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Introduction 

Student well-being deterioration observed these years has raised concern (Downs et al., 2017; 
Pedrelli et al., 2015), as they correlate with poor academic performance, compromised physical 
health, and increased substance use problems (Pascoe et al., 2020). Two main approaches to 
well-being exist: hedonic well-being, which emphasizes positive emotions and the absence of 
negative emotions, and eudaimonic well-being, which focuses on perceiving meaning and 
functioning in life (Disabato et al., 2016; Hossain et al., 2023). In the educational context, 
researchers typically use hedonic, eudaimonic, or an integrated approach to define student well-
being (Hossain et al., 2023). A hedonic approach considers students' positive and negative 
emotions, such as satisfaction, enjoyment, and the absence of worries, anxiety, and stress. A 
eudaimonic approach concentrates on students' self-assessments of academic functioning, such 
as engagement, self-efficacy, time management, and social connectedness. An integrated 
approach then combines elements from both. In this report, we adopt an integrative approach, 
combining hedonic (e.g., anxiety, stress, depression) and eudaimonic (behavioral/functional, 
e.g., time management, procrastination, resilience) aspects of well-being. Specifically, we 
identify approaches towards measuring student well-being. 

There is a growing interest in utilizing clickstream data from Learning Management 
Systems (LMS) to gain insights into students' learning processes and provide better support, 
making it an important area in Learning Analytics research (Hellas et al., 2018). While LMS 
data have been successful in predicting academic performance, its potential for monitoring 
student well-being is still under exploration. In this report, we hence aim to explore: What has 
been accomplished in this much-needed field thus far? 

 

Research Questions 

To better understand the state of the art in using LMS data to identify and predict student well-
being and to better identify other potential research directions and challenges in this field, a 
literature review was conducted to answer the following questions: 

1. What is the purpose of these predictive models or the construction of LMS indicators 
for student well-being? 

2. What student well-being constructs are targeted in these models? 
3. What clickstream indicators are used, and which ones appear to be effective? 
4. What predictive modeling methods are used, and what is the performance? What can 

be concluded looking at the performance? 
5. What are the challenges of using LMS-based learning analytics to monitor student well-

being? 

 

Method 

A comprehensive search was conducted in January-May 2024 in IEEE Xplore, Web of Science, 
Scopus, and PubMed using the following search query: 

TS* = (“learning analytics” or “education* data mining” or “learning management system” or 
“LMS” or “Canvas” or "Blackboard" or "Moodle" or "e-learning"). and TS=(“depression” or 



"stress" or "resilience" or “mental health” or "well-being"). [*TS= topic, including title, 
abstract, keyword.] 

The inclusion criteria for the studies were as follows: (1) The study must utilize 
information from an online learning management platform, such as MOOC, Canvas, Moodle, 
or similar systems. (2) The prediction target or the goal of the LMS indicator construction 
should be (at least partly) to better understand/predict student well-being, rather than solely on 
performance or dropout. (3) The full text must be available. (4) The full text must be in English, 
Dutch, German, or Chinese to ensure comprehension by the report authors. 

For the review process, one reviewer conducted the screening and data selection 
manually without automation tools. The variables collected, based on the research questions, 
included the purpose of the study, targeted student well-being constructs, LMS indicators 
constructed, predictive techniques employed, and challenges encountered. Figure 1 provides 
an overview of the screening process. Initially, 9,013 items were identified using the search 
query. After removing duplicates, 7,409 items remained. A title screening was then conducted, 
reducing the number to 239 items. Following abstract and full-text screening of these 239 
items, only eight papers remained. 

 

Figure 1 

Screening process 
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Results 

Eligible papers 

In total, eight papers were deemed relevant for the current literature review. Within the eight 
papers, two categories of related papers were identified. In the first category, LMS information 
was used mainly to understand and measure certain mental well-being constructs, but no 
prediction was made. For example, researchers might use an online login time pattern to infer 
sleeping problems. While in the second category, LMS information was not only used to 
construct well-being indicators, but also predictive models were fitted and evaluated. For 
example, in this case, sleeping problems would be measured through self-report as the true 
label, and then LMS information would be used to predict the self-reported sleeping problems 
through predictive modeling. There are four papers in each category. 

Category 1: Measuring/representing well-being through LMS data 

In the first paper, Cervera-Mercadillo and Lara (2020) proposed a LMS clickstream analysis 
scheme aimed at capturing student procrastination. They used Moodle as the example platform. 
For each student and each task, they constructed a "degree of delay in task completion" 
indicator, coded as follows: negative for early completion (eager), positive for late completion 
(delay), and zero for on-time completion (on time), according to the instructor's recommended 
completion time. The data was aggregated weekly by each task category (e.g., viewing 
presentations, submitting assignments). With this aggregated information, the authors claimed 
that this analysis framework could help better predict academic performance and dropout rates, 
although in this paper it has not been tested whether it improved the prediction results. 

In the second paper, Abdullah (2021) explored the potential of LMS data to identify 
possible sleep disruptions/sleep disorders. By examining the time patterns (whether it is outside 
usual working hours) of login and course page viewing behavior of students and instructors, 
Abdullah argued that online teaching and learning could potentially reveal patterns indicative 
of sleep disorders. 

In the third paper, Rodrigues and colleagues (2013) estimated student stress during 
Moodle-based learning sessions using keypress and mouse movement data. They compared 
two task conditions: one with a time limit and higher stakes (telling participants that task 
performance would significantly impact student grades), inducing more stress, and another 
without a time limit and lower stakes. The data collected included the number of keypresses 
and mouse movements, aggregated for each task completion session. The results show that 
stressed students exhibited more mouse usage and keyboard pressing, greater hesitation and 
jitteriness in mouse clicks and scrolls, and more intensive use of the backspace key, supporting 
the possibility of integrating mouse and keystroke data from LMS based task environment into 
real-time stress detection. 

In the fourth paper, Yao and colleagues (2020) proposed a sophisticated temporal model 
to capture student procrastination. They used temporal patterns rather than static measures, and 
they addressed the interdependence between the time sequences of different activities (e.g., 
past and future activities from different modules) by categorizing online learning activities into 
lecture-related (L), assignment-related (A), and discussion-related (D) activities. The Hawkes 
process model along with some other temporal models were used to fit the data, capturing the 



density and burstiness of student activities. According to the results, the multidimensional 
Hawkes model fitted the time sequence data the best, and the parameters of the fitted Hawkes 
model could represent entities such as intensity, frequency, regularity of the study activity. 
Moreover, a negative correlation between delay parameter and student grades was observed, 
further supporting its criterion validity in improving LMS-based academic performance 
prediction. 

Category 2: Predicting well-being through LMS data 

In the fifth paper, Maaliw and colleagues (2022) developed a machine learning framework to 
identify student grit through online learning behavior. They mapped Moodle indicators to sub-
components of the grit construct in a one-on-one manner: self-motivation (indicated by number 
of quiz attempts), self-regulation (hours spent online outside the course schedule), diligence 
(submission time), perseverance (number of attempts to complete a challenging coding task), 
and sustained interest (consistency of logins, modeled through dynamic time warping 
technique). Then, both cluster analysis and classification analysis were used to predict grit: 
Firstly, these five indicators were clustered separately into high/low grit clusters, and according 
to these five clusters, a majority voting system determined the final high/low grit classification 
for each student. Later, a series of classification algorithms were used to predict grit through 
these indicators and achieved accuracy between 0.812 and 0.921, with random forest 
performing the best. Clustering and classification results showed high consistency with each 
other, as well as with grit questionnaire results (90.55% to 94.07%), proving the success of 
both techniques. From this paper, it seems that explicitly mapping students' online study 
behaviors to the structure of the latent well-being construct can be a good idea when predicting 
complex constructs like grit. Moreover, it shows how unsupervised and supervised learning 
approaches can be combined in predicting well-being through LMS data. 

In the sixth paper, Guo and colleagues (2022) predicted student mental health 
(measured by SCL-90) using information from Chaoxing, an LMS used in China. They 
included final course grades, student photos, and social relations in their predictive model, 
employing a three-layer deep neural network, which achieved an accuracy of 0.845. This study 
demonstrated the possibility of fusing other student life information with LMS data for 
predicting student well-being; however, the information from LMS in this study is rather 
limited, as only grade was incorporated. 

In the seventh paper, Aljarallah and colleagues (2022) attempted to predict depression, 
anxiety, and stress using LMS data. However, details about the measurement of these 
constructs and the specific LMS data used were limited, as the online open access dataset they 
specified in the paper could not be found at the time of writing this report. Despite this, the 
reported classification accuracy ranged from 0.798 to 0.991 across different algorithms. 

In the eighth paper, Zhao and colleagues (2023) aimed to predict student procrastination 
using the Chinese LMS Chaoxing. They constructed three indicators: inactive time, active time, 
and idle time across three categories of online activities: course content, course discussions, 
and assignments. These indicators were calculated based on content publish time, initial 
viewing time, completion time, and task deadlines, and then aggregated for each individual. A 
backpropagation neural network was used for predictive modeling, along with other classical 
classification algorithms, with accuracy ranging from 0.785 to 0.937 (the highest achieved by 
the BP neural network). This paper showcases the potential in LMS based well-being 
prediction when LMS clickstreams indicators were thoughtfully constructed and then 
combined with more advanced machine learning algorithms. 



 

Research Questions 

RQ1. Purpose of these studies 

The purposes of these reviewed studies are as follows: To understand and monitor student well-
being with the goal of better predicting academic performance and dropout (Cervera-
Mercadillo & Lara, 2020; Yao et al., 2020); To monitor student well-being with the aim of 
offering interventions to help students build non-cognitive abilities (Maaliw et al., 2022; 
Rodrigues et al., 2013; Zhao et al., 2023); To identify possible mental health crises for timely 
intervention and general monitoring purposes (Aljarallah et al., 2022; Guo et al., 2022); and 
lastly to identify possible adverse impacts of online learning on students' well-being (Abdullah, 
2021). 

RQ2. Targeted student well-being constructs and their measurement 

Among the eight studies reviewed, three focused on procrastination (Cervera-Mercadillo & 
Lara, 2020; Yao et al., 2020; Zhao et al., 2023); four focused on mental health-related well-
being constructs such as depression, stress, anxiety, or general mental health problems 
(Abdullah, 2021; Aljarallah et al., 2022; T. Guo et al., 2022; Rodrigues et al., 2013); and one 
focused on grit (Maaliw et al., 2022). Among the four prediction papers, most utilized self-
report questionnaires to measure the mental health constructs (Aljarallah et al., 2022; T. Guo 
et al., 2022; Maaliw et al., 2022), while one study did not explicitly specify its measurement 
method (Zhao et al., 2023). From these papers, it is apparent that constructs with a time 
component are selected more often (procrastination, grit, sleep behavior). 

RQ3. LMS indicator construction and comparison 

Students' interactions with time-bound tasks and their time patterns (whether completed before 
the recommended deadline or not) are frequently deemed meaningful and are extracted in most 
studies. However, the presentation and integration of this information into the final models vary 
slightly across the papers in three distinct ways: (1) Level of reservation of the original 
temporal pattern: This ranges from preserving the raw time sequence to aggregating the data 
for each student through the whole semester (e.g., total number of attempts on an assignment). 
(2) Representation of late assignment: For each assignment, the representation can be 
categorical (e.g., late, just on time, early) or more continuous (e.g., the actual time gap between 
submissions and deadlines). (3) Covered domain of LMS content: Some studies only look at 
the time pattern about task completion or assignment submission, however, some also look at 
the time pattern and its relative position with deadline/suggested time for for other aspects than 
assignments, such as course content views, and course discussions.  

The consistency or regularity of students' learning behavior or login frequency is also 
commonly mentioned (Maaliw et al., 2022; Yao et al., 2020). In these papers, the consistency 
or regularity was addressed using dynamic time warp technique, or with Hawkes Process 
model. Additionally, grades have been included in one study (T. Guo et al., 2022), while the 
number of attempts on ungraded quizzes and tasks was used in another (Maaliw et al., 2022). 
Furthermore, the number of mouse and keyboard movements appears to increase under stress 
(Rodrigues et al., 2013), and LMS login times can indicate irregular sleeping hours (Abdullah, 
2021). 



However, it is difficult to conclude which indicators might be the most effective for 
well-being monitoring because these studies do not use a comprehensive selection of 
indicators, and only one paper explicitly discussed the relative importance of different 
indicators in their predictive models: using the permutation feature importance metric, Maaliw 
and colleagues (2022) found that in their best performing random forest model in grit 
predictions, perseverance (indicated by number of attempts to complete a challenging coding 
task) is the best predictor, followed by sustained interest (indicated by consistency of logins, 
modeled through dynamic time warping technique). Since they only mapped indicators 
according to the measurement of the well-being construct (in this case, grit), still no conclusion 
can be confidently made about the cross-domain importance of certain indicators. 

RQ4. Predictive modeling technique, the performance, and research/practical implications 

Classification techniques are predominantly used in LMS-based well-being monitoring. Some 
studies utilize classic classification algorithms, e.g., logistic regression, random forest, while 
others develop more innovative algorithms and compare their performance with classic ones. 
Since all four reviewed papers with predictive modeling were classification studies, metrics 
used to evaluate model performance include F1 score, precision, sensitivity, accuracy, 
confusion matrix, ROC, and AUC. An accuracy ranging from 0.785 to 0.991 (with the highest 
value achieved in the prediction by Aljarallah and colleagues (2022), which lacked sufficient 
information on LMS indicator construction) was reported across the studies. This represents 
rather high performance. Comparing these results to the previous prediction results from our 
dataset (see Corona Monitoring Report 2-C), although the performance of a classifier and a 
regressor cannot be directly compared (as they serve different purposes, classification into 
categories and prediction of exact values), the classification results within these studies appear 
strong relative to our regression results.  

The high performance reported in some papers could be attributed to several factors (1) 
Reduced noise in LMS indicators. Some studies employed well-defined, nuanced, temporal, 
carefully mapped-out indicators, sometimes combined with dimension reduction technique, 
which improved the quality of the individual indicators and reduced the overall number of 
indicators. Moreover, advanced feature selection techniques were also used in some studies to 
make sure the quality of the finally selected indicators. Additionally, 2 out of the 3 studies that 
provided details on LMS indicator construction used records from within the same course, 
eliminating between-course variance and resulting in lower noise. (2) Reduced noise in target 
variables. Making some student well-being measures binary might after all be beneficial and 
worth a try if we have good reasons for the threshold setting. Firstly, the underlying distribution 
could be bimodal. Secondly, continuous measures of well-being might contain measurement 
errors and be rather noisy. In this case, by categorizing them into binary or categorical variables, 
the noise is reduced. (3) Advanced machine learning algorithms. The use of more sophisticated 
machine learning algorithms likely contributed to the improved performance. These factors 
likely contribute to the higher classification performance observed in the reviewed studies 
compared to our previous regression results and can inform the optimization of future data 
analysis techniques. 

No definitive conclusions can yet be drawn about the conditions (pre-processing 
methods used; indicators used; predictive models used etc.) that affect prediction performance, 
given the idiosyncrasy as well as the limited number of these studies. Further research is needed 
to determine the factors that influence the accuracy and generalizability of these predictive 
models. 



Nevertheless, the constructs discussed in these papers can be predicted with relatively 
high accuracy. Given this prediction quality demonstrated, it can be concluded that for certain 
student well-being constructs (e.g., procrastination, grit, mental wellness), the classification 
accuracy is sufficiently high for practitioners and educators to act on these prediction results, 
such as to screen students who may need help or are at risk of delay and intervene in a timely 
manner. 

 

RQ5. The challenges of LMS-based learning analytics in student well-being monitoring 

From the reviewed studies, it can be inferred that in LMS-based well-being monitoring, a 
significant challenge lies in extracting meaningful signals from the rich and potentially noisy 
LMS data while minimizing information loss. LMS data are comprehensive since it contains 
all time-stamped learning activities. However, this abundance of data makes it challenging to 
identify useful patterns and meaningful information. 

First, it is delicate to accurately interpret and handle time patterns. Student activity can 
depend on many factors, such as the course setup or even the setup of another different course 
the student is taking. However, no paper in this review has yet addressed the variance of the 
displayed online study behavior between courses, nor the variance of the predictive power of 
the same indicator between different courses. Second, study patterns or regularities might not 
be consistent across different domains. For example, students might procrastinate on 
submitting assignments or engaging with assignment-related content but not on viewing course 
slides, which are easier and have a lower threshold. These nuances could be easily overlooked 
if not carefully considered. Moreover, the more detailed the data, the more challenging the 
analysis, making predictive modeling more prone to overfitting. However, oversimplification 
then again can lead to significant information loss, preventing the full utilization of the 
advantages of LMS data. 

These challenges may explain why various advanced methods were employed in the 
reviewed papers. For example, to address the noisy nature of the data, some researchers employ 
cluster analysis with majority vote techniques. Moreover, to treat the noisy time-related 
patterns, instead of aggregating all LMS-logged events, some studies tried to retain the original 
time sequence of these events. Additionally, when treating LMS data as time sequences, 
different categories of activities may exhibit varied development patterns or distributions, 
further complicating the analysis. In such cases, some researchers separate time sequences 
according to each activity category and use computational modeling to address potential 
interactions among these categories. 

Despite the reported model evaluation results, no definitive conclusion can be drawn 
about the optimal treatment of time-sequence data so far, since the number of reviewed papers 
was rather limited.  

 

Conclusion 

Currently, efforts are underway to integrate LMS data to enhance the representation and 
prediction of student well-being. These efforts aim to better explain variations in academic 
performance, better monitor and support students' non-cognitive abilities, and monitor mental 



health issues. Constructs of interest in well-being include academic well-being, mental health 
status, stress, and sleep problems. Procrastination has gained quite some attention. Key LMS 
indicators often used in this context include the timeliness of task completion and the regularity 
of study activities, which again also correlate with procrastination behavior a lot. For 
prediction, techniques such as cluster analysis, classic classification algorithms, and innovative 
classification algorithms are employed. For the challenge of LMS-enabled student well-being 
prediction/monitoring, it seems that the challenge lies in extracting meaningful signals from 
the rich and potentially noisy LMS data while minimizing information loss, especially for the 
rich time patterns. 

There is still uncertainty regarding which indicators might be most effective in 
predicting well-being, as few LMS indicators have been extensively studied. In addition, no 
study has looked at how the between-course variance of these LMS indicators play a role in 
well-being prediction (as is done for academic performance, e.g., see Conijn et al., 2017). Yet 
these insights would help immensely when practitioners want to make sense of the LMS 
information to inform practical intervention or to inform course design. Furthermore, most 
studies focus on only one or, at most, three well-being constructs, making it difficult to 
determine which well-being indicators are the most feasible, therefore worth the effort the 
most, to predict. To conclude, future studies should keep exploring useful LMS indicators 
across different well-being aspects, while at the same time also trying to identify feasible and 
useful student well-being constructs to be predicted and keep exploring effective ways to retain 
useful time-related patterns from LMS to feed the predictive models. 
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