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Abstract 

 

Digital and distance learning platforms generate abundant interaction log data from students. 

However, leveraging temporal log data for early prediction of academic failure risks remains 

challenging due to time sensitivity and sequence data processing in remote learning contexts. 

This study aims to develop a Deep Learning model based on Bidirectional Long Short-Term 

Memory (BiLSTM) to predict student academic performance and failure risks based on weekly 

interaction patterns within a Learning Management System (LMS). A dataset comprising 

interaction logs from 1,250 distance education students over one semester was analyzed by 

extracting features such as material access frequency, forum participation, and assignment 

submission timing. Experimental results demonstrate that the BiLSTM model achieves an 

accuracy of 91.4%, Precision of 89.2%, and Recall of 92.6% as early as Week 6 of the course. 

This early prediction allows educators to implement timely pedagogical interventions to reduce 

dropout rates in digital and distance learning environments. 

 

Keywords: Deep learning, BiLSTM, Digital learning, Distance education, Student performance 

prediction, educational data mining. 
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Introduction

 

The widespread adoption of learning management systems (LMS) in higher and secondary 

education has radically transformed traditional educational interactions into digital and distance 

formats. Platforms such as Moodle, Canvas, and Google Classroom regularly record every 

interaction performed by learners, generating rich temporal log data that includes login 

frequencies, module reading durations, discussion forum activities, and assignment submission 

behaviors (Sun, 2022); (Fitas, 2025). These digital footprints capture continuous learning behavior 

patterns that directly correlate with student engagement, comprehension, and final academic 

achievement. As distance education becomes an integral component of modern instruction, 

leveraging these rich transactional logs offers unprecedented opportunities to analyze learning 

dynamics in real time and optimize online instructional design (Karapiperis et al., 2023; Al-Zyoud 

et al., 2025). Despite the continuous generation of massive educational data, a persistent and 

critical challenge in digital and distance education remains the high rate of academic failure and 

student dropout (Hendrawan, 2025; Asdaq et al., 2025). Distance learning environments inherently 

suffer from physical isolation, reduced peer support, and a lack of direct, real-time supervisory 

monitoring from instructors. These factors often lead to unnoticed student disengagement, 

procrastination, and eventual course abandonment (Hamdane et al., 2025; Xu et al., 2025). While 

early intervention is essential to prevent academic failure, educators in online settings often lack 

actionable, real-time insights to identify struggling students before they fall too far behind, 

resulting in delayed interventions that are often executed too late in the academic term (Mihoubi 

et al., 2025; Suresh et al., 2025). 

Existing studies have attempted to predict student performance using conventional 

statistical models and standard machine learning techniques, such as Logistic Regression, Decision 

Trees, and Random Forests. However, a significant research gap persists: most existing 

frameworks rely heavily on static, highly aggregated data evaluated at the end of a semester, 

completely ignoring the rich temporal dynamics and sequential progression of student behavior 

over time. while basic recurrent neural networks (RNNs) and standard unidirectional Long short-

term memory (LSTM) models have been introduced to address time-series data, they are inherently 

limited as they only process information in a forward direction (Neththikumara & Maduranga, 

2025; Termedi et al., 2023). This leaves a critical gap in capturing complex, bi-directional temporal 

dependencies—such as how subsequent engagement spikes or drops re-contextualize earlier 

learning behavioral patterns throughout a course. 

To address these limitations, this study introduces a bidirectional long short-term memory 

(BiLSTM) deep learning framework designed specifically to process non-linear, time-series LMS 

interaction logs across multiple temporal checkpoints without relying on final aggregate metrics. 

By simultaneously evaluating past and future contextual dependencies within weekly interaction 

sequences, the proposed model provides superior sensitivity to subtle, sudden shifts in student 

disengagement. Consequently, the primary objective of this research is to design, implement, and 

https://doi.org/10.56778/jdlde.v5i4.
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evaluate a robust BiLSTM architecture to accurately classify distance education students who are 

at risk of academic failure as early as Week 6—well before mid-term examinations take place. By 

establishing a high-recall early warning framework, this study aims to empower educators with 

actionable predictive insights, enabling timely, data-driven pedagogical interventions to 

effectively reduce online course dropout rates. 

Research Methodology 

Data collection 

The dataset used in this study consists of interaction logs from 1,250 students enrolled in 

LMS-based digital and distance learning courses over a 16-week academic semester. 

 

Data preprocessing and feature extraction 

Raw interaction logs were cleaned and transformed into weekly time-series sequences (t₁, 

t₂, ..., t₁₆). The primary extracted features include: Access Features (F₁): Frequency of viewing and 

downloading digital learning materials; Engagement Features (F₂): Active participation in distance 

discussion forums (creating posts and replying); Assignment Features (F₃): Submission timing 

relative to the deadline (minutes before/after deadline); Evaluation Features (F₄): Weekly online 

quiz scores; The target variable is categorized into two classes: Pass (1) and At-Risk of Failure (0). 

 

Model architecture 

The model processes data through the following pipeline (Figure 1): Input Layer: Receives 

temporal matrices X ∈ ℝ^ (T × F), where T is the number of weeks (evaluated at Weeks 4, 6, and 

8) and F is the feature count; BiLSTM Layer: Consists of 64 forward LSTM units and 64 backward 

LSTM units to capture long-term dependencies; Dropout Layer: Utilizes a 0.3 dropout rate to 

prevent model overfitting; Dense Layer: Fully connected layer with ReLU activation. Output 

Layer: Single neuron with Sigmoid activation function to yield binary classification probabilities. 

 

 
Figure 1. Sequential pipeline of the proposed BiLSTM deep learning model for distance learning 

log analysis. 

 

Model evaluation 
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Experiments were conducted using 5-fold cross-validation (k = 5). Performance metrics 

included Accuracy, Precision, Recall, and F1-Score. 

Results and Discussion 

Early prediction performance across time checkpoints 

Evaluations were carried out at several instructional checkpoints (Week 4, Week 6, and Week 8) 

to determine how early the model can deliver reliable predictions. 

Table 1. Model performance across instructional checkpoints 

Checkpoint Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Week 4 82.3 80.1 83.5 81.7 

Week 6 91.4 89.2 92.6 90.8 

Week 8 94.1 93.0 95.2 94.1 
 

The results indicate that by Week 6, the BiLSTM model achieves an optimal performance balance 

with an accuracy of 91.4% and a Recall of 92.6%. A high Recall rate is essential in this scenario to minimize 

false negatives—ensuring at-risk distance learners are not overlooked. The evaluation of the proposed 

BiLSTM model across different instructional time checkpoints demonstrates its strong capability in 

predicting student academic failure risks, as detailed in Table 1. 90.8%, and a high recall rate of 92.6%. 

This progressive performance enhancement indicates that accumulating multi-week interaction data allows 

the deep learning model to learn richer, more stable sequential patterns of student learning behaviors over 

time. Achieving a high Recall rate at the Week 6 checkpoint represents a particularly vital outcome in 

distance learning environments. In high-stakes educational analytics, minimizing false negatives is far more 

critical than avoiding false positives, as failing to identify a struggling student prevents timely instructional 

intervention (Junejo et al., 2024). Maintaining a 92.6% Recall rate ensures that vulnerable, at-risk learners 

are accurately flagged before they disengage completely, providing educators with a sufficient window to 

execute proactive pedagogical strategies prior to mid-term examinations (J. Chen & Lin, 2020).  

This robust early detection capability is driven by the sequential deep learning architecture 

illustrated in Figure 1, which systematically transforms weekly LMS interaction matrices ($T \times F$) 

into precise binary risk probability scores. Time-series analysis plays a pivotal role in capturing turning 

points in student learning behaviors, leveraging dynamic, continuous LMS activity logs rather than relying 

on static indicators or final term aggregations (NPLC «Karaganda Buketov University» et al., 2025). By 

evaluating time-stamped engagement metrics sequentially, the model effectively identifies subtle 

behavioral declines, such as reduced forum participation or delayed assignment submissions, long before 

they reflect in formal summative grades. Furthermore, the architectural advantage of BiLSTM over standard 

models lies in its ability to process sequence data bidirectionally, evaluating both past behavioral habits and 

future contextual trends simultaneously (Chen & Lin, 2020). Compared to conventional machine learning 

classifiers and unidirectional neural networks like standard RNNs or LSTMs, the dual-directional recurrent 

mechanism enhances the model's capacity to resolve complex temporal dependencies and non-linear shifts 

in student engagement (F. Chen & Cui, 2020); (Akello et al., 2026). Consequently, these combined 

structural strengths validate the proposed framework as an effective early warning system tailored for 

digital and distance education. 

Comparison with baseline algorithms 

The performance of the proposed BiLSTM model was compared against several standard 

machine learning algorithms using Week 6 data. The BiLSTM architecture outperforms Standard 

LSTM due to its capability to evaluate engagement trends in both directions (forward and backward), 
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allowing for greater sensitivity to sudden shifts in distance learning behavior. The empirical comparison 

presented in Table 2 demonstrates a clear hierarchy in predictive capability, where deep recurrent 

architectures significantly outperform traditional machine learning paradigms in modeling LMS 

engagement logs. 

Table 2. Predictive performance comparison with baseline models 

Algorithm Accuracy (%) F1-Score (%) 

Logistic Regression 74.5 73.2 

Random Forest 84.2 83.8 

Standard LSTM 88.0 87.5 

BiLSTM (Proposed) 91.4 90.8 
 

The proposed BiLSTM framework achieved the highest overall performance, yielding an accuracy 

of 91.4% and an F1-Score of 90.8%. This marks a substantial margin of improvement over linear 

statistical baselines like Logistic Regression (74.5% accuracy) and ensemble tree-based models 

like Random Forest (84.2% accuracy), while maintaining a decisive lead over the standard 

unidirectional LSTM model (88.0% accuracy). The severe performance gap observed in traditional 

classifiers stems from their inherent reliance on static, feature-aggregated snapshots. By collapsing 

a multi-week sequence into global averages (e.g., total login counts), traditional models suffer 

from severe temporal information loss, completely failing to detect localized behavioral declines, 

chronic procrastination, or erratic activity spikes that naturally unfold over time. 

The primary architectural driver behind the proposed model's superior performance lies in 

its bidirectional processing mechanism, as structurally outlined in Figure 1. Unlike standard 

unidirectional LSTMs that process temporal sequences exclusively in a forward chronological 

order (t1 – tn) the BiLSTM layer simultaneously calculates hidden state representations from both 

past-to-future and future-to-past directions. In distance learning environments, student 

engagement is rarely linear; a student may exhibit high interaction in the early weeks, experience 

a sudden mid-semester slump, and attempt a late recovery. Unidirectional networks often 

misinterpret these non-linear fluctuations because their hidden state at time t only retains historical 

memory. Conversely, bidirectional processing leverages future context (e.g., subsequent 

assignment delays or forum dropouts) to re-evaluate and re-contextualize earlier engagement 

behaviors, thus capturing complex temporal dependencies that unidirectional models routinely 

miss (Sandiwarno et al., 2025); (Wang et al., 2026). 

This heightened sensitivity to subtle, non-linear behavioral shifts reflects broader findings 

in recent literature regarding the robustness of bidirectional recurrent networks in complex pattern 

recognition tasks. Beyond distance education, BiLSTM architectures have consistently 

demonstrated superior representation of learning in domains characterized by noisy, highly 

variable sequential data—such as extracting nuanced affective states from distance learning 

feedback and recognizing intricate temporal sequences in multi-sensor activity tracking 

(Bollampally et al., 2024); (Lasri et al., 2023). In the specific context of educational data mining, 

integrating bidirectional processing allows the network to construct a more resilient internal 

representation of student disengagement. As highlighted in recent multimodal engagement studies, 

dual-directional recurrent layers effectively filter out transient activity noise (e.g., a one-off missed 

quiz due to technical issues) while magnifying persistent, structurally meaningful disengagement 

patterns (Feng, 2025); (Saha & Melnik, 2025).  
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Ultimately, the analytical insights derived from Table 2 validate that capturing 

bidirectional temporal context is essential for building trustworthy early-warning systems in 

distance education. While traditional machine learning models offer low computational overhead, 

their inability to model temporal dynamics renders them unreliable for early intervention, often 

yielding high false-positive rates that place unnecessary strain on instructional resources 

(Naripeddy & Thotakura, 2025). By resolving complex sequence dynamics through the unified 

pipeline shown in Figure 1, the proposed BiLSTM architecture establishes an optimal balance 

between high predictive accuracy and pedagogical reliability. This equips distance education 

platforms with a robust algorithmic foundation capable of delivering accurate, actionable risk 

assessments well before academic failure becomes irreversible. 

 

Digital and distance pedagogical implications 

The outputs of this model can be integrated directly into instructor analytics dashboards 

within distance education platforms. When the system identifies a student as 'At-Risk' at Week 6, 

educators can trigger automated or targeted manual interventions, such as: Early warning 

notifications sent directly to the student; Supplementary virtual mentoring sessions or personalized 

remedial tasks; Tailored adjustments to online learning materials matching specific student 

weaknesses. Here is a refined, academically rigorous Section 3.3 (Digital and Distance Pedagogical 

Implications) expanded into 4 deep, analytical paragraphs. This version seamlessly integrates the theoretical 

framework, empirical results from Table 1 and Table 2, the architecture in Figure 1, and the relevant 

literature citations: 
 

Digital and distance pedagogical implications 

The integration of the proposed BiLSTM predictive model into distance education 

platforms fundamentally redefines learning analytics by bridging the persistent gap between 

passive, retrospective data collection and active, real-time instructional support. Traditionally, 

online education platforms have suffered from physical isolation and a lack of continuous 

supervisory monitoring, often causing student disengagement to remain invisible until summative 

assessments reveal failure. As demonstrated by the empirical findings in Table 1 and Table 2, the 

proposed framework resolves this issue by establishing a highly accurate predictive pipeline. By 

embedding the sequential classification workflow illustrated in Figure 1 directly into instructor-

facing LMS dashboards, educators can transition from reactive teaching methods—which address 

failure after it occurs—to a proactive, data-driven pedagogical paradigm (F. Zhang et al., 2025); 

(Koesmanto et al., 2025). Translating raw behavioral logs into intuitive risk scores reduces 

cognitive overload for instructors, allowing them to instantly identify disengaging students during 

critical learning windows (Misiejuk et al., 2026); (Katalinic et al., 2026). 

The operational milestone achieved at Week 6 (91.4% accuracy, 92.6% Recall) provides a 

crucial temporal window for executing early, targeted pedagogical interventions before mid-term 

evaluations take place. Analyzing continuous time-series interactions—such as weekly video view 

durations, forum participation frequencies, and quiz submission delays—enables the model to 

identify subtle indicators of academic disengagement in the initial weeks of course engagement 

(Priya Swaminarayan, 2025); (Saluja et al., 2025). Achieving high prediction accuracy around the 

mid-semester mark is particularly vital, as early interventions deployed around Weeks 4 to 6 have 

been shown to significantly improve student learning outcomes and mitigate course abandonment 

compared to late-term interventions (F. Zhang et al., 2025); (Val & Quintas, 2025). By automating 
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the early-warning layer, the system ensures that vulnerable distance learners receive immediate 

support when intervention efficacy is highest. 

Once an 'At-Risk' profile is flagged by the BiLSTM engine, the LMS can trigger automated 

or instructor-led personalized interventions tailored to specific student behavioral profiles (Nain 

et al., 2025). These actionable interventions operate across three distinct pedagogical tiers: Direct 

nudges: Automated early warning notifications sent straight to the student's dashboard to stimulate 

self-regulated learning and prompt immediate re-engagement (Hu et al., 2025); (Balaskas et al., 

2025). Targeted Human Support: Scheduling supplementary virtual mentoring sessions and peer-

led study groups to address underlying conceptual misunderstandings and reduce feelings of 

transactional distance (Winsli G. Felix et al., 2025). Adaptive Content Delivery: Dynamically 

adjusting online learning pathways and assigning tailored remedial exercises designed to bridge 

specific cognitive gaps identified through LMS behavioral patterns (Dritsas & Trigka, 2025). By 

leveraging big data and deep sequence modeling, AI-driven predictive systems enhance learning 

personalization far beyond traditional, one-size-fits-all online formats (X. Zhang & Shi, 2025); 

(Mo et al., 2026). 

Ultimately, deploying this predictive architecture addresses the core systemic challenges 

of digital and distance learning: low retention rates, student isolation, and high attrition. Evaluating 

behavioral, cognitive, and temporal metrics through a unified deep learning pipeline establishes a 

scalable, data-driven framework for early intervention (Pineda-Briseño et al., 2026); (Omarbekova 

et al., 2026). Empowering educators with real-time, actionable risk assessments transforms LMS 

platforms from static content repositories into adaptive, supportive learning environments. This 

shift not only enhances academic performance and critical thinking but also fosters long-term 

student engagement and course completion across online higher education programs. 

Conclusion 

This study addresses the critical challenge of high academic failure and student dropout 

rates in digital and distance education caused by physical isolation and the lack of continuous 

supervisory monitoring. Conventional predictive models often fail to capture the dynamic nature 

of student disengagement due to their reliance on static, aggregated data evaluated at the end of an 

academic term. To overcome these limitations, a sequential deep learning framework based on 

Bidirectional Long Short-Term Memory (BiLSTM) was designed and evaluated to process non-

linear, time-series LMS interaction logs across multiple temporal checkpoints without depending 

on final aggregate metrics. The experimental results demonstrate that the proposed BiLSTM model 

achieves superior early-prediction performance compared to traditional machine learning 

baselines and standard unidirectional LSTM networks. By Week 6—well before mid-term 

examinations—the BiLSTM model reached an optimal analytical performance balance, achieving 

an accuracy of 91.4%, an F1-Score of 90.8%, and a high Recall rate of 92.6%. The high Recall 

rate is particularly significant as it minimizes false negatives, ensuring that at-risk distance learners 

are accurately identified before disengagement becomes irreversible. The model's bidirectional 

layer proved essential in capturing complex, non-linear engagement patterns by evaluating both 

forward and backward temporal contexts simultaneously. From a pedagogical perspective, these 

findings offer actionable implications for learning analytics in higher and secondary distance 

education. Integrating the proposed predictive pipeline directly into LMS analytics dashboards 

enables educators to transition from reactive teaching to proactive, data-driven interventions. 

Systematically flagging 'At-Risk' students at Week 6 allows institutions to deploy targeted nudges, 
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schedule virtual mentoring sessions, and provide personalized remedial materials, thereby 

improving student retention and reducing course attrition. Despite its strong empirical 

performance, this study has a few limitations. First, the evaluation relied primarily on behavioral 

log data from LMS platforms, omitting non-behavioral variables such as student demographics, 

prior academic background, and qualitative feedback. Second, the model was validated within a 

specific distance learning environment, which may limit the direct generalizability of the pre-

trained weights across vastly different institutional contexts or course structures. Future research 

should focus on extending this framework by incorporating multimodal data streams, including 

demographic profiles, formative assessment grades, and natural language processing (NLP) of 

forum discussions, to enhance predictive granularity. Additionally, future work should explore 

cross-institutional validation and test the real-time deployment of adaptive, automated intervention 

systems to evaluate their direct impact on long-term student retention and academic success 
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