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The increasing reliance on the learning management system (LMS) in this era of digital education 
offers a vital source of student data that can be leveraged to predict student academic progress. 
Predicting student academic progress in higher education (HE) supports timely intervention and 
enhances student retention. This study develops and compares multiple machine learning (ML) 
and deep learning (DL) models to identify at-risk students based on students’ interaction data 
with LMS by leveraging an integrated DSR methodology. Multiple predictive models are 
developed by incorporating data augmentation and balancing techniques to address class 
imbalance and enhance the accuracy of the predictive model. The study compares ten different 
models to achieve the highest classification accuracy in predicting students at risk of failing 
through the integration of through the integration of both ML and DL algorithms, including 
random forest, decision tree, convolutional neural networks, multi-layer perceptron, and long 
short-term memory (LSTM). The comparison results unscored the value of the DL based 
predictive model in the HE setting to precisely predict student academic performance, 
particularly the LTSM based model, which has the highest and nearly perfect accuracy. The 
existing LMS systems can incorporate this DL based predictive model to provide educational 
stakeholders with benefits and insights that support students’ academic journeys and 
institutional success. 

Keywords: machine learning, deep learning, design research, higher education, LMS data, 
student academic progress 

INTRODUCTION 

Learning management system (LMS) data provides a strong foundation for predicting student 
performance, a growing research area. LMS data is automatically generated through student behaviors and 
interactions with LMS that can be harnessed to anticipate their academic outcomes and implement 
appropriate support mechanisms if required. Early recognition of students at risk of failing allows for 
implementing appropriate intervention before students reach critical points of failure. Automated and data-
driven approaches are increasingly being utilized in addition to traditional methods of identifying at-risk 
students, which often involve manual assessments, late detection, and delayed interventions (Tamada et al., 
2021). Early and timely identification of at-risk students using data-driven information systems (IS) can 
support education providers in taking appropriate measures effectively to enhance student progress and 
prevent academic procrastination, thereby improving the overall effectiveness of the educational program. 
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Recent research has demonstrated the potential of ML and DL in identifying students who may be at risk 
of poor performance, thus enabling timely and effective educational interventions (Masangu et al., 2020). 

Related Work 

A few examples from existing studies about the application of ML in the educational sector, including but 
not limited to prediction of student enrolments, prediction of resources, career pathway recommendation 
application, adaptive tutoring, prediction of student academic progress or identification of at-risk students. 
Table 1 provides a brief overview of related work in the education sector. 

Figure 1. Overview of proposed educational technology (Source: Authors’ own elaboration) 

In recent literature, machine learning (ML) techniques have been used to analyze and detect patterns that 
can be transformed from educational data. Deep learning (DL) techniques, a subset of ML, employ neural 
networks (NN) for complex insight into datasets. Advanced data analysis techniques, such as ML and DL 
algorithms, are applied to LMS data to recognize patterns and make predictions based on the data. The 
application of ML has not demonstrated potential in accurately predicting student performance and 
identifying struggling students requiring additional support (Masangu et al., 2020). Education providers 
can provide further support through quality learning and teaching to enhance students’ academic 
performance. ML models utilize a wide range of attributes, including demographic information, 
educational records, and detailed logs of student interactions with LMS platforms to provide more 
nuanced insight into student behavior and performance (Badal & Sungkur, 2023; Maraza-Quispe et al., 
2022; Pelima et al., 2024) and can uncover patterns and correlations that might not be evident by traditional 
manual data analysis. Furthermore, the continuous enhancement of these models, as research advances 
and accumulates more comprehensive datasets, promises even greater accuracy and practicality in the 
future (Saleem et al., 2021; Yağcı, 2022). 

This study develops multiple ML and DL models utilizing a publicly available LMS dataset to precisely and 
accurately identify at-risk students. By following integrated DSR methodology, we developed an ML 
based model that uses LMS data and ML techniques to balance the dataset. Our ML model aims to 
enhance prediction accuracy, whether the student is at risk of failing or not, based on their interaction with 
the LMS. The main objective of this research is to achieve the highest classification accuracy of a ML based 
predictive model to identify struggling students by integrating existing class imbalance correction 
algorithms, ML algorithms and DL algorithms. Using the available data generated by LMS offers 
educators a practical and easily deployable tool. Figure 1 provides an overview of our proposed 
educational technology to automatically detect at-risk students from LMS data so appropriate and timely 
measures can be applied to improve student learning. However, this paper focuses solely on building the 
model (highlighted in Figure 1), including developing a predictive model using LMS student interaction data 
and ML and DL algorithms. 

The rest of the paper is arranged as follows: We first briefly explain the related work, standard DL and ML 
techniques, our dataset and performance metrics. Then, we describe the methodology of this study in 
depth. After that we present the discussion on the result of this study, and finally we summarize the 
research and suggest future directions. 

STUDY BACKGROUND 
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Our study aims to identify the most effective predictive model by comparing multiple ML and DL 
algorithms for the identification of at-risk students, contributing nuanced insights to the body of knowledge 
of the IS sector, especially in the context of blended or online learning, which incorporates various methods, 
including video-enhanced learning. 

Existing literature highlights the effectiveness of various ML techniques, such as random forest (RF) or NN 
with LMS platforms dataset, in forecasting student outcomes. For example, ML models are trained and tested 
to analyze LMS clickstream data, which tracks every student interaction with the LMS platform. Different LMS 
users like educators, administrators, and students interact with the platform and generate This LMS data, 
generated by different LMS users like educators, administrators or students, includes user login frequency, 
student assignments submission, time spent or completion of various studies or activities, most visited study 
content, participation in discussions or extracurricular activities posts, all of which can be potentially indicative 
of a student’s academic engagement and academic success or struggles (Alhothali et al., 2022; Aljaloud et al., 
2022; Khan et al., 2023; Paramita & Tjahjono, 2021; Yakubu & Abubakar, 2022). Existing research commonly 
uses LMS clickstream data, including interactions such as login frequency and assignment submissions. 
However, our research focuses explicitly on time spent on LMS activities in general coupled with data related 
to video interactions, including detailed features, such as video plays, pauses, likes, segment views, and time 
spent on Moodle both on and off-campus, which provide a deeper insight into student engagement with video 
content, a vital component of learning using LMS. Analyzing video interaction features (play, pause, like, and 
segment), offers a more granular view of student behavior and uncovers nuanced patterns of student 
interaction with digital academic content growing trend in the education sector, potentially leading to more 
accurate predictions. Also, the primary focus of this study is leveraging attributes generated exclusively by 

Table 1. Brief overview of related work in the education sector 
Related work Summary 
A novel deep learning model for student 
performance prediction using 
engagement data (Fazil et al., 2024) 

This study explores a DL approach to identify students needing additional 
support by predicting academic performance and utilizing engagement data 
from virtual learning environments. 

A deep learning model to predict first to 
second year student retention (Beech & 
Yelamarthi, 2024) 

This study investigates a neural network-based model that uses student 
academic data like GPA, enrollment data, and scores to predict first-year 
engineering student retention. It highlights the challenges in predicting 
student retention; the model accuracy range is 66.7%–95.2%. 

A hybrid deep learning model to predict 
high-risk students in virtual learning 
environments (Syed Masood et al., 2024) 

The study explored the DL models and CNN algorithms to forecast student 
performance and identify at-risk students, achieving an accuracy of 95.67% to 
provide early intervention strategies. 

Video analytics in Moodle using xAPI 
(Judel et al., 2024) 

This study explores the use of xAPI for Moodle video analytics. It logs, tracks 
and analyses detailed student video interactions, including played, paused, 
resumed, finished, and volume changes to analyze student engagement and 
predict academic performance. However, no AI or ML techniques are utilized 
in the study. 

Predicting academic success of college 
students using machine learning 
techniques (Guanín Fajardo et al., 2024) 

This study explores using different ML algorithms to predict academic success 
among college students. The study uses detailed student personal data, 
attendance and educational data to develop predictive models that can help 
identify students at risk of poor academic performance and prevent dropout. 

A narrative review of students’ 
performance factors for learning 
analytics models (Shafiq et al., 2023) 

This study provides a comprehensive review of factors and attributes affecting 
student academic progress and highlights the role of the dataset generated by 
LMS and different ML based prediction models. 

Improving models for student retention 
and graduation using Markov chains 
(Tedeschi et al., 2023) 

The study explored the ML based learning assistant program and showed that 
the Markov model increases confidence and reduces biases for 
underrepresented students to improve the overall graduate rate. 

Predicting student success using big data 
and machine learning algorithms (Ouatik 
et al., 2022) 

The study explored complete student data (personal data, geographic data 
and academic evaluations) to develop and assess a ML based model to predict 
student academic performance. The support vector machine (SVM) base 
model outperforms other ML algorithms in the prediction rate. 

Predicting student performance in a 
blended learning environment using 
learning management system 
interaction data (Fahd et al., 2021) 

This study developed a ML based model by utilizing student LMS interaction 
data to identify students at risk of failing in a blended learning environment. 
The random forest based model demonstrated the highest accuracy among 
multiple other ML based models. 
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Classification accuracy is defined as ( 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹

) and demonstrates the effectiveness of the predictive 

model in a particular context. Classification accuracy is the ratio of correctly classified instances to the total 
instances. Other performance metrics are recall, sensitivity, and precision used in different contexts. 
Sensitivity or recall is defined as ( 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹
) and gauges the ability of the model to identify positive predictions 

correctly, and a high recall value means few actual positives are missed. Precision is defined as ( 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

) and 
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Figure 2. Performance metrics (Source: Authors’ own elaboration) 

LMS so that the implementation can be fully automated and seamlessly integrated into existing educational 
infrastructures to identify at-risk students.  

Most existing studies have used unsupervised ML models to predict student academic progress. 
Decision tree-based methods are particularly favored due to their intuitive ‘if-then’ rule structures, which 
make them effective for predicting student progress and identifying at-risk students. Techniques such as 
decision trees, RF, J48, decision stump, OneR, NBTree, ID3, PART, naïve Bayes, NN, SVM, logistic 
regression, ZeroR, prism, multi-layer perceptron (MLP), and k-nearest neighbor have all been applied in this 
context. In this study, we have developed a predictive model using supervised ML algorithms and DL 
architectures to comprehensively compare their accuracy in predicting at-risk students. The ML and DL 
algorithms used in this study are given later. 

In research studies, student final grades like GPA or final results have often been used as nominal 
attributes and predictors of student academic progress (Alfadhly, 2024; Aslam et al., 2021; Pelima et al., 2024). 
Therefore, this study has considered the final result of a student as the categorical variable for predicting 
student academic performance.  

Data Augmentation Techniques 

Datasets collected from educational technologies are often not correctly labelled and are thus imbalanced. 
According to existing literature, DL models do not consistently demonstrate reasonable prediction accuracy 
or even fail when applied to a small-scale dataset (Najafabadi et al., 2015). The synthetic minority 
oversampling technique (SMOTE) (Chawla et al., 2002) is a data augmentation technique for categorical 
data. SMOTE generates new synthesized data occurrences from the existing minority class instances 
instead of replicating data occurrences. It identifies the k-nearest neighbor of the minority class to 
create new data points along the line segment connecting randomly selected k-nearest neighbors of 
the minority class. However, SMOTE might add overlapping data points and noise as it does not account for 
the possibility that the neighboring data points can be from the majority class. This study applies data 
augmentation techniques to synthetically expand and balance the dataset. 

Performance Metrics 

The confusion matrix, as shown in Figure 2, a performance measurement for ML models, evaluates 
efficacy, effectiveness, utility, and usefulness of a predictive model. It breaks down the prediction of the model 
into true positives (TP), false positives (FP), true negatives (TN), and false negatives (FN) which provides 
calculations for several key metrics. 
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assesses the reliability of positive predictions of the model, and high precision indicates that most positive 
predictions are truly positive. High accuracy, high precision and high recall are crucial for a well-performing 
model, as they show the capacity of the model to predict accurately and make reliable decisions. Precision 
and recall are compared in addition to classification accuracy in this study, as they are crucial for imbalanced 
datasets. An ideal model will return numerous results with high precision and high recall.  

METHODOLOGY 

Integrated DSR Methodology 

The integrated DSR methodology is based on the similarities of DSR and DBR, which is followed to execute 
this study. The integrated DSR methodology consists of (as shown in Figure 3):  

1. problem definition,
2. artifact analysis and definition,
3. design and development of the artifact,
4. artifact evaluation, and
5. outcome communication.

The study starts with a comprehensive problem identification and analysis of existing literature to identify
the need for a highly accurate predictive model to predict students at risk of failing. The analysis drives the 
design requirements and objective of designing a predictive model using LMS interaction data from the 
literature. This analysis frames the design and development of the predictive model by incorporating ML and 
DL algorithms and data scaling and balancing techniques. Next, the study describes the application of these 
predictive models on the LMS dataset. It evaluates and compares the findings of the predictive model’s 
performance using metrics like accuracy, F-measure, and precision, as well as comparing results before and 
after data scaling and balancing. In the final phases, the outcomes of the study are communicated as a 
contribution to the knowledge area to improve student academic outcomes. 

Integrated DSR Artifact Development–Predictive Model 

The ML lifecycle consists of four phases: data acquisition, data pre-processing, model training, testing, and 
model evaluation. A generic ML lifecycle is shown in Figure 4, which is leveraged in this study. 

Figure 3. Integrated DSR methodology (Source: Authors’ own elaboration) 
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The detailed phases of training a predictive model to predict at-risk students using their interaction data 
with LMS, which will support educators in making proactive interventions and improving student academic 
performance, are given below. Figure 5 depicts the step-by-step and complete process leveraging the ML 
lifecycle to demonstrate the methodology of this study.  

 
Figure 4. Generic ML life cycle (Source: Authors’ own elaboration) 

 
Figure 5. Integrated DSR artifact design and development of artifact– Predictive model (Source: Authors’ own 
elaboration) 

Acquire Data Preprocess Data Define the Model Evaluate the Model
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Step 1. Acquire Data  

The dataset used for this study is a publicly available dataset that is generated and collected from a real 
HE setting (Hasan et al., 2021). The dataset is publicly available under the creative commons attribution 4.0 
international license (CC BY 4.0). It is the secondary dataset collected from students at a higher educational 
institute in Muscat, Oman, studying in a computing specialization from Spring 2017 to Spring 2021. No manual 
survey or interviews were conducted in the original data collection design study. According to Hasan et al. 
(2021), instructors obtained informed consent from students, coded student identities, and anonymized data 
using character generalization and marking methods. The dataset consists of 326 observations and 40 
attributes divided into two categories: Student personal and academic information and student LMS activity 
and video interaction activity are collected from different platforms student IS, LMS and video interaction with 
eDify by students, e.g., the duration of activities performed in Moodle within the campus. For this study, we 
have only focused on LMS generated attributes to identify struggling students. Table 2 briefly describes the 
seven attributes out of 40 attributes used in this study. The result attribute is defined as the target attribute. 
We acknowledge that this study is a secondary data analysis. Therefore, reflexivity, audit trail, and member 
checking steps are outside the scope of this study. Also, the data holds limited details of demographic and 
digital literacy information, which may introduce human biases and limit the generalizability of the model. 

Step 2. Pre-Process Dataset 

Dataset pre-processing involves data cleaning, feature selection, and scaling so that the data is clean, 
relevant, and in an appropriate format for training the model.  

Feature selection  

This study used the Python Matplotlib data visualization library to demonstrate the relative importance of 
each feature in a predictive model and verify our feature selection. As explained in the previous phase, this 
study solely utilized a numerical dataset generated by LMS. Figure 6 depicts that all the selected seven 
features of the dataset have non-zero importance values, thus indicating that each feature contributes to 

Table 2. Brief description of dataset features 
 Feature Description Statistics 
1 Online_C Time period in minutes of Moodle activities performed by students within 

the campus 
Minimum: 2 
Maximum: 597 
Mean: 208.353 
Standard deviation:124.018 

2 Online_O Time period in minutes of Moodle activities performed by students off-
campus 

Minimum: 0 
Maximum: 587 
Mean: 194.975 
Standard deviation:131.131 

3 Played The count of the videos being played by the student Minimum: 0 
Maximum: 8 
Mean: 2.132 
Standard deviation: 1.761 

4 Paused The count of the videos being paused by the student Minimum: 0 
Maximum: 13 
Mean: 2.184 
Standard deviation: 2.604 

5 Liked The count of the videos being liked by the student Minimum: 0 
Maximum: 3 
Mean: 1 
Standard deviation: 0.967 

6 Segment The count of the specific portion of the video has been played by the 
student 

Minimum: 0 
Maximum: 7 
Mean: 1.485 
Standard deviation: 1.876 

7 Result Result of the students–Target feature & Pass (> 50 marks) & fail (< 50 marks) 0–100 & converted to 
pass (P) and fail (F) 
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predicting the categorial variable, i.e., the result. Also, the distribution of important values across the features 
represents a well-balanced input feature set. Some features, such as online_O, have higher importance, and 
some features are moderately important, like paused. Other features, such as Played, still contribute, 
although to a lesser extent. This balanced distribution of the features can improve the robustness and 
generalization of the model. 

Data scaling (normalization) 

 After the previous step, the feature set consists of one categorical variable with two classes (P and F) and 
six numerical features. The selected six features are not on a similar scale and consist of variable degrees of 
magnitude, range, and units. For example, the feature “played” represents quantity, i.e., a count of how many 
times the student played the video or units of another feature “online_C” are in minutes. Also, many predictive 
models perform better on scaled datasets. Two main data scaling techniques are often used, i.e., 
normalization (ranging between 0 and 1) and standardization (centered around the mean with a unit standard 
deviation–ranging between –1 and 1). 

In this study, we have applied normalization to scale the dataset. Normalization ensures that all features 
are on the same scale and contribute proportionally to the training of the model. The MinMaxScaler class 
from the Scikit-learn Python library is employed to re-scale each feature of the dataset into a range of 0 and 
1. The formula for normalization scaling is given below, where 𝑥𝑥   is an individual value of each feature, and 
min (𝑋𝑋) and max (𝑋𝑋) denote the minimum and maximum values of that feature over the dataset. 

𝑥𝑥′ =  
𝑥𝑥 − min (𝑋𝑋)

max(𝑋𝑋) −  min (𝑋𝑋) 

The descriptive statistics of our dataset employing data scaling technique normalization is given in Table 3. 

Data augmentation  

Categorical variables of the dataset results and data distribution pass (P) or fail (F), 81% and 19% of the 
dataset, respectively. This ratio demonstrates that the data distribution is not the same for all classes, i.e., In 
these imbalanced datasets, the number of occurrences of the majority class (P) is higher than the minority 
class (F). This imbalance and biased dataset impact the performance of the predictive models. Often, the 
minority class (i.e., F) is ignored, which increases the likelihood of erroneous prediction of the minority class. 

 
Figure 6. Feature importance plot (Source: Authors’ own elaboration) 
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This study compares the prediction accuracy of the prediction of at-risk students with and without dealing 
with class imbalance by using the SMOTE data augmentation technique with ML and DL algorithms. Figure 7 
shows the data points before and after the data augmentation. 
 
 

Define the Predictive Model 

This step is an iterative process of applying the ML and DL algorithms on the dataset, training and testing 
predictive models before and after data balancing and augmentation. We selected supervised learning 
methods for ML algorithms to train and test the predictive model. We have used six tree-based classification 
methods, decision table, J48, RF, decision stump, OneR, and NBTree, to train and test the ML based predictive 
model. For DL algorithms, we have employed four DL algorithms, such as long short-term memory (LSTM), 
graves LSTM (GLSTM), convolutional neural network (CNN) and MLP, to compare and achieve the best 
predictive model based on performance metrics. Table 4 summarizes the ML and DL algorithms used in this 
study to build and assess the predictive model. 

In the first iteration, we defined the predictive models using ML and DL on the imbalanced dataset, as 
shown in Figure 8. In the second iteration, after rectifying the imbalanced dataset using data augmentation 
techniques, we redefined the models on the balanced and augmented dataset using the same ML and DL 
algorithms. Each predictive model is trained and tested three times to identify a more robust model. This 
study also evaluated the recall and precision measures of the predictive model with the highest accuracy. 

Each predictive model based on ML and DL algorithms was trained and tested using k-fold cross-validation 
instead of the dataset train-test split to prevent model overfitting and to improve model generalization. In this 

Table 3. Descriptive statistics of the dataset with seven features 
Statistic Online C Online O Played Paused Likes Segment 
Count 326.000000 326.000000 326.000000 326.000000 326.000000 326.000000 
Mean 0.346811 0.332156 0.266488 0.168004 0.333333 0.212095 
Standard deviation 0.208433 0.223392 0.220066 0.200271 0.322384 0.267956 
Minimum 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 
25th percentile 0.190756 0.146508 0.125000 0.000000 0.000000 0.000000 
50th percentile 0.312605 0.313458 0.125000 0.076923 0.333333 0.000000 
75th percentile 0.487395 0.482112 0.375000 0.307692 0.583334 0.428571 
Maximum 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000 

 

 
Figure 7. Datapoints before and after data augmentation (Source: Authors’ own elaboration) 

Table 4. ML and DL algorithms used to develop and evaluate the predictive model 
 Algorithms used in this study 
ML algorithms Decision table, J48, RF, decision stump, OneR, and NBTree 
DL algorithms LSTM, GLSTM, CNN, and MLP 
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case, the dataset is randomly split into k folds, and the model is trained on k–1 folds and tested on the 
remaining folds. In this study, the dataset is divided into 10 folds: k1 to k10, allowing each split to be used for 
training and testing. The model was trained in nine folds for each fold and tested on the 10th fold. After 10 
iterations, the results were aggregated and averaged performance metrics from each fold. Different 
performance metrics, such as classification accuracy, recall, and precision, are compared for each ML and DL 
algorithm with and without augmented data. However, classification accuracy is only used to assess and select 
the best predictive model, as presented in Figure 9. 

Table 5 compares performance metrics of ML and DL based predictive models before and after data 
augmentation techniques. 
 

 
 

Figure 8. Predictive model performance metrics based on ML and DL algorithms without data augmentation 
techniques (Source: Authors’ own elaboration) 

 
Figure 9. Performance metrics of the predictive model based on ML and DL algorithms and data 
augmentation techniques (Source: Authors’ own elaboration) 
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EVALUATION 

The classification accuracy of our predictive model is vital to offering timely and appropriate support to 
struggling students. Accuracy for select ML and DL with and without data augmentation techniques are 
presented in Figure 8, Figure 9, and Table 5. Accuracy percentage represents the proportion of the correct 
classification and the total number of instances. Before the data augmentation technique, the decision table 
based model outperformed other ML based models and achieved the highest accuracy value of 79.4%, i.e., 
indicating that the decision table based predictive model is more accurate in predicting positive outcomes 
(identifying students at risk of failing). Similarly, CNN based model showed 81.65% accuracy from DL models. 
This accuracy is a significant performance metric of the predictive model, but it can be misleading if the 
dataset is imbalanced; therefore, precision and F-measure are also compared. Out of the ten predictive 
models, the precision (the ratio of TP to the sum of all positive instances identified by the predictive model) 
and F-measure are highest for RF and CNN based models. In our case, higher precision is preferable as it 
represents the low probability of FP, i.e., a low probability of at-risk students being identified incorrectly as 
not at-risk students. The value of the F-measure implies that predictive models based on RF and CNN 
algorithms have low FP and FN, i.e., low probability of not identifying students who are truly at-risk and higher 
accuracy of correctly identifying students at-risk. The decision table based model showed high accuracy, but 
its precision was relatively lower than that of the RF based model, indicating a higher rate of FP. In this case, 
the RF based model would be better for the predictive model as it has demonstrated balanced performance 
indicators, and the values of F-measure and precision are better than those of other algorithms, even though 
they showed slightly lower accuracy than the decision table based model. Overall, before the application of 
data augmentation techniques, the performance metrics of both ML and DL based models showed moderate 
effectiveness in their predictions. The accuracy of ML based models ranges from 67% to 80%, with similar 
trends for precision and F-measure metrics. However, complex DL based models demonstrated better and 
better performance across all metrics, i.e., accuracy, precision, and F-measure, ranging from 80% to 89%. 

There is a substantial improvement across all the performance indicators of ML and DL based models 
after the application of data augmentation techniques (as explained earlier). The accuracy, precision, and F-
measure for most predictive models, excluding decision stump, OneR, NBTree reached up to 99.8%, 
demonstrating the effectiveness of data augmentation in both ML and DL based predictive models in boosting 
robustness and generalization of a predictive model. Data augmentation offers more comprehensive data, 
improves class imbalance, reduces overfitting, improves generalization to unseen data and introduces data 
variability for better model learning. The predictive model based on a complex LSTM algorithm demonstrated 
remarkable consistency, maintaining high and balanced values across all performance metrics with 
approximately 100% (99.7%–99.83%) values. The stark contrast of performance metrics of ML and DL based 
predictive models before and after augmentation underscore the critical role of data augmentation in 
boosting the efficacy of both ML and DL predictive models, resulting in more accurate and reliable outcomes. 

Table 5. Comparison of performance metrics before and after the application of data augmentation 
technique 

Algorithm 
Accuracy Precision F-measure 

Before After Before After Before After 

ML algorithms 

Decision table 80.98% 99.50% 65.60% 98.50% 72.48% 98.50% 
J48 72.01% 99.40% 74.44% 98.50% 72.16% 98.40% 
RF 77.93% 99.70% 76.80% 98.90% 77.61% 98.90% 
Decision atump 79.42% 72.80% 65.76% 78.90% 71.86% 72.20% 
OneR 67.18% 78.50% 67.56% 68.30% 67.12% 68.20% 
NBTree 72.32% 73.60% 74.33% 73.60% 72.47% 73.60% 

DL algorithms 

MLP 79.73% 98.11% 82.17% 98.56% 88.34% 97.70% 
CNN 81.65% 98.99% 84.47% 99.41% 89.23% 98.77% 
GLSTM 81.27% 98.90% 81.96% 98.03% 89.33% 98.67% 
LSTM 80.34% 99.83% 81.78% 99.73% 88.74% 99.81% 
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In addition to the above, minimum functionality tests (MFT), which are also known as data unit tests, are 
used to evaluate the predictive model for specific cases found in the dataset. MFTs assess the effectiveness 
and efficacy of the select DL based predictive model for particular cases found in the dataset. The selected 
predictive model based on LSTM is evaluated and validated for specific instances from the dataset that meet 
the criteria in Table 6. In this study, we have extracted the validation dataset from the original dataset before 
training the model for the following cases that meet specific criteria as given in Table 6, and the scenarios are 
two different examples where to predict whether students would pass or fail a course based on interaction 
activities with LMS. 

The validation dataset is obtained from the original dataset before training the model. The results of the 
predictive model evaluation using the MFT approach with two different scenarios for each class are given in 
Figure 10. A predictive model can be expressed into a 2 × 2 confusion matrix with the following four results: 

1. True positive (TP green)–correctly identify at-risk students.  

2. True negative (TN green)–correctly identify a student who is not at risk.  

3. False positive (FP blue)–incorrectly identify a student as at-risk who is not at risk.  

4. False negative (FN blue)–incorrectly identified a student not at risk who is at-risk. 

The evaluation demonstrates that the predictive model accurately identifies the student at risk of failing 
in most scenarios. This evaluation outcome also answers the questions of the reliability of the data and the 
use of this model in the real world. 

DISCUSSION 

The outcome of the comparison of the predictive model’s performance clearly demonstrates significant 
accuracy improvements after the application of data scaling techniques, i.e., the predictive accuracy increased 
dramatically, reaching as high as 99.83%. This outcome shows that data scaling and balancing techniques play 
a significant role in predicting students at risk of failing and strengthening the reliability and generalizability 

Table 6. Evaluation scenarios for predictive model evaluation 
 Scenario Data 
1 Fail case × 2 0–49 
2 Pass case × 2 50–100 

 

 
Figure 10. Evaluation of the predictive model using MFTs and validation dataset (Source: Authors’ own 
elaboration) 
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of the predictive model. Furthermore, the consistently high accuracy of the predictive models based on ten 
ML and DL algorithms suggests that this approach can be effectively applied in HE settings to provide accurate 
information to enable enhanced decision-making and interventions for academically struggling students. 

The effectiveness of the predictive model is assessed by comparing its classification accuracy performance 
measure with existing state-of-the-art studies. To achieve this, we selected a few recent studies and presented 
their findings for comparison. These selected studies utilized different ML and DL algorithms to train and 
evaluate the models. Prior approaches such as a hybrid of decision tree (C4.5) stated 47% classification 
accuracy (Dang & Nguyen, 2022); a deep SVM with an improved CGAN accomplished 98.20% classification 
accuracy (Sarwat et al., 2022); an ensemble model of RF and SVM reached classification accuracy of 97.88% 
(Al-Ameri et al., 2024); an improved accuracy to 98.99% using an ensemble model of RF and SVM in another 
study (Saidani et al., 2024); and a standalone decision tree model reported a classification accuracy of 99.03% 
(Perkash et al., 2024). Based on a complex LSTM algorithm, our predictive model demonstrated superior 
classification accuracy compared to existing models, with an accuracy of 99.83%. These previous studies 
revealed that the advanced ensemble and DL based models perform better, but our approach of data 
augmentation with complex LSTM delivers additional performance gains. 

This DL based predictive model embedded into educational technology is capable of automatically 
identifying students at risk of failing earlier in a program and supports educators in taking measures to 
improve the likelihood of student success. In this study, the dataset generated by LMS allows for completely 
automated educational technology that is cost-effective and can be easily customized across different 
institutions without manual human intervention. Also, integrating complex DL algorithms leads to more 
accurate and reliable identification of struggling students. It offers a proactive approach to educators to 
implement customized intervention approaches as part of positive strategies for students’ ongoing success. 
The following are a few intervention strategies and suggestions: 

1. Engage flagged students in a sequence of one-to-one consultations with study counsellors and 
mentors. 

2. Offer literacy and numeracy support.  

3. Extended academic sessions to guide identified students with learning content. 

4. Offer tailored or individualized assessments while still attaining the learning objectives. 

5. Monitor student participation and motivation with continuous reminders.  

CONCLUSION AND FUTURE WORK 

This study utilized integrated DSR methodology to compare ten different ML and DL models incorporating 
data scaling and balancing techniques to develop an educational system that timely and accurately identifies 
at-risk students. The comparison showed that performance indicators like the accuracy, precision, and F-
measures of most DL and DL based predictive models, including decision stump, OneR, and NBTree reached 
up to approximately 99%, demonstrating that the data augmentation techniques enhance the robustness and 
generalization of the predictive model. The dataset utilized to train and test these models is comprised of 
data generated by LMS based on the activities and interactions of students with LMS. Appropriate intervention 
enables the implementation of remedial measures to reduce the probability of failure (and thus increase the 
retention rate). This study aims to support educators in predicting students at risk of failing to offer 
appropriate support programs and enhance academic performance. This timely identification of struggling 
students and support would improve student academic performance, leading to improved student retention 
and reduced student attrition, positively impacting student outcomes and reputation and the financials of 
educational institutions. This proactive intervention ultimately affects the economy of the nation by lowering 
the number of unpaid students so that students can repay their student loans. 

In the future, more advanced data augmentation techniques, such as synthetic sequence generation and 
their impacts on the broad range of DL models, including LSTM and transformer variants, will be investigated 
and evaluated. Also, in the following phases, we will deploy an LSTM-based predictive model to assess its 
practical effectiveness in real-world educational settings. This model will empower an interactive dashboard 
designed specifically for educators and academic stakeholders that offers recommendations and plans based 
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on risk assessment, such as early warning alerts, student mentoring sessions or customized learning 
resources and plans. To address real-world implementation challenges, we will explore a combination of 
engineering and methodological measures. For example, federated learning, differential privacy for data 
privacy and protection, and model compression and pruning to reduce inference latency facilitate smooth API 
integration with diverse LMS platforms. With these improvements, our predictive model will advance current 
DL research, in particular to deliver a technical, robust, and practical solution for educational stakeholders, 
for instance, to enhance supports of offering students’ learning flexibility. 
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