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1. INTRODUCTION

In recent years, the growing accessibility and popularity of Virtual Learning Environments (VLES)
have revolutionized education, allowing for flexible, personalized, and data-driven learning experiences.
However, predicting student performance remains a significant challenge due to the large, complex, and
sequential nature of learning data.The most common challenge faced by online platforms is with regards to
identification and support of at-risk learners who may be underperforming or are distracted due to various
reasons[1][2]. It is therefore necessary to monitor the learner’s activity logs to monitor behaviour as well as
performances during periodic assessments continuously during the course. An earlier study has proved that
learner engagement levels during live sessions, time spent on the learning content and frequency of visits to
archived content are among the useful predictors for identification of at-risk learners as highlighted in a past
study [3]. Periodic activities of the learners explain the engagement levels of learners on these online
platforms. The data collected for these periodic activities includes periodic assessment and submission, which
is analysed using Deep Learning techniques like Artificial Neural Networks (ANN), Recurrent Neural
Networks RNN including Long Short-term Memory, and GRU have provided promising results
[11[41[5][6][7]. Despite these advances, none of the behavioural aspects when taken alone, correlated to
learner’s final performance. Therefore, a comprehensive impact of these non-linear predictors should be
considered [8][9]. Group Convolution and Dilated Causal Convolution (CGDC) combined with LSTM helps in
capturing the impact of various learning periods of the learner’s performance [10]. The issues observed in
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earlier studies where CNN was used for automatic feature recognition is that local correlations structures need
to be identified while input tables are created for numerical data and if the data is periodic then use of LSTM
needs to be considered [11].

Various machine-learning techniques have been employed in educational settings, including Random Forests,
Support Vector Machines, and Neural Networks, with prediction accuracies ranging from 80% to 95% [8].
However, these models often fail to capture the temporal dependencies inherent in student interactions with
VLEs. Rescent research [14] has demonstrated the effectiveness of Recurrent Neural Networks (RNNS),
specifically Long Short-Term Memory (LSTM) networks, in analyzing such time-series data. LSTM models
excel in understanding sequential patterns and have outperformed traditional machine learning methods in
predicting complex, temporal behaviors. Furthermore, attention mechanisms have emerged as a powerful
addition to LSTM models by helping focus on the most relevant parts of the input data, enhancing the
interpretability and accuracy of predictions. For example, studies in natural language processing and image
recognition have demonstrated the efficacy of attention mechanisms in highlighting key features. Inspired by
these advances, our study proposes the use of LSTM models with attention mechanisms to predict learners'
performance in VLEs, addressing gaps in previous models that inadequately captured temporal patterns.
Authors [14] presented the eight algorithms included the gradient boosting (GB), bagging, XGBoost,
AdaBoost, random forest (RF), logistic regression (LR), support vector machine (SVM), and K-nearest
neighbour (KNN) algorithms on the The Open University Learning Analytics Dataset (OULAD) dataset. This
study did not explore the specific reasons for this difference dropout in first and second semester, although
teachers can be mindful of it in their practice. Authors [15] used Long Short-term Memory (LSTM), in the
prediction of students at risk of failing a course offered in a self-paced mode of online education. The study has
utilized a freely accessible Open University Learning Analytics Dataset comprising 22,437 students with 69 %
pass, and 31 % failed instances. The deep LSTM shows the highest predictive power to classify between pass
and fail students, compared to all other alternatives by achieving an accuracy of 84.57 %, precision of 82.24 %
and recall of 79.43 %. Researchers [16], presended the studies focus on utilizing LA within BL to predict
students who are at risk of failure and to establish early-warning systems. Most of these related studies are
relevant to investigation pertaining to BL courses, despite some being based on MOOCs or fully online
learning. Authors [17] investigated the early identification of at-risk students in a BL setting by scrutinizing the
current learning performance and learning-behavior variables. Their findings indicate that specific factors, such
as irregular engagement and subpar performance, can effectively highlight students at risk of academic failure.

Authors [18] investigated the use of predictive ML models for small- and medium-sized university courses in a
fully online learning environment, where the number of students is limited. Various model-building techniques
are presented that can be used to increase the predictive power of models, beginning from less effective
techniques to more developed ones. These techniques apply to small or mid-sized university courses and
demonstrate monotonically increasing performance metrics over time. Authors [19] predicted student success
in BL environments by acquiring diverse data, including student demographics, engagement metrics, and
assessment results. They developed predictive models designed to identify students at risk of failure who might
benefit from additional support.

The current article addresses integration of timed submission entries and a quiz in to online teaching
environments in order to detect academically at-risk learners. Through the employment of machine learning
technologies and advanced data analytics, the instructors may be able to discover behaviour of the learners,
engagement patterns and evaluation statistics to point at weak areas and help to improve them P Our
specialization concerns the implementation of deep learning techniques, for example, Long Short-Term
Memory networks with attention mechanisms, to be able to work with students' sequential data flows in order
to join connections and make accurate predictions of outcome of a learner.

In addition to the practical implementation of LSTM networks and attention mechanisms, it is crucial to
understand the mathematical underpinnings of these techniques. LSTM networks are described by their
intricate architecture, involving recurrent connections and gating mechanisms that enable them to capture long-
term dependencies in sequential data. Mathematically, the operations within an LSTM cell, including the
computation of cell state updates and gate activations, governed by a series of matrix multiplications, element-
wise operations, and non-linear activation functions[6][11]. Similarly, attention mechanisms employ
mathematical formulations to dynamically weigh the importance of different input features, often through dot-
product attention or other attention scoring mechanisms. By delving into the mathematical foundations of these
techniques, educators and researchers can gain deeper insights into their functioning and optimize their
application for improved prediction accuracy and interpretability.

The study outlines the process of the data preparation stage, the model architecture implementation and
experimental results obtained, to prove the effectiveness of LSTM model augmented with attention
mechanisms for predictive modelling of online learners’ engagement based on their activity records from
periodic assignments and the quiz components. Furthermore, we consider the educational research in reference
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to our conclusions and indicate the possible ways of helping high-risk learners to get earliest counselling
concerned their difficulties.

Early warning systems are built to develop administrative policies and intervention strategies to
improve educational planing for reducing attrition rates of learners [12]. The model proposed has predictive
capabilities and will provide necessary insights to administrators and instructors early during the course so that
timely intervention strategies aimed at boosting the support for online learners who may be at risk of dropping
out. Necessary startegies may be developed keeping in mind all ethical consideration with an objective of
achieving positive academic outcomes and improving the retention rates of learners on virtual platforms.

2. RESEARCH METHOD

LSTM networks are a type of Recurrent Neural Network (RNN) architecture designed to capture
long-term dependencies in sequential data[10]. Unlike traditional RNNs, which often struggle to retain
information over long sequences due to vanishing gradient problems, LSTM networks overcome this limitation
by introducing specialized memory cells and gating mechanisms.

2.1 LSTM Architecture
The most critical components that make up an LSTM cell include:
»  Cell State — Maintains the cell’s memory, ensuring information preservationd in lengthy sequences.
» Hidden State — As the cell’s output, it combines relevant information from the current input and the most
distant hidden state.
»  Forget Gate — Determines which information should and should not be held in the cell state.
« Input Gate — Controls the cell state’s adjustment by monitoring the inflow of new data.
»  Output Gate — Determines, which part of the cell state, should be utilized as the output.

2.2 Exploring LSTM Network Training and Attention Mechanisms

While traditional time-series models, such as ARIMA and Exponential Smoothing, perform well in
forecasting stationary and linear patterns, LSTMs offer distinct advantages in capturing complex, non-linear,
and long-term temporal dependencies. LSTMs can dynamically adapt to varying temporal contexts, handle
non-linearities, and maintain memory over long sequences, making them well-suited for analyzing student
engagement patterns, which are often irregular and influenced by multiple factors over time.

LSTM networks update their parameters using BackPropagation Through Time (BPTT). It is done by
propagating the errors gradients through the entire sequence and adjusting the weights to reduce the value of
the loss function. Attention is another component of our model besides the LSTM layers. The attention
mechanism enables the ability to focus on different parts of the input sequence dynamically. Instead of treating
the feature vectors as uniform, the model may assign more value to some features within a sequence depending
on their importance to the model’s current decision. This mechanism enables to extract vital data from the
input and hence provide a better performance in prediction.

2.3 Hyperparameters
Hyperparameters are the settings of parameters assigned prior to model training, affecting the

model’s behavior and the performance. They are frequently pre-defined and do not change with data and thus

need to be tuned through investigation to achieve the desired model performance. Hyperparameters of an

LSTM model network include:

»  Number of Units — which is the dimension of the LSTM cell state and the hidden state;

» Learning Rate — which is the step size taken during parameter updates to avoid overshooting the optimal

solution;

« Batch Size — the number of samples processed in each iteration;

»  Number of Epochs — the number of times the entire training data is passed through the model; and the

» Validation Split — the percentage of training data held out for validation to prevent overfitting the model.
The hyperparameters used for building the model are presented in the Table 1.

Table 1. Hyperparameters for the proposed Model with their respective values

Hyper parameter Value
LSTM Units 50
Learning Rate (LR) 0.001
Batch Size 32
Number of Epochs 10
Validation Split 0.2
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By utilizing, the capabilities of LSTM networks with attention mechanisms, this model can
effectively capture time-based dependencies and feature importance in sequential data, thus making it well
suited for predicting student performance based on their engagement and performance metrics.

2.4 Dataset

The dataset used for this study was collected from a Virtual Learning Environment (VLE) of an online
educational platform. It comprises anonymized data logs from students enrolled in various courses over a
period of one academic term (e.g., six months). The dataset contains interactions such as quiz submissions,
assignment uploads, discussion forum participation, and overall course activity logs, representing a
comprehensive record of learner engagement. The dataset includes the following key features:

e Student ID: A unique identifier for each student, ensuring privacy and enabling longitudinal tracking.
Quiz Scores: A record of quiz performance, including submission times and scores for each quiz.
Assignment Submissions: Detailed logs of assignment submission times and grades.

Forum Participation: Metrics on the number of posts, replies, and interactions in discussion forums.
Activity Logs: Timestamped logs of login times, video watch durations, and course material views.

2.5 Model Description and Architectural flow

The proposed LSTM maodel is created using the Keras API, featuring two LSTM layers, each with 50
LSTM units, and an attention mechanism placed between the LSTM layers. This attention mechanism allows
the model to selectively focus on key parts of the input sequence, enhancing the predictive performance. A
Time Distributed Dense layer with a sigmoid activation function is used for binary prediction at each time step,
making the model capable of producing predictions for multiple sequential outputs. Compared to previous
models like Random Forest and Support Vector Machines, which have achieved up to 95% accuracy , this
LSTM model benefits from its ability to capture temporal dependencies and periodic behaviors, which are
crucial for predicting learner performance over time. While other studies in the education domain have utilized
feed-forward neural networks and decision trees, they often overlook the importance of the sequence in
learning activities. By integrating an attention mechanism, this LSTM model is not only capable of leveraging
these sequential dependencies but can also provide insight into which features (such as quiz scores and
assignments) have the most significant impact on predictions.

The model architecture thus comprises of two LSTM layers having 50 LSTM units each, an attention
mechanism and a Time Distributed Dense layer with sigmoid activation Function and the learning rate (LR) of
0.001.

Figure 1 explains the Architectural Flow of the model illustrating the steps from data selection, loading
and preprocessing, model evaluation and outcome of the model.
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Figure 1. Architectural flow of the Model

3. RESULTS AND DISCUSSION

The results obtained highlights the Model’s performance through various metrics, supplying valuable
insights for evaluating the effectiveness of LSTM in predicting the learning outcomes of online learners in our
study.
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3.1 Metrics and Evaluation
The evaluation metrics for the model are described as follows:

1. Lossisametric used to find the dissimilarity between the predicted and the actual results. Lower values for
this metric are indicative of better model performance.

2. Accuracy is a measure for how correctly the model is able to predict the learner’s outcomes and how often
the model produces correct predictions.

3. Precision reflects the level of accuracy of positive predictions demonstrating the model’s capability to
identify positive outcomes.

4. Recall is a metrics that focuses on the models ability to capture all the positive outcomes.

5. Area Under the Curve (AUC) signifies the model’s ability to distinguish between positive and negative
outcomes across various levels of thresholds.

6. Validation results are computed by working with separate dataset assisting the assessment of model’s
generalised performance

7. The average attention weights are computed for finding the significant contribution of features like quiz
component and assignments in model’s prediction results.

The performance of the models is remarkable as it showed an accuracy of 98.32%, Precision and recall
were computed to be more than 98%, which denotes that the model is able to accurately predict for both the
positive as well as negative outcomes. Moreover, the AUC values are 99.68% and impressively explain that the
model is effectively able to discriminate between positive and negative outcomes as presented in Table 2.

Table 2. Model Performance

Evaluation Metrics
Loss 0.050473
Accuracy 0.983194
Precision 0.986244
Recall 0.995818
AUC 0.996750

Table 3. Attention weights for Periodic Assessments

Average Attention Weights
Quizl 0.628
Quiz2 -0.571
Quiz3 -0.620
Quiz4 0.625
Quizb - 0.558
Quiz6 - 0.600
Quiz7 -0.594
Quiz8 0.620
Quiz9 0.576
Quiz10 0.569
Quizll 0.588
Quiz12 -0.430
Quiz13 0.691
Quizl4 0.576
Quizl5 -0.617
Assignmentl 0.596
Assignment 2 -0.566

The results inclusively suggest that the proposed LSTM model with attention mechanism has been
effective in predicting the learner’s performance based on periodic submissions and activities like quizzes
conducted in phased out manner during the course duration on Virtual Learning Environments (VLES).

This LSTM model with attention mechanisms achieved an accuracy of 98.32%, a precision of over
98%, and an AUC score of 99.68%. These results are impressive when compared to previous studies that
utilized traditional machine learning techniques, which typically achieved accuracy levels ranging from 80% to
95%. The inclusion of the attention mechanism allowed the model to focus on critical features like quiz
components and assignment submissions, resulting in more precise and actionable predictions.

Moreover, the average attention weights, as shown in Table 3, disclose that features related to periodic
assessments have a more significant influence on prediction outcomes than other features, which could be
crucial in identifying at-risk students early on. By integrating attention mechanisms with LSTM networks, this
model addresses the shortcomings of previous methods that did not account for temporal patterns and
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dependencies adequately. This is a significant innovation as it allows for more timely and personalized
interventions by educators.

The average attention weights as seen in the Table 3 provides perspectives of the features
contributing to the model’s predictions. It is observed that the features with higher absolute attention weights
have a significant influence in determining the outcomes.

Our study also addresses the shortcomings of earlier methods that did not account for temporal patterns
and dependencies adequately. By integrating LSTM networks with attention mechanisms, we can better capture
and utilize the sequential nature of student interactions with online platforms, which previous models often
overlooked. This is a significant contribution as it allows for more timely and personalized interventions.

The primary limitation of this model lies in its computational complexity. LSTM maodels, particularly
when combined with attention mechanisms, can be resource-intensive, requiring significant computational
power for training. Future research should focus on optimizing the model for better scalability, perhaps by
incorporating more efficient architectures like GRU (Gated Recurrent Units) or Transformer models, which
have been shown to outperform LSTMSs in some contexts. Moreover, while our model achieves high predictive
accuracy, it is heavily reliant on the quality of input data. Further studies should explore the model's
adaptability across different educational settings and datasets to enhance its generalizability.

3.2 Interpretation of Results

The results and findings from the proposed LSTM model with attention mechanism trained using data
logs collected from VLEs upholds several key insights. The model evaluation shows that the model performs
accurately and yield precise output in terms of AUC and recall to substantiate that the model is reliable for
prediction of learner’s performance based on periodic submission like assignments and quiz performances.
Such a model could be useful to educator for providing early alerts by identifying underperforming learners.
Moreover, the model may serve as a useful tool to develop personalized intervention as per the requirement of
individual learners.

3.3 Ethical Implications of Predicting Student Performance

The use of predictive models like LSTM with attention mechanisms to forecast student performance
and identify at-risk learners can offer tremendous benefits in educational settings. However, such models must
be implemented responsibly to avoid potential negative consequences. One of the primary concerns with using
predictive models in education is the collection and use of sensitive student data. These models often rely on
detailed records of student interactions, assessments, and other personal information, which raises questions
about privacy and data security. Models like LSTMs, especially when combined with attention mechanisms,
are often complex and lack transparency. This "black-box" nature can make it challenging for educators and
students to understand how decisions are being made. Predicting student performance carries the risk of self-
fulfilling prophecies, where students who are labeled as "at-risk" might internalize the prediction and exhibit
behaviors that align with this label. Such predictions, if not used responsibly, can also influence how teachers
perceive and interact with students. To ensure the responsible use of predictive models in educational settings,
institutions must balance the potential benefits of early identification and support for at-risk learners with the
ethical risks associated with privacy, fairness, and transparency. Establishing robust data governance policies,
incorporating bias mitigation strategies, and ensuring human oversight are essential steps in fostering a fair and
supportive learning environment that respects the rights and dignity of all students.

3.4 KEY FACTORS

In our study, several key factors have been identified that significantly contribute to the predictive
power of the LSTM model with attention mechanisms. Understanding these factors is crucial for educators
aiming to enhance student outcomes through timely interventions. Below, we delve into the specific factors
derived from the dataset and their respective contributions:

Quiz Scores: Quiz scores emerged as one of the most critical predictors of student performance, as
evidenced by the attention weights assigned to various quizzes (e.g., Quizl received an average attention
weight of 0.628). Higher quiz scores correlate positively with overall performance, suggesting that consistent
performance in quizzes indicates strong engagement and understanding of the material. This emphasizes the
need for educators to monitor quiz performance closely and provide support for students who struggle with
these assessments.

Assignment Submission Timing: The timing of assignment submissions also plays a significant role
in predicting student success. Students who submit assignments on time tend to perform better overall. For
instance, the average attention weight for Assignmentl was 0.596, indicating its importance in the prediction
model. Early submissions can suggest proactive engagement, while late submissions may indicate potential
academic challenges or lack of motivation, prompting the need for interventions.

Predictive Analysis of Learner’s Performance in Online Environments (Smruti Nanavaty et al)
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Frequency of Engagement: The data includes various engagement metrics, such as the number of
forum posts, replies, and overall interaction with course materials. These factors can serve as indicators of
student commitment and interest. High engagement levels often correlate with better performance, suggesting
that students actively participating in discussions are likely to perform better academically.

Activity Log Analysis: Timestamped activity logs, including login times and video watch durations,
offer insights into student behavior patterns. Consistent login behavior and extended durations spent on course
materials can positively influence performance outcomes. For instance, students who frequently access content
and participate in synchronous learning opportunities may be more likely to achieve higher grades.

By expanding our analysis of the predictive factors, we establish a clearer understanding of the
elements that contribute most to the model's predictive power. The insights gained from this analysis can
inform educators about which aspects of student engagement to monitor closely, enabling them to implement
timely interventions for at-risk learners. Future research could explore additional dimensions, such as the
impact of demographic factors or external commitments on student performance, further enhancing our
predictive capabilities in educational settings.

3.5 Practical Implications of The At-Risk Learner Detection Model For Educators:

The developed LSTM model with attention mechanism provides an effective tool for identifying at-
risk students early in online learning environments. However, the value of such a predictive model is fully
realized only when the insights are translated into actionable strategies for educators.

Early Identification and Proactive Interventions: The primary advantage of using the LSTM model is
its ability to identify at-risk learners early in the course based on their engagement patterns and periodic
assessment performances. This early detection allows educators to intervene before students experience
significant academic difficulties.

Personalized Learning Pathways: The attention mechanism within the model can highlight which
specific activities (e.g., quizzes, assignments, or forum participation) have the greatest impact on the prediction
of student performance. This information can be used to design personalized learning pathways and resources
for each student based on their unique engagement patterns.

Adaptive Course Design: The model’s predictions can also inform course design by identifying
common points where many students tend to struggle or disengage. By analyzing patterns across multiple
cohorts, educators can pinpoint specific content areas or course structures that may need modification.
Real-Time Monitoring and Alerts: The model can be integrated into the learning management system (LMS) to
provide real-time monitoring of student engagement and performance. Real-time alerts can be generated when
the model predicts a sudden drop in engagement or a shift to a higher risk category.

Facilitating Peer Support and Collaborative Learning: The predictions from the model can be used to
foster a collaborative learning environment by pairing or grouping students based on their predicted
performance levels and learning needs. For instance, students at risk in certain topics can be paired with those
who have a strong understanding of the same topics, encouraging peer learning and support.

Enhanced Communication Strategies: The model’s outputs can be used to tailor communication
strategies to engage at-risk learners more effectively. For example, students flagged as disengaged can receive
personalized messages that emphasize the importance of consistent engagement and offer support resources.
Informing Institutional Policies and Resource Allocation: The aggregate data generated from the model’s
predictions can provide valuable insights for educational administrators to make informed decisions about
resource allocation and policy adjustments.

Ethical and Fair Use of Predictive Models: Finally, while leveraging predictive models in educational
settings can have significant benefits, it is crucial to use these tools ethically. Educators should be cautious not
to label or stigmatize students based on predictions and should always contextualize the model’s outputs with
qualitative insights and human judgment.

The practical implications of the LSTM-based at-risk learner detection model extend far beyond
predictive accuracy. By providing early identification and insights into student behavior, the model can be
leveraged to design personalized learning pathways, inform adaptive course design, and enhance real-time
monitoring and support strategies. However, to realize these benefits, the model must be implemented
thoughtfully, with a focus on ethical considerations and the inclusion of human judgment. When used
responsibly, this predictive tool can significantly improve educational outcomes and foster a more supportive,
engaging, and inclusive learning environment.

4. CONCLUSION
To sum up, the application of Long Short-Term Memory (LSTM) networks with attention
mechanisms opens new perspectives for educational predictive analytics [13]. The current study demonstrates

IJEEI, Vol. 12, No. 4, December 2024: 758 — 767



1JEEI ISSN: 2089-3272 a 765

the effectiveness of these advanced techniques in analyzing temporal patterns and key features, providing
essential information about student performance. The LSTM model with attention mechanisms achieved an
impressive accuracy of 98.32%, precision and recall of over 98%, and an AUC of 99.68%, outperforming
previous studies that utilized traditional machine learning techniques. The novelty of this research lies in its
ability to leverage temporal dependencies and periodic behaviors of learners, which previous models often
overlooked. By integrating attention mechanisms, the model highlights significant features, such as quiz
components and assignment submissions, allowing for more precise and actionable predictions. This
innovation enables educators to identify at-risk learners earlier and design personalized interventions,
enhancing learner support and retention on virtual learning platforms.

However, the model's performance is heavily reliant on the quality and comprehensiveness of the
input data, and the implementation is computationally intensive. Future improvements could focus on
enhancing scalability, interpretability, and integration with various virtual learning environments. Open
questions remain about adapting the model to different educational contexts and understanding the long-term
impacts on learners' outcomes. The prospects for applying LSTM networks with attention mechanisms in
educational predictive analytics are vast, with future research needed to refine these models and explore the
integration of other deep learning techniques. This study contributes to the theoretical understanding of using
deep learning in educational settings, providing a foundation for future research and motivating other
researchers to explore similar approaches. The quantitative data and insights highlight the potential of these
techniques to revolutionize educational predictive analytics, paving the way for more personalized and
effective interventions to support student success.

4.1 Pros and Cons of the Developed At-Risk Learner Detection Method using LSTM

The developed method for at-risk learner detection employs a Long Short-Term Memory (LSTM)
model augmented with an attention mechanism. This model is tailored to capture the temporal dependencies
and periodic behaviors of learners in online learning environments. While the approach shows promise, it has
both strengths and limitations.

Pros:

®=  Capturing Long-Term Dependencies: The LSTM architecture is well-suited to handle sequential data and
long-term dependencies, which are crucial for analyzing student engagement over time.

= Use of Attention Mechanism: The integration of an attention mechanism improves interpretability by
enabling the model to dynamically focus on the most critical time periods and features.

= High Predictive Accuracy: According to the paper, the model achieves an impressive predictive accuracy
of 98.32%, with high precision and recall. This indicates the method’s robustness in distinguishing
between at-risk and non-at-risk learners, making it a reliable tool for early intervention.

= Effective for Periodic Engagement Analysis: The model is particularly effective at capturing the periodic
nature of student activities, such as weekly quizzes and assignment submissions.

= Automated Feature Learning: Unlike traditional models, which require manual feature selection and
engineering, Istms can automatically learn which temporal aspects are most relevant.

= Scalability Across Different Courses and Platforms: The model’s flexibility makes it adaptable to various
online courses and educational platforms.

= Early Detection and Timely Interventions: The LSTM model with attention is capable of providing early
alerts, allowing educational institutions to intervene before a learner falls significantly behind.

Cons:

= Lack of Interpretability: Despite the inclusion of attention mechanisms, the overall interpretability of the
LSTM model remains limited due to their complex architecture.

= Sensitivity to Data Quality and Quantity: The model’s performance heavily depends on the

quality and comprehensiveness of the input data. If the data lacks sufficient granularity or
contains missing entries, the LSTM might fail to capture essential patterns, leading to unreliable
predictions.

= Potential for Overfitting: With a high number of LSTM units and attention layers, there is a risk of
overfitting, especially if the training data is not sufficiently representative of real-world scenarios.

= Computational Complexity: LSTM models, especially when combined with attention mechanisms, are
computationally intensive and require significant resources for training and deployment.

Predictive Analysis of Learner’s Performance in Online Environments (Smruti Nanavaty et al)
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= Limited Insight into Causal Factors: While the model is effective at predicting which students are at-risk,
it does not provide much insight into the why. This lack of causal understanding limits the ability of
educators to design targeted interventions based on specific underlying issues.

= Dependence on Temporal Regularity: The LSTM model performs best when there is a regular temporal
pattern in the data. If students exhibit highly irregular or sporadic engagement patterns, the model’s
predictive power may degrade.

= Scalability Challenges for Real-Time Analytics: For courses that require real-time monitoring of student
engagement, the LSTM model might be too resource-intensive to deploy in a real-time setting.

4.2 Limitations

The LSTM model has various limitations like Interpretability Issues and Potential Biases in Data.
Addressing these limitations we can apply a combination of techniques such as explainable Al (XAl) methods
to improve interpretability, careful feature engineering, and strategies like re-sampling or weighting to mitigate
data biases as future work. The developed LSTM with attention mechanism provides a powerful and accurate
method for detecting at-risk learners in online learning environments, with significant strengths in capturing
temporal dependencies and periodic engagement patterns. However, challenges related to interpretability, data
dependency, computational complexity, and bias must be addressed to ensure that the model is both effective
and ethically sound for broader implementation. Future work could focus on improving the model’s
interpretability and robustness, as well as developing strategies to handle irregular engagement patterns more
effectively.
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