpful for the education sector as they
not only provide practitioners with an understanding of the
predictions of the model but also enable them to customize
interventions according to the particular reasons that determine
a student's performance.

TABLE II. PERFORMANCE EVALUATION TABLE
Method Accuracy | Precision | Recall F1-Score

LSTM [33] 87 87 88 88

SVM [34] 82 93 84 89

GRU 92.34 91.00 90.30 90.65
Bi-LSTM 93.50 92.10 91.50 91.80
Transformer 94.75 94.00 93.90 93.95
TCN 95.20 94.60 94.20 94.40
Hybrid CNN and

LSTM 97.18 97.02 97.35 97.14
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Table II provides a detailed view of how different models,
including LSTM, SVM, GRU, Bi-LSTM, Transformer, TCN,
and the proposed Hybrid model, performed compared to one
another. The Hybrid CNN and LSTM model got the best
performance everrecorded with the highest accuracy (97.18 per
cent) and also surpassed all remaining models according to
precision, recall, and F1-score. Additionally, the two models,
i.e., Transformer and TCN, in this case, have exhibited great
capability, especially when it comes to long-term dependency
issues, as their maximum accuracy reached 94.75 per cent and
95.20 per cent, respectively. On the other hand, while GRU and
Bi-LSTM have yielded close results, the hybridmodel is still the
most powerful in predicting students' performance.

VL DISCUSSION

The outcomes from the comparison with the models such as
GRU, Bi-LSTM, and those based on Transformer and TCN kept
confirming that the hybrid CNN-LSTM-FOX model is superior
to traditional models like LSTM and SVM in terms of accuracy,
scoring a remarkable 97.18 per cent. The hybrid model has been
very effective in combining the strengths of both CNN and
LSTM, enabling the former to extract spatial patterns while the
latter recognizes temporal ones, eventually providing a very
holistic understanding of student performance. In the case of
models like Transformer and TCNs, they offer certain
advantages over LSTM in capturing long-term dependencies
and processing sequential data, but still, the hybrid CNN-
LSTM-FOX model, when judged strictly on performance, is the
best. Conversely, GRU is less accurate than LSTM and the
hybrid model, but is stilla good choice in resource-constrained
environments due to its simpler architecture and lower
computational time. In general, the findings indicate that the
hybrid model with FOX is always superior to comparative
architectures as it successfully leams both spatial and temporal
learning patterns. Besides higher education, the structure can be
easily incorporated into the institutions of higher learning where
the academic progression is stipulated by credit accruals,
GPA/CGPA and prerequisites. It is appropriate in academic risk
identification in undergraduate and postgraduate programs due
to its capability to model heterogeneous and semester-wise
academic trajectories. The academicrisk is determined based on
the higher-education outcomes, like course failure, GPA/CGPA,
academic probation, and delayed graduation, which allows
grouping low-risk, moderate-risk, and high-risk groups.

A. Focused Error Analysis

While the hybrid CNN-LSTM model exhibits a robust
performance, it continues to be necessary to take care of the
situations in which the model performs poorly. A concentrated
error analysis indicates that the model is particularly in trouble
when it comes to students who are academically very good but
have low attendance, resulting in misclassification between
"low" and "medium". The model often makes these errors with
the pupils who occasionally attend classes, and hence, the model
might not be able to pick up on this engagement of the student’s
very well. Furthermore, sometimes the students with irregular
behavior patterns are wrongly classified, which implies that the
model is not able to grasp the full complexities of behavioral
data over time. The above-mentioned weaknesses signal the
areas for possible model refinement. Later on, one of the
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approaches could be developing the data preprocessing, for
instance, through better management of attendance and
participation data or combining it through more sophisticated
features that track student engagement over time. Without
doubt, the model thatis more sensitive to the mentioned factors
could lead to a more accurate and reliable prediction system.

B. Practical Implications

The proposed framework is a kind of early warning
mechanism allowing academic advisors and instructors to
recognize students who are at risk at the early stage of their
academic life. Predictions on the model are converted to risk
scoresthatcanbe actedupon and early warning groupsto enable
advisors to prioritize students who need urgent attention.
Advisors can use explainable outputs to emphasize important
academic and behavioral risk factors (such as a drop in GPA,
inadequate credit accumulation, failure in courses, low
attendance, and decreased LMS engagement) to develop
specific interventions, such as tutoring, mentoring, probation
support, or individualized learning plans. This is a timely and
data-driven decision support which improves retention of
students, efficient use of institutional resources and also an
ongoing monitoring of the student progression within the
university academic systems.

To guarantee scalability and generalization, the proposed
framework will be tested on a variety of colleges and academic
subjects to take into consideration the differences in the
curriculum structure, grading policy, and credit requirements.
The cross-program evaluation helps to evaluate the model in
terms of its robustness and transferability to prove that it can be
applied not only in one institution or discipline.

C. Ethical and Privacy Considerations

To enable the adoption of responsible deployment in the
context of universities, the framework will utilize ethical and
privacy-sensitive tools, such as role-based access control, data
minimization, and bias monitoring. There is restricted access to
student data based on institutional roles (e.g., advisors,
instructors), and prediction is based on only necessary academic
and behavioral characteristics. Also, the results of predictions
are reviewed periodically within demographic and academic
subgroups to address and reduce possible bias to secure,
equitable, and reliable decision support of academic advising,.

VIL CONCLUSION AND FUTURE WORK

The study introduces a hybrid CNN-LSTM that is used to
determinethe studentrisk level results of beinglow, medium, or
high. CNN is used to process student data, such as academic
grades and personal attributes, to identify spatial patterns,
whereas LSTM is used to track progress over semesters. The
model was found to have an accuracy of 97.18 per cent and was
better than other traditional models like LSTM and SVM; the
interpretability was also guaranteed through SHAP to determine
the key predictive variables. It could be assessed as an early-
warning system that helps teachers to notice at-risk students and
intervene timely. The framework can apply to a wide range of
educational contexts with the introduction of university -specific
characteristics such as credit systems, GPA/CGPA,
prerequisites, and semester-wise progression, although tested on
a single-institution dataset, which limits the scope of
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generalization of the results. Further studies couldinvolve larger
and multi-institutional groups of data and other socio-economic
and learning-environment variables to further enhance the
predictive strength. The framework consists of ethical
protections like role-based access, data minimization, and bias
monitoring that can be deployed in a higher education system in
a privacy-aware and responsible manner.

The proposed framework will be tested in the future on a
variety of colleges and academic fields to determine its strength
and cross-program extensibility in the context of differenthigher
education institutions.
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