
Open Access

© The Author(s) 2024. Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, which permits 
use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original 
author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third 
party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the mate-
rial. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or 
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://​
creat​iveco​mmons.​org/​licen​ses/​by/4.​0/.

REVIEW ARTICLE

Bergdahl et al. Int J Educ Technol High Educ           (2024) 21:63  
https://doi.org/10.1186/s41239-024-00493-y

International Journal of Educational
Technology in Higher Education

Unpacking student engagement in higher 
education learning analytics: a systematic 
review
Nina Bergdahl1,2, Melissa Bond3,4,5*   , Jeanette Sjöberg1, Mark Dougherty1 and Emily Oxley6 

Abstract 

Educational outcomes are heavily reliant on student engagement, yet this concept 
is complex and subject to diverse interpretations. The intricacy of the issue arises 
from the broad spectrum of interpretations, each contributing to the understanding 
of student engagement as both complex and multifaceted. Given the emergence 
and increasing use of Learning Analytics (LA) within higher education to provide 
enhanced insight into engagement, research is needed to understand how engage-
ment is conceptualised by LA researchers and what dimensions and indicators 
of engagement are captured by studies that use log data. This systematic review 
synthesises primary research indexed in the Web of Science, Scopus, ProQuest, A + Edu-
cation, and SAGE journals or captured through snowballing in OpenAlex. Studies 
were included if they were published between 2011 and 2023, were journal articles 
or conference papers and explicitly focused on LA and engagement or disengagement 
within formal higher education settings. 159 studies were included for data extraction 
within EPPI Reviewer. The findings reveal that LA research overwhelmingly approaches 
engagement using observable behavioural engagement measures, such as clicks 
and task duration, with very few studies exploring multiple dimensions of engage-
ment. Ongoing issues with methodological reporting quality were identified, includ-
ing a lack of detailed contextual information, and recommendations for future research 
and practice are provided.

Introduction
Gaining insight into how students engage within courses is crucial in order to under-
stand how best to improve teaching and learning outcomes and in particular, to identify 
when interventions are needed for at-risk students (Adnan et al., 2021). Indeed, given 
the underlying explanatory power of engagement and its relation to student wellbeing, 
retention, grades, and future careers (Bergdahl et al., 2020; Bond et al., 2020; Fredricks 
et al., 2004; Henrie et al., 2018), student engagement has been investigated from a num-
ber of angles within a wide range of digital learning modalities, often using measures 
that claim to reflect engagement from learning management systems (LMS) (Beer et al., 
2010). The vision of Learning Analytics (LA) is that analytics shall be used to gener-
ate data to identify actionable insights and subsequently make informed decisions to 
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improve teaching and learning through monitoring progression, predicting perfor-
mance, modelling behaviour, and detecting emotions to improve education (Mougiakou 
et  al., 2023), especially given the limited nature of student self-report instruments to 
accurately identify engagement and realised actions, instead of purely intentions to study 
(Gašević et al., 2017; Henrie et al., 2018).

However, despite the growth of LA in higher education (Tsai & Gašević, 2017), con-
cerns have been raised about what analytics represent (Gardner et al., 2020). Macfadyen 
and Dawson (2010), for example, found that time spent on educational resources, as 
indicated by LA data, did not correlate to academic performance despite the correla-
tion between engagement and academic performance. Furthermore, a systematic review 
of 38 dashboard studies (Kaliisa et  al., 2024) reported that some researchers found a 
medium to large effect on participation, which shows promise for impact on engage-
ment. Yet, issues were raised with the way that these studies were undertaken, including 
small sample sizes, a reliance on traditional evaluation methods, and a lack of standard-
ised assessment tools. Concerns have also been raised about whether counting clicks is 
sufficient to capture engagement (Fincham et  al., 2019), and calls have been made for 
future LA research to explore all dimensions of engagement beyond purely behavioural 
measures (Johar et al., 2023).

Indicating that there may be a gap between LA research and theory development, 
Gašević et al. (2019) emphasised that LA must become more rigorous in adopting edu-
cational theory. Given the role that LA research could play in informing practition-
ers and contributing to academic engagement theory enhancement, further insight is 
therefore first needed into how researchers are currently operationalising and measur-
ing engagement. In addition, engagement researchers recommend the development of 
new and less commonly known measures to inform theory development, considering 
different levels and dimensions of engagement (Paulsen & Lindsay, 2024; Salmela-Aro 
et  al., 2021).To that end, a systematic literature review was undertaken to explore the 
approaches to capturing student engagement in Higher Education Learning Analytics 
(HELA) research, aligned to a rich, multidimensional student engagement framework, in 
order to provide more nuanced insights and actionable implications for the field.

Literature review
Student engagement theory

Student engagement has been called a ‘meta-construct’ or ‘organising framework’ 
(Christenson et  al., 2012; Fredricks et  al., 2004). Despite there not being a single the-
ory of engagement, it is consistently understood as critical for learning (e.g., Berg-
dahl & Bond, 2022; Bond & Bergdahl, 2022; Martin & Borup, 2022; Christenson et al., 
2012). Engagement is the mediator between the learning and the content (Reeves, 2012) 
and being critical for educational success, it is often attributed to the state as a ‘proxy 
for learning’ (McClenney et  al., 2012). In addition to being a precursor to knowledge 
and understanding, Kuh (2007) asserts that student engagement is a desired outcome 
because it leads directly to cumulative learning, long-term achievement, and, ultimately, 
academic success. Moreover, researchers have found that engagement provides long-
term benefits for individuals, notably their societal engagement and higher ability levels, 
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as well as the in-situ benefits for students and institutions (Lawson & Lawson, 2020; 
Tafelski et al. 2017).

Engagement research has received criticism for not being grounded in theory (e.g., 
Henrie et al., 2015). When it comes to engagement, one arising problem relates to the 
emerging and disparate ways to convey what engagement is; for example, researchers 
may tend to either add variables that are not widely recognised as parts of engage-
ment, supplement theory for research papers, or present vague conceptualisations 
(e.g., Masiello et  al., 2024). Another problem may be that theory is used merely as 
a window dressing, with vague or shallow connections between theory and research 
(Salmela-Aro et al., 2021). These instances signal insufficient treatment of the engage-
ment construct, leading to incorrect conclusions and potentially flawed information 
for educators. This review, therefore, is guided by the Student Engagement in Digital 
Learning (SEDL) Framework (see Fig. 1; Bergdahl et al., Forthcoming; Bond & Beden-
lier, 2019; Bergdahl et al.,  2020; Bond et al., 2020) and the definition of engagement in 
learning as the emotional, behavioural, cognitive, or social energy and effort students 
direct towards learning (Bond et al., 2023). Each student engagement dimension has 
many indicators of engagement (see Table 1) and disengagement (see Table 2), which, 
although related, are two distinctly separate constructs (Wang et al., 2019).

Fig. 1  Student Engagement in Digital Learning Framework, adapted from Bond and Bedenlier (2019, p. 8)

Table 1  Example engagement indicators

Behavioural 
engagement

Cognitive engagement Emotional engagement Social engagement

Participation/involvement Critical thinking Enjoyment Interaction with peers

Time on task Self-regulation Interest Interaction with educators

Attending live lessons Focus/concentration Satisfaction Interaction with technology

Assuming responsibility Deep learning Positive attitude towards 
learning

Asking for help

Effort Self-efficacy Sense of wellbeing Turn-taking
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Student engagement and disengagement

Student engagement is generally accepted as having two to four dimensions: affective/
emotional,1 behavioural, cognitive and social (e.g., Bergdahl & Bond, 2022; Bond & Berg-
dahl, 2022; Martin & Borup, 2022; Christenson et al., 2012). Exploring these dimensions, 
Wang et al (2016) confirmed that these are related yet distinct constructs. Engagement 
theory suggests that behaviourally engaged learners are those who take actions that sup-
port learning and are directly influenced by teaching methods, technologies, and edu-
cational modes (Bond & Bergdahl, 2022). Behavioural disengagement may manifest as 
passive participation or lurking in an online environment, moral disengagement, such as 
cheating, or simply the absence of expected engagement activities like avoidance, time 
off task, and procrastination. Outcomes like test results or dropout rates often meas-
ure previous engagement or disengagement. Cognitive engagement encompasses cog-
nitive self-regulation, meaning that indicators of cognitive engagement often reflect 
self-regulatory behaviours. This can include concentration, applying learning strategies, 
and avoiding failures (Bergdahl et al., 2020; Bond et al., 2020; Bond & Bergdahl, 2022; 
Viberg et al., 2020), self-efficacy, which concerns an individual’s belief in their ability to 
influence events through their actions (Bandura, 1977), and self-regulation which refers 
to how individuals participate in learning through planning, monitoring, and evaluating 
their progress (Pintrich, 2000; Zimmerman, 2000), are critical elements often subsumed 
under cognitive engagement.

Emotional engagement relates to students’ affective reactions towards learning, such 
as interest, enjoyment, and curiosity, which are essential as they drive the willingness 
to engage and persist in learning activities (Fredricks et al., 2004). Emotional disengage-
ment, or disaffection, can include feelings like boredom, indifference, sadness, worry, 
anxiety, and frustration, affecting student behaviour in distinct ways (Bergdahl & Bond, 
2022; Authors, in review). Social engagement involves students’ positive attitudes toward 
collaborating and learning with peers. This includes activities such as spending time 
with, supporting and assisting classmates (e.g., Bond & Bergdahl, 2022; Fredricks et al., 
2016; Wang et al., 2019). Wang et al. (2016) characterised social engagement with behav-
iours like building on others’ ideas and working cooperatively in academic settings, par-
ticularly in subjects like science or maths. Negative aspects of social engagement include 
a lack of interest in others’ ideas and an aversion to group work.

Table 2  Example disengagement indicators

Behavioural disengagement Cognitive disengagement Emotional 
disengagement

Social disengagement

Task incompletion Confusion Boredom Decreased interaction

Absence Apathy Anger Social isolation/withdrawal

Lurking Unfocussed/inattentive Dislike Challenging interactions

Time off task Lack of regulation Disinterest Ignoring others

Drop out Distracted Frustration Giving up on social inclusion

1  This shall be referred to as emotional engagement throughout the article.
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Learning analytics and engagement

Analytics refers to the collection and analysis of learner and context data used to make 
data-driven decisions and interventions in the learning process. Several categories 
of methods can be used to analyse learner-generated data and measurements. These 
include statistical methods, data mining, machine learning, qualitative methods, social 
network analysis (SNA) and visualisation (Mougiakou et al., 2023). That said, the poten-
tial of LA to contribute to engagement theory is substantial. The traditional measures 
could be combined with LA approaches to gathering a fuller understanding of engage-
ment. Thus, LMS data are preferably combined with self-reports or other measures, 
as LMS data will only reflect a uni-dimensional aspect of the engagement in situ (e.g., 
Tempelaar et al., 2020). With better LA metrics quality, learner and learning data will be 
more valuable and easier to use. In the past, self-reports, observations, and interviews 
have been the main approaches adopted to study student engagement, with a tendency 
to use quantitative methods (Henrie et al., 2015). Institutional data is more than attend-
ance and grades; it includes what we can divide into static (Higher Education Commis-
sion, 2016) and dynamic data. The former focuses on demographics and other data that 
are stable over time. Dynamic data describes data generated more frequently, mainly 
related to the learners’ activities during learning (Mougiakou et al., 2023). These trace 
data may be collected through Learning Management Systems (LMS) or web applica-
tions. As there is so much data, LA adoptions must be clear with what data is used and 
how these are associated with specific measurements related to the object of measure: 
learning outcomes, achieving goals, performing, changing behaviour, engagement, moti-
vation, cognition, abilities, emotions (e.g., Mougiakou et al., 2023). While the unidimen-
sional approach has potential, it has been criticised for using easy-to-count engagement 
indicators in LA research rather than considering differences in indicator value and dis-
tinguishing between meaningful and less meaningful ones (e.g., Johar et al., 2023).

While using built-in analytics may be tempting to adopt, built-in engagement analyt-
ics indicators may not be useful for predicting student online learning outcomes (Igle-
sias-Pradas et al., 2015; Strang, 2016; Zacharis, 2015). Concurrently, many researchers 
utilise LMS activity as a representation of student engagement, given its observed cor-
relation with improved final grades (Beer et al., 2010; Blumenstein et al., 2019; Chaka & 
Nkhobo, 2019; Fritz, 2013; Henrie et al., 2018; Macfadyen & Dawson, 2010). In LA these 
representations are the indicators considered to measure engagement. However, a recent 
scoping review on the use of LA in the K-12 setting (Bond et al., 2023) found that while 
being critical, theory adoption, operationalisation, and measures of engagement could 
be vague or non-existent in LA research (Henrie et al., 2015).

In addition to monitoring learners’ progress and modelling learner behaviour, LA also 
identify emotional and affective states related to learning; predict learning performance, 
retention, and drop-out; provide feedback recommendations; inform of adaptations; and 
support increased self-awareness and reflective behaviour to improve self-regulation 
(Chatti et al., 2012; Papamitsiou & Economides, 2014). LA are important because they 
can combine valuable external learner data with information from digital learning envi-
ronments. Computational methods can isolate, identify, and classify actions in mean-
ingful patterns in such environments. Behavioural schemes can be developed to code 
every interaction then decode them into interpretable guidance for decision-making. A 
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recent review focusing on LA methods (Charitopoulos et al., 2020) identified the most 
frequently used methods and common connections between certain methods and analy-
sis: (regression analysis was the most commonly combined with Decision Trees, Bayes-
ian analysis, SVM and Random Forests, and emotion/sentiment analysis were found to 
use Bayesian/Probabilistic reasoning, SVM and ANN).

Prior reviews on HELA

The interest in LA in higher education has led to a substantial increase in reviews aiming 
to understand its impact on teaching and learning (see Appendix A). However, whilst 
reviews have found moderate evidence to support LA’s role in improving teaching and 
learning support (e.g., Viberg et al., 2018), they have noted significant lags in applying 
these insights effectively (e.g., Ifenthaler & Yau, 2020; Masiello et al., 2024) and a general 
lack of consideration of ethics (Braunack-Mayer et al., 2020; Stojanov & Daniel, 2023). 
Guzmán-Valenzuela et al. (2021) explored 385 papers from 2013 to 2019. They critiqued 
the prevailing focus on analytics over substantive learning improvements, advocating for 
a balanced approach that equally values pedagogical effectiveness alongside technologi-
cal advancements (Drugova et al., 2024).

Previous reviews have also criticised LA interventions for lack of methodological 
quality (e.g., Larrabee Sønderlund et al., 2019), such as tending to be small in scale (e.g., 
Braunack-Mayer et al., 2020), lacking longitudinal designs (e.g., Algayres & Triantafyllou, 
2019), and being over-reliant on one type of methodology (e.g., Foster & Francis, 2020; 
Kaliisa et al., 2024). A lack of theoretical grounding has also been raised (e.g., Guzmán-
Valenzuela et al., 2021; Masiello et al., 2024), including the framing of research questions 
(Drugova et al., 2024) and underdeveloped theories of change (Foster & Francis, 2020). 
While Foster and Francis (2020) found evidence to suggest that outcomes can be pre-
dicted by LA, inconsistency across terms and definitions led to difficulties in the overall 
interpretation of results. This has also been the case with reviews focused on LA’s impact 
on student engagement specifically, with Johar et  al. (2023) emphasising the need for 
studies that consider all dimensions of student engagement more robustly rather than 
purely focusing on one in isolation, echoing calls from wider engagement literature (e.g., 
Henrie et al., 2015). However, that review only focused on research published between 
2011 and 2021 and was limited to online learning in higher education studies indexed in 
Scopus or within four publisher repositories.

Research questions

Against this background, this review seeks to answer the following research questions:

1.	 When, where and about whom has HELA student engagement research been under-
taken between 2011 and 2023?

2.	 What are the prevalent data collection and research methods when exploring stu-
dent engagement in LA research?

3.	 How are theories or frameworks of student engagement applied to guide data analy-
sis in LA research?

4.	 What indicators have been used to measure engagement in HELA research?
5.	 What are the overall findings of HELA student engagement research?
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Method
To explore how LA research has attempted to capture and understand student engage-
ment in higher education, a systematic review was conducted using explicit and trans-
parent methods (Bond et  al., 2024; Gough et  al., 2012; Zawacki-Richter et  al., 2020), 
following reporting guidelines according to the Preferred Reporting Items for Systematic 
Review and Meta-Analyses (PRISMA, see Appendix B; Page et  al., 2021) as closely as 
possible, and checked against the Quality of Evidence Synthesis Tool.2 This review is the 
second output from a larger project (see OSF3 for full project details), with the first pub-
lication being a scoping review focused on K-12 LA engagement literature (Bond et al., 
2023). The search strategy initially outlines the larger project strategy and then details 
how the focus is narrowed to higher education engagement.

Search strategy and study selection

Search string

The search string was developed based on previous student engagement reviews (Berg-
dahl et al., 2020; Bond et al., 2020) and focused on engagement or disengagement, LA 
and educational settings (see Table 3). Although the authors recognise that engagement 
is multifaceted (e.g., Bond & Bergdahl, 2022), the decision was made not to search for 
each indicator or facet separately but rather to search for explicit phrases or words to 
support an exploration of how researchers are interpreting the understanding and meas-
urement of ‘engagement’ and ‘disengagement’. A slightly different version of the search 
string was required for each database owing to their varying functionality (see Appendix 
C).

The first search was conducted on 8 February 2022, with further searches in July 2022, 
February 2023, and October 2023 to ensure that recent pertinent literature was included. 
The platforms searched were the Web of Science, Scopus (including the LAK conference 
proceedings), ProQuest (including ERIC), A + Education and SAGE Journals, which 
were chosen as well-suited to evidence synthesis (Gusenbauer & Haddaway, 2020). The 
combined search yielded 3,914 items (see Fig.  2), which were imported into evidence 
synthesis software EPPI Reviewer (Thomas et al., 2023), along with one item that was 

Table 3  Search string

Topic Search string elements

Engagement “student engagement” OR “engagement” OR “disengagement” OR “learner engagement”

AND

Learning analytics “learning analytics”

AND

Education university* OR “higher education” OR postgrad* OR undergrad* OR “tertiary education” 
OR college* OR “K-12” OR kindergarten OR “primary school*” OR “middle school*” OR 
“secondary school*” OR “elementary school*” OR “middle primary” OR “upper primary” 
OR “senior school” OR “R-12” OR “high school*”

2  QuEST appraisal form available here: https://​doi.​org/​10.​17605/​OSF.​IO/​8TX6N
3  https://​osf.​io/​8tx6n/?​view_​only=​cb07f​ea5cb​b3491​a99f2​5f9b2​470df​f6

https://doi.org/10.17605/OSF.IO/8TX6N
https://osf.io/8tx6n/?view_only=cb07fea5cbb3491a99f25f9b2470dff6
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found through manual searching. A further 827 items were identified through OpenAlex 
forward and backward snowball searching and imported directly into EPPI Reviewer.

Although this review focuses on higher education, the search string included terms 
related to K-12 education. This inclusion was intentional and part of a broader research 
strategy for a larger project examining student engagement across all educational lev-
els. By incorporating K-12 terms, we aimed to ensure comprehensive coverage and 
avoid missing any studies that might span multiple educational settings or use over-
lapping terminology. For this particular analysis, however, we focused exclusively on 
higher education settings. During the screening process, we applied our inclusion and 
exclusion criteria rigorously (see Table 4) to filter out articles that were not pertinent to 
higher education, thereby ensuring that only relevant studies were included in the final 
synthesis.

Inclusion/exclusion criteria

Following the automatic removal of 950 duplicates within EPPI Reviewer, 3,792 items 
remained to screen on title and abstract by a team of four reviewers (see Fig. 2). Most of 
these had previously been screened in 2022 as part of the larger project (see Bond et al., 

Fig. 2  PRISMA diagram

Table 4  Inclusion and exclusion criteria

Inclusion criteria Exclusion criteria

Published between 2011–2023 Published before 2011

A primary, empirical study Reviews, conceptual papers, editorials

Application of learning analytics No learning analytics or log data used

Formal higher education learning setting Not focused on (dis-)engagement

Focus on student (dis-) engagement K-12, MOOCs, professional learning

Log data used No formal learning setting
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2023). However, to achieve inter-rater reliability between the reviewers with the items 
identified in 2023, two rounds of screening 50 items were conducted, applying the inclu-
sion/exclusion criteria (see Table 2), achieving a substantial Fleiss kappa of 0.63 (Cohen, 
1960). To align coding further, the reviewers engaged in multiple in-depth conversations 
and resolved disagreements together. Items were included if they were a journal article 
or conference paper published after 2011, focused on LA in higher education, included 
log data as one of the data collection methods, and mentioned engagement or disen-
gagement in the title, abstract or keywords. Studies were excluded if they were second-
ary research (e.g., systematic reviews) or conceptual, focused on participants outside of 
formal higher education learning settings, or did not focus specifically on engagement or 
disengagement.

345 studies were included after screening titles and abstracts. However, three papers 
could not be located, leaving 342 to screen on full text. In order to ensure ongoing 
reliability between coders, three rounds of 50 items and one round of 25 items were 
screened by all four reviewers on full text, with reconciliation discussions held between 
each round to achieve greater consistency. A Fleiss kappa of 0.84 was achieved, which is 
considered an almost perfect inter-rater agreement (Cohen, 1960). After screening the 
remaining items, 243 studies were included for quality appraisal.

Quality assessment

Given the heterogeneity of the included studies, the Mixed Methods Appraisal Tool 
(MMAT; Hong et  al., 2018) was selected to assess their quality and suitability. Two 
screening questions were answered for all studies (Are there clear research ques-
tions? Do the collected data allow us to address the research questions?), alongside five 
method-specific questions (see Appendix D). Two reviewers screened 10 items using 
the MMAT in EPPI Reviewer and reconciled any discrepancies, to ensure a consistent 
approach, before screening the remaining 233 items. 58 items were excluded on quality, 
seven were not focused enough on engagement, three had no log data, and one was not a 
primary study. The remaining 159 items were then included for data extraction.

Data extraction

The data extraction coding tool (see Appendix E) was adapted from Bergdahl et al. (2020; 
Bond et al., 2020) It included publication characteristics (year, type and discipline of first 
author), study characteristics (continent, discipline, study level), methodology (method, 
data collection, data analysis), theoretical framework, engagement operationalisation, 
and findings. The engagement operationalisation and the findings were coded against 
the four dimensions of engagement (emotional, behavioural, cognitive, and social) and 
their indicators (Bond & Bergdahl, 2022), as per the approach taken by Bergdahl et al. 
(2020; Bond et al., 2020). All data were extracted manually and input into EPPI Reviewer 
(Thomas et al., 2023).

Data synthesis

A narrative synthesis of the data was undertaken (Petticrew & Roberts, 2006), including 
a tabulation of the included studies (see Appendix F). Tables are also provided through-
out the text or included as appendices and accompanied by narrative descriptions, 
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created using Word and Excel. An openly accessible web database of all included stud-
ies and associated coding decisions was also created4 using EPPI Visualiser, to provide 
researchers with the opportunity to produce their own frequency and crosstabula-
tion charts, download a.ris file of the included studies, or explore the coding in a more 
nuanced way.

Limitations

Although every attempt was made to conduct this systematic review as transparently 
and rigorously as possible, according to previously established quality criteria (Bond 
et al., 2024), there are some limitations that must be acknowledged. Firstly, a protocol 
was not registered prior to undertaking the review. Only English language research was 
included, which limits our understanding of research that has been undertaken in other 
languages. Individual journals could also have been manually searched, such as Com-
puters & Education: Artificial Intelligence, although it was reasoned that the snowball 
searching done with OpenAlex would pick up further pertinent literature. It should 
also be acknowledged that this review chose to use the presence of system log data as 
an inclusion criterion, thereby excluding any HELA study that might also shed light on 
engagement through other methods. We adopted this as a principle guiding inclusion/
exclusion, as this is the focus and scope of the project and as it has been argued that 
system log data can provide a more authentic and less-biased understanding of student 
engagement with their learning (see Walsh & Rísquez, 2020).

In addition, our search strategy focused on studies that explicitly used ‘engagement’ 
and ‘disengagement’ in the title, abstract, or keywords, as our aim was to explore the use 
of these terms in HELA research. Studies exploring the sub-constructs of engagement, 
but not mentioning those terms, have been excluded. As a result, key studies with strong 
theoretical foundations might have been disregarded. Future reviews may benefit from 
including related constructs in their search strategies. Furthermore, we acknowledge 
that research undertaken in 2012 and research undertaken in 2023 are quite different, 
and therefore collating them into one aggregate category might miss the development of 
the field and its conceptualisation of engagement over time. Whilst beyond the scope of 
this current review, exploring the evolution of engagement conceptualization and meth-
odologies longitudinally could offer valuable insights in future work.

Findings
RQ1: When, where and about whom has HELA student engagement research been 

undertaken?

Of the 159 studies in this corpus (see Appendix F), the majority were published as jour-
nal articles (n = 124, 78%), as opposed to conference papers (n = 35, 22%). Publications 
were rising slowly before the COVID-19 pandemic (see Fig. 3), after which there was a 
distinct increase, likely owing to the heightened need to understand how students were 
reacting to the shift to emergency remote education on the one hand, and the increased 
availability of log data on the other (Bond et al., 2021).

4  https://​eppi.​ioe.​ac.​uk/​eppi-​vis/​login/​open?​webdb​id=​572

https://eppi.ioe.ac.uk/eppi-vis/login/open?webdbid=572
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The research synthesised in this review was undertaken across all continents (see 
Appendix G), with most research occurring in Europe (24.5%, n = 39), Asia (23.9%, 
n = 38), North America (20.1%, n = 32) and Oceania (18.9%, n = 30), although Aus-
tralia was the most represented (see Fig.  4; n = 27), followed closely by the United 
States (n = 25). Notably, only two studies were conducted in Africa (Chaka & Nkhobo, 
2019; Kritzinger et al., 2018) and two in Central and South America (González et al., 
2022; Oliveira et al., 2021), echoing many previous review findings within the wider 
educational technology field (e.g., Bond & Bedenlier, 2019; Bergdahl et al., 2020; Bond 
et  al., 2020). A noteworthy finding is that 16 studies (10.1%) did not identify at all 
which continent their research had been conducted in, and 22 studies (13.8%) did not 

1 1 
4 

8 
10 

13 
15 14 

26 
29 

38 

0

5

10

15

20

25

30

35

40

2011 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023

Nu
m

be
r o

f p
ub

lic
at

io
ns

Year of Publication

Fig. 3  Number of HELA student engagement studies published by year

Fig. 4  Distribution of HELA student engagement studies across countries



Page 12 of 33Bergdahl et al. Int J Educ Technol High Educ           (2024) 21:63 

identify the specific country or countries of research. Likewise, 14 studies (8.8%) did 
not specify whether participants were undergraduates or postgraduates. However, 
again in line with prior EdTech literature (e.g., Bond et al., 2021), postgraduate data 
was only included in 13.2% of studies (5 both undergraduate and postgraduate data, 
and 16 postgraduate data only), and 5.0% of studies (n = 8) did not mention the disci-
pline of participants.

Whilst 15.7% of studies included students from multiple disciplines (n = 25), the 
majority of participants were studying in the fields of Natural Sciences, Maths & Sta-
tistics (25.8%, n = 41) and Engineering, Manufacturing & Construction (19.5%, n = 31), 
with STEM disciplines representing 60.4% of participants across the review corpus (see 
Table 1, Appendix H). It is interesting, then, that 34.0% of first authors come from Com-
puter Science (n = 54; see Table 2, Appendix H), and 30.8% of authors from Education 
disciplines (n = 49). This is further confirmed when exploring which disciplinary data is 
being used by researchers across faculties (see Table 3, Appendix H), which reveals that 
most authors are predominantly using participant data from within their own faculty, 
except for Education and Computer Science and to a lesser extent, Social Sciences.

RQ2: What are the prevalent data collection and research methods in studies of student 

engagement within LA?

A diversity of research methods was identified, reflecting the interdisciplinary nature 
and complexity of the field. While 14 studies did not clearly specify their methodologi-
cal approach, experimental designs emerged as the predominant method (n = 138). In 
contrast, surveys (n = 32) and interpretative or exploratory studies were notably less fre-
quent (n = 11).

Data collection

Log data was used as a single data source in 34 studies (21.4%; e.g., Elliott & Luo, 2022; 
Fan et al., 2021). Student assessments, such as semester grades, were used alongside log 
data in 81 studies (50.9%; see Appendix I), followed by surveys (n = 53, 33.3%). Qualita-
tive data types were less commonly reported, such as interviews (n = 8; e.g., González 
et al., 2022), focus groups (n = 4; e.g., Lewis et al., 2021), respondent diaries (n = 3; e.g., 
Ouyang et al., 2023), and observations (n = 2; e.g., Kannan et al., 2020). When combining 
multiple sources of data, system log data, surveys and assessment data were combined 
in 25 studies (15.7%; e.g., Bourguet, 2022; Yildirim & Gülbahar, 2022), indicating that 
this combination is far more prevalent than combining system log data, with qualitative 
measures, such as interviews (e.g., Burke & Fanshawe, 2021) or respondent diaries (e.g., 
Allen et al., 2016).

Sample sizes

An analysis of sample sizes across the included studies (see Fig. 5) revealed that the 
majority (65.4%, n = 104) included data from less than 500 students. However, the 
number of studies with samples over 1000, and particularly over 3000, have been 
steadily increasing in the past 5 years, which is particularly notable as studies in 
education and the wider educational technology field often have much smaller sam-
ple sizes (e.g., Forsström et  al., 2024). The utilisation of large datasets contributes 
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significantly to advancing our understanding of student engagement, as they allow 
researchers to identify patterns and trends that might not be apparent in smaller 
samples, thereby providing deeper insights into various aspects of engagement 
across diverse populations. For example, Tempelaar et al. (2018) analysed data from 
over 1600 undergraduate students to explore the interplay between learning cogni-
tion, behaviour, and regulation, and Saqr et al. (2023) conducted a large-scale analy-
sis to compare retention and engagement data across different cohorts.

Data analysis

All studies adopted descriptive or inferential statistics, often combined with com-
putational methods. Following the emerging trends highlighted by Merceron (2015), 
relationship mining was the most frequently used computational method (n = 105; 
e.g., Aida, 2023), including Epistemic Network Analysis (e.g., Huang et al., 2021) and 
Social Network Analysis (e.g., Chaka & Nkhobo, 2019). This was followed by dis-
covery with models (n = 48; e.g., Abdi et al., 2020), prediction (n = 48; e.g., Argyriou 
et al., 2022), clustering (n = 38; e.g., Azcona & Smeaton, 2017) and distillation of data 
for human judgement (n = 18; e.g., Alam et al., 2023). Despite a recent call for quali-
tative methods to improve the understanding of system data (e.g., Saqr & López-
Pernas, 2021), only 27 papers adopted content or thematic analysis, either alongside 
other methods or as the sole method of analysis (n = 7; e.g., Seo et al., 2021). Con-
tent analysis was often combined with computational techniques such as relation-
ship mining (n = 16; e.g., Kim et al., 2016; Nguyen, 2022). Other approaches to text 
analysis included using QADQAS (e.g., Strang, 2016) and lexical analysis (e.g., Chen 
et al., 2018). Such mixed methods provided the opportunity for numerical data to be 
enhanced by more nuanced insights.
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RQ3: How are theories or frameworks of student engagement applied to guide data 

analysis in LA research?

The term ‘engagement’ was sometimes used with inferred knowledge, lacking a clear 
definition of how it was conceptualised by the authors. However, understanding how 
researchers analyse data, informed by theory, is critical to exploring student engage-
ment. Thus, we categorised theory adoption across studies as follows:

1.	 The paper used an engagement framework or theory to inform the analysis of LMS 
data.

2.	 The paper used engagement research to describe their view on engagement.
3.	 The study did not use any engagement research, theories or frameworks.

HELA studies have mostly (44.7%, n = 71) used previous research on engagement in 
their introduction or background and linked this to their engagement analysis (e.g., 
Tempelaar et  al., 2018; Wong & Chong, 2018). This has included using psychomet-
ric scales to analyse survey data, e.g. the Engagement Scale (Reeve & Tseng, 2011), 
or as part of their overall data collection and analysis (e.g., Banihashem et al., 2022). 
Only 42 studies (26.4%) used an engagement framework to inform their data analysis. 
This included the Community of Inquiry (Garrison et al., 1999), the Online Engage-
ment Framework (Redmond et al., 2018), Constructivist Learning Design and Learn-
ing Analytics (Banihashem, 2020), Achievement Goal Theory (Daumiller et al., 2023), 
or a combination of approaches (e.g., Henrie et al., 2018). The remaining 46 studies 
(28.9%) stated that they explored engagement, yet the link between data analysis 
and engagement theories or frameworks was either unclear or they relied upon ‘stu-
dent engagement’ only as an LMS output. New engagement-related terms were also 
identified, such as ‘LMS engagement’ (e.g., Kalaitzopoulou et al., 2023) and ‘Learner 
Engagement Analytics (LEA)’ (e.g., Naeem & Bosman, 2023).

RQ4: What indicators have been used to measure engagement in HELA research?

In order to deepen the work by Johar et  al. (2023) and to further explore how HELA 
researchers have operationalised student engagement, studies were coded against the 
dimensions of student engagement or disengagement as per the SEDL framework (emo-
tional, behavioural, cognitive, social), and further coded using the indicators within each 
dimension (see Appendix K). This analysis revealed an overwhelming focus on behav-
ioural engagement (see Table 3), with 95.0% of studies measuring engagement through 
active and observable activities, such as time on task or number of clicks, as opposed to 
measuring deeper processing and understanding through cognitive engagement (25.8%, 
n = 41), emotional investment in learning (16.4%, n = 26), or collaborative and commu-
nicative interactions (16.4%, n = 26). More than half (56.0%, n = 89) of the studies in the 
corpus operationalised engagement as behavioural engagement only, including 74% of 
conference papers. Only three studies used behavioural, cognitive, emotional and social 
engagement (Hisey et al., 2024; Lin et al., 2023; Sherifi et al., 2023), and only two stud-
ies considered both engagement and disengagement for behavioural, cognitive and emo-
tional dimensions (Tempelaar et al., 2018, 2021).
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It should also be noted that engagement was sometimes approached at a general level; 
for example, Wu et al. (2023) suggested that engagement can be understood and meas-
ured within broader dimensions, implying a holistic approach to assessing behavioural 
engagement without pinpointing specific activities or behaviours, and Burke and Fan-
shawe (2021) did not specify exactly how engagement was operationalised. There were 
also examples where studies specifically referred to measuring behavioural, cognitive 
and emotional engagement but used indicators of behavioural engagement for all three 
dimensions (e.g., Doherty, 2023). Disengagement was far less specifically operationalised 
despite the focus of many studies on at-risk students and dropout prediction (e.g., Poell-
huber et al., 2023).

Operationalisation of behavioural engagement and disengagement

Participation was the most frequently measured form of engagement across the corpus 
(86.2%, n = 137; see Appendix J, Table 1), followed by time on task (45.9%, n = 73), home-
work completion (17.0%, n = 27), attendance (7.5%, n = 12), and effort (6.3%, n = 10) as the 
top five most frequent. Participation was approached as participating in formative activ-
ities such as lessons and quizzes (e.g., Rajabalee et al., 2020; Smith et al., 2022), the num-
ber of LMS logins (e.g., Guo & Lee, 2023), contributing to forums (e.g., Strang, 2016), 
and active viewing behaviours such as pausing and re-watching videos (e.g., Wang et al., 
2021). Participation was also framed as the frequency of accessing learning materials 
(e.g., Lewis et al., 2021) and the number of resources viewed (e.g., Nkomo & Nat, 2021), 
including the number of course notifications read (e.g., Ma et al., 2015). Time on task 
was measured in almost half of the studies (45.9%, n = 73), with some studies approach-
ing it as time spent accessing learning materials (e.g., Abdi et al., 2020) or watching video 
content (e.g., Zhu et al., 2022). Rienties et al. (2018) used the weekly time students spent 
on the LMS, observing fluctuations and finding that time spent was directly influenced 
by the learning design of courses, especially during weeks with substantial assessments. 
Su et al. (2017) segmented students into ‘intensive use’, ‘regular use’, and ‘short use’ clus-
ters based on their engagement time with various learning activities. They found that 
the ‘intensive use’ and ‘regular use’ clusters had better learning effectiveness due to more 
time and effort invested in the activities (Table 5).

Behavioural disengagement was formally operationalised in 10 studies, with task 
incompletion the most frequent (1.9%, n = 3; see Appendix J, Table 1). Linden et al. (2023) 

Table 5  Student engagement operationalisation by dimension

Rank (Dis)Engagement dimension n %

1 Behavioural engagement 151 95.0

2 Cognitive engagement 41 25.8

3 Emotional engagement 26 16.4

 =  Social engagement 26 16.4

4 Emotional disengagement 10 6.3

5 Behavioural disengagement 9 5.7

6 Cognitive disengagement 7 4.4

7 Social disengagement 2 1.3
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identified disengaged students through their non-submission of a low-stakes assessment 
item or by low LMS activity, Liu et al. (2015) analysed the total risk rating assigned to 
students based on low activity, and Veerasamy et al. (2021) defined students as at-risk 
by not submitting formative assessments. It should also be noted, however, that a num-
ber of studies specifically investigating student dropout did this by exploring measures 
of behavioural engagement rather than disengagement. For example, in order to use 
machine learning to predict students at risk, Poellhuber et al. (2023) used the number 
of courses and discussion views, clicks, discussions and posts created, and quiz comple-
tion to represent levels of behavioural engagement, which they used as “a continuum of 
participation” as “dropout was conceptualised as a process of disengagement” (p. 593).

Operationalisation of cognitive engagement and disengagement

Self-regulation was the most frequently measured indicator of cognitive engagement 
(10.1%, n = 16; see Appendix J, Table 2), followed by critical thinking and focus/concen-
tration (both 5.0%, n = 8), synthesis/connecting ideas and self-efficacy (4.4%, n = 7), and 
deep learning (3.8%, n = 6) as the most frequent. Self-regulation was approached through, 
for example, pre-test and post-test mean scores (e.g., Suraworachet et  al., 2023), quiz 
scores and frequency of viewing teaching materials as indirect indicators (e.g., Dobashi 
et al., 2022), and preparation (e.g., Tempelaar et al., 2018). Dobashi et al.’s (2022) research 
shed light on the variability of learning strategies among students, revealing that higher 
quiz scores were not necessarily linked to more frequent reviews of teaching materials. 
This observation suggests that effective cognitive self-regulation may stem from prior 
knowledge or the ability to grasp concepts during live demonstrations, underscoring the 
diverse ways students navigate learning processes.

Cognitive disengagement was most frequently operationalised through confusion 
(1.9%, n = 3; see Appendix J, Table 2), followed by anxiety and lack of regulation (1.3%, 
n = 2 each), and distracted (0.6%, n = 1). Several studies (e.g., Rienties et al., 2019; Tem-
pelaar et al., 2018, 2021) used the Epistemic Emotion Scales (see Pekrun et al., 2017) to 
explore how learning cognition and behaviour impacted learning regulation in three dif-
ferent cohorts of undergraduate Business and Economics students, measuring confusion, 
anxiety, frustration, enjoyment, boredom, surprise and curiosity. Even though anxiety 
would usually be an indicator of emotional disengagement, Tempelaar et al. (2018, 2021) 
used ‘Anxiety motive’ from the Motivation and Engagement Wheel (Martin, 2007) as a 
maladaptive, cognitive factor, and ‘Anxiety’ from the Achievement Emotions Question-
naire (Pekrun et al., 2011) as a negative activating emotion. Wang (2022) used log data 
to explore the affective learning states of 269 undergraduate students majoring in edu-
cational technology, to determine whether students were in a state of confusion, engage-
ment, frustration or distraction.

Operationalisation of emotional engagement and disengagement

Emotional engagement was most frequently operationalised through enjoyment (5.7%, 
n = 9; see Appendix J, Table 3), followed by satisfaction (3.1%, n = 5), interest and positive 
attitude towards learning (2.5%, n = 4), confidence, joy and sense of wellbeing (0.6%, n = 1 
each). Guided by Redmond et  al.’s (2018) engagement framework, Hisey et  al. (2024) 
explored how interactive storytelling lecture trailers affected students’ behavioural, 
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cognitive, emotional, and student–instructor (social) engagement. Emotional and social 
engagement were evaluated through surveys and semi-structured interviews; behav-
ioural engagement through online participation (quizzes, assignments, discussion 
boards, page views, polls, etc.) and attendance in Zoom calls; and cognitive engagement 
through the survey by measuring cognitive effort and mastery. Emerson et  al. (2020) 
used the Interest and Enjoyment subscale of the Intrinsic Motivation Inventory (Ryan, 
1982), alongside multimodal LA to explore undergraduate students’ engagement with 
game-based learning, measuring enjoyment, interest, boredom and disinterest.

Boredom (4.4%, n = 7) was the most frequent measure of emotional disengagement (see 
Appendix J, Table 3), followed by frustration (2.5%, n = 4), worry/anxiety (1.9%, n = 3), 
anger and hopelessness (1.3%, n = 2 each), disgust, disinterest, fear and sadness 0.6%, 
n = 1 each). Allen et al. (2016) explored boredom and engagement during undergradu-
ate writing by logging keystrokes, capturing participants’ faces on video, and providing 
self-reports of affective states. Yilmaz and Yilmaz (2022) used the student engagement 
scale (Sun & Rueda, 2012) to measure undergraduate students’ behavioural, cognitive 
and emotional engagement within an online Computing course. The survey has eight 
emotional items, including ‘I feel bored by the online class’, which are all classified as 
‘engagement’, rather than a mixture of ‘engagement’ and ‘disengagement’ indicators.

Operationalisation of social engagement and disengagement

Social engagement and disengagement were the least measured of all the engagement 
dimensions (see Appendix J, Table 4). However, interaction with peers was explored in 
24 studies (15.1%), indicating that communication and collaboration with fellow learners 
are considered critical components of the social aspect of learning, followed by interac-
tion with educators (5.0%, n = 8). Interaction with peers was approached by identifying 
patterns in peer interaction (e.g., Huang et al., 2021; Jan, 2018), where some used net-
work analysis to compare connectedness and network centralisation (e.g., Chen et  al., 
2018). Kannan et  al. (2020) considered “talking to peers on topic, listening to peers, 
asking questions about the topic, group discussion, [and] responding to teacher’s ques-
tions…as ‘actively engaged’” (p. 12), and Wang et al. (2023) collected two types of data 
to measure interaction with peers; the number of messages posted, replied to and total 
words as captured by log data, and the discourse data whilst undertaking a problem-
solving process. Studies exploring interaction with educators analysed communication 
patterns (e.g., Karapiperis et  al., 2023), feedback (e.g., Lee & Recker, 2021), uploading 
materials (e.g., Ma et al., 2015), or student feedback using data from focus groups and 
interviews (e.g., Lewis et al., 2021).

Social disengagement was only explicitly measured in two studies, which both used 
egocentric elaboration. Lee and Recker (2021) explored the effect of online discussion 
strategies on participation and performance in 72 online Mathematics and Statistics 
courses between 2011 and 2015, using a combination of log data, discussion posts and 
students’ final grades. Among the many variables used, egocentric elaboration related to 
the percentage of posts elaborating on one’s own arguments, as opposed to allocentric 
elaboration, where students compare or synthesise that of their peers. Lee and Recker 
(2022) then explored the same dataset further to further understand which instructor 
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discussion strategies influence course performance, in order to build multilevel models 
to predict students’ course performance.

RQ 5: What are the overall findings of HELA student engagement research?

The included studies were coded on indicators of behavioural, emotional, cognitive and 
social engagement and disengagement (see Table 4). Overall, 84.9% provided evidence 
of behavioural engagement, 35.2% behavioural disengagement, 25.8% cognitive engage-
ment, 20.8% social engagement, and 13.8% identified emotional engagement, with other 
disengagement dimensions found far less. However, whilst some studies operational-
ised engagement through various dimensions and distinct variables, they aggregated 
the findings under the same category, treating engagement as a unified construct rather 
than presenting the individual aspects measured independently (e.g., Banihashem et al., 
2022). Therefore, studies that gave an overall ‘engagement’ finding but did not specify 
which indicators and/or dimensions this referred to were coded separately. There were 
also some studies that measured individual indicators of engagement but then subsumed 
them under the umbrella dimension. For example, Yoon et  al. (2021) operationalised 
behavioural engagement through two indicators (attention and participation) but then 
combined these results under ‘behavioural engagement’. In this case, a code of ‘behav-
ioural engagement’ was assigned to the study, but not any individual indicators (e.g., 
attention) (Table 6).

Behavioural engagement and disengagement findings

Evidence of behavioural engagement was captured across nine separate indicators (see 
Appendix L, Table 1), with positive participation found in 66.7% of studies (n = 106); by 
far the most frequent indicator of engagement, well ahead of the next indicator time on 
task (21.4%, n = 34). Nadeem and Blumenstein (2021) conducted a study that established 
a moderate correlation between the percentage of activities completed by students and 
their performance in end-project assessments (r = 0.42, p < 0.05) as well as in final exams 
(r = 0.34, p < 0.05), providing evidence that students who complete a higher percentage 
of activities tend to perform better academically. Likewise, Naeem and Bosman (2023) 
reported findings from an analysis indicating a strong positive correlation (r = 0.71) 
between the rate of engagement with the activities and resources provided on the 
LMS and the grades students achieved in their modules. This high correlation suggests 

Table 6  Student engagement findings by dimension

Rank (Dis)Engagement dimension n %

1 Behavioural engagement 135 84.9

2 Behavioural disengagement 56 35.2

3 Cognitive engagement 41 25.8

4 Social engagement 33 20.8

5 Emotional engagement 22 13.8

6 Emotional disengagement 19 11.9

7 Cognitive disengagement 13 8.2

8 Social disengagement 10 6.3
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a significant relationship where increased engagement is likely to result in better aca-
demic performance. O’Brien and Verma (2019) categorised student behaviours, reveal-
ing a spectrum of engagement from active participation, such as attending lectures and 
accessing recordings, to more passive forms, such as downloading lecture notes, sug-
gesting a diversity of engagement approaches among students, and results from Oliveira 
et al. (2021) indicated high student interaction levels with a smart learning environment 
that was intertwined with social media, reflecting an engagement pattern that perme-
ated informal and formal learning contexts.

Behavioural disengagement manifested itself across 12 indicators (see Appendix L, 
Table  1), although most of them were not found in many studies. Avoidance was the 
most frequently found (15.7%, n = 25) and included students ignoring badges (e.g., 
Hakulinen et al., 2015), having reduced participation (e.g., Burke & Fanshawe, 2021), not 
logging in to the LMS (e.g., Linden et  al., 2023), or having lower rates of engagement 
with the LMS (e.g., Matz et al., 2021). For example, Alam et al. (2023) measured avoid-
ance in terms of the infrequent use of a gamified LA dashboard. This was quantified by 
survey responses indicating limited use and supported by actual dashboard access data. 
Students’ avoidance was attributed to preferences for traditional tools, quicker access to 
resources outside the dashboard, and a lack of awareness of its benefits. Karapiperis et al. 
(2023) identified avoidance in the form of low active participation in forum discussions 
despite high levels of forum views among students with the highest grades. The meas-
ure here is the contrast between the number of forum views and the actual posts made 
by students, suggesting a form of passive engagement or avoidance of active participa-
tion in discussions. Similarly, Nguyen et al. (2018) assessed avoidance by comparing the 
intended learning design with actual student behaviour. Substantial discrepancies were 
found, with students spending significantly less time on assigned materials than recom-
mended by instructors.

Cognitive engagement and disengagement findings

Cognitive engagement was identified across 14 different indicators (see Appendix L, 
Table 2), with cognitive self-regulation the most frequent (6.9%, n = 11), followed by deep 
learning, reflection and focus/concentration (3.1%, n = 5 each). Banihashem et al. (2022) 
found a statistically significant increase in students’ self-regulation scores following the 
intervention. This elevation from a mean pre-test score of 37.88 to a post-test score of 
40.16, both with a standard deviation of 1.90, suggests the positive impact of tailored 
learning environments on cognitive self-regulation abilities. Tempelaar et  al.’s (2018) 
research delved into the timing of learning activities, distinguishing between self-reg-
ulated and externally regulated learners. The study found that self-regulated learners 
chose their learning timings autonomously, leading to more effective out-of-time prepa-
ration. In contrast, externally regulated learners adhered strictly to prescribed schedules, 
highlighting the influence of regulatory strategies on learning efficiency. Li et al. (2023) 
focused on the role of adaptive scaffolding in promoting metacognitive engagement 
among learners. By comparing conditions of adaptive, fixed, and no scaffolding, they 
found that adaptive scaffolding significantly encouraged students to be more task-ori-
ented and strategically engaged in reading and writing activities. This finding highlights 
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the critical role of tailored educational support in enhancing cognitive self-regulation 
and metacognitive strategies.

Indicators of cognitive disengagement were found far less frequently, with only five 
studies (3.1%) identifying unfocussed/inattentive behaviour, confusion in four studies 
(2.5%), followed by apathy (1.3%, n = 2), distracted and pressured/stressed (0.6%, n = 1). 
Findings demonstrated that the use of clickstream data (e.g., Dobashi et al., 2022) pro-
vided a metric of engagement, yet it revealed that not all interactions with materials rep-
resent focused attention. Some students demonstrated a pattern of opening materials 
but did not fully comprehend them, characterising a superficial form of engagement. 
Papamitsiou et  al. (2020) found that low performance correlated with low cognitive 
load indicators, suggesting that these students may not have focused effectively on 
understanding the content. Although they showed high attention, this might have been 
directed towards irrelevant aspects of the task, signifying inattention towards essen-
tial elements of the learning material. Saqr et al. (2023) identified a ‘light state’ group’s 
low activity across various learning indicators, which could reflect a slight behavioural 
engagement but a significant cognitive disengagement. Such students may be present in 
the learning environment but not mentally engaged with the content, which is indicative 
of inattentiveness.

Emotional engagement and disengagement findings

Both emotional engagement and disengagement were not identified very frequently, 
with the most frequent for both appearing in six studies each (3.8%): interest and worry/
anxiety (see Appendix L, Table 3). Emerson et al. (2020) utilised multimodal predictive 
models to classify performance and interest groups in a game-based learning setting. 
The study found that models incorporating facial expression and gameplay data were 
preferred for real-time scaffolding due to their high accuracy in explaining student per-
formance and interest. However, the addition of facial expression data to the predictive 
models decreased their performance, indicating the complexity of accurately capturing 
and interpreting students’ emotional engagement. Lin et al. (2023) showed that giving 
students the autonomy to choose assessment topics significantly impacted their level 
of interest. The Free Selection & Invitation group experienced a higher average flow 
(M = 3.98) compared to the Assigned Partners (AP) group (M = 3.64), with effect sizes 
ranging from small to medium across various engagement dimensions, including inter-
est (F = − 2.87, p = 0.005 < 0.05, η2 = 0.08). This indicates that student autonomy in learn-
ing activities can profoundly influence their engagement and interest levels. Yousuf and 
Conlan’s (2018) study on the impact of exploratory visual narratives showed that pre-
senting learning progress in this format was both engaging and interesting to students.

Worry/anxiety was expressed about a range of LA interventions, despite there being 
evidence of increased engagement overall. For example, Abdi et  al. (2020) found that 
students were worried about trying challenging practice questions in an open learner 
model and having it affect their overall rating. Likewise, the use of a thermometer start-
ing off at 0 points in a gamified LA dashboard was a concern for some students, with the 
amount of extended time moving from F to D level leading to mixed emotions (Alam 
et al., 2023). The use of nudges in online Education and Regional/Town Planning courses 
(Brown et  al., 2023) also led to students feeling anxious when they were considered 
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non-encouraging, overly persuasive, sent too frequently, or being sent across a range of 
platforms simultaneously.

Social engagement and disengagement findings

Interaction with peers was the third most frequent engagement indicator across the 
corpus (16.4%, n = 26), with several studies finding that it had a positive influence on 
students (see Appendix L, Table 4). Chen et al. (2018) found that some students, even 
without access to a social LA tool, exhibited higher levels of social engagement through 
broader interactions among themselves. This was demonstrated by higher connected-
ness and more evenly distributed network interactions, suggesting a natural propensity 
towards collaborative engagement within this group. Jan (2018) identified that the pres-
ence of closely-knit groups within the learning community, characterised by high mutual 
exchange and transitivity, indicates an open and interactive network. Huang et al. (2021) 
discovered that social–emotional interactions, particularly those involving humour (jok-
ing-positive and joking-negative sentiments), played a crucial role in alleviating the con-
fusion and frustration often associated with learning activities. Other studies focused 
more on the impact of social engagement on academic success and engagement. For 
example, Serembus and Riccio (2019) reported that interactions and submissions sig-
nificantly impacted the final course grade, reinforcing the theory that active engagement 
with faculty and peers correlates with academic success. Kannan et  al.’s (2020) use of 
observation protocol data and student perceptions during peer instructional activities 
revealed that a combination of active discussion, listening, and group discussions led to 
most students being classified as ‘actively engaged’, and Garbers et al. (2023) observed 
that engagement significantly increased during weeks when students participated in live 
sessions with teachers and classmates. This indicates that live interactions foster a more 
engaged learning community compared to periods without such sessions.

Social disengagement manifested through decreased interaction (5.0%, n = 8), social 
isolation/withdrawal (0.6%, n = 1), and challenging interactions (0.6%, n = 1). Summers 
et  al. (2021) found a rise in asynchronous interactions during the pandemic, such as 
watching recorded lectures and accessing online materials, whilst synchronous activities 
decreased, including attending live lectures and tutorials. However, Mohammadhassan 
and Mitrovic (2022) found that the lack of interaction with both videos and humans, 
as well as the lack of feedback and personalisation, can turn video-based learning into 
a passive form of learning, with learners simply watching the videos and not engaging 
deeply. Furthermore, Guo and Lee (2023) identified that, even though there was a rise 
in increased peer interaction in LMS discussion forums during the pandemic among 
undergraduate Chemistry students, it has since dropped back to pre-pandemic levels. 
In a study exploring collaborative concept mapping (Ouyang & Xu, 2022), students pre-
ferred to answer the educator’s questions and write directly onto the map rather than 
initiate conversations with peers. One of the main reasons given for this was the dif-
ference in power dynamics, where the educator was trying to scaffold the activity. Still, 
the students felt they did not have enough agency and knowledge to be able to contrib-
ute satisfactorily. These studies indicate a heightened need to ensure that authentic peer 
learning opportunities are available to students, tailored in a way that empowers stu-
dents to collaborate in both synchronous and asynchronous activities.
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Discussion
This systematic review appraised and synthesised 159 studies exploring how stu-
dent engagement has been conceptualised and manifested in HELA research. Studies 
approached engagement from a wide range of perspectives, including using LA to pre-
dict student engagement (e.g., Flanagan et al., 2022), to assess whether log data could be 
used as a proxy for engagement (e.g., Henrie et al., 2018), to investigate whether there is 
a correlation between LMS engagement and achievement (e.g., Naeem & Bosman, 2023), 
and to compare retention and engagement data (e.g., Saqr et al., 2023). The findings echo 
that of previous LA and broader educational technology reviews in several ways, includ-
ing methodological quality issues, a lack of diverse research contexts and approaches, 
and a disconnect between theory, research and practice. However, encouragingly, a 
number of studies have begun to adopt multi-dimensional frameworks of engagement, 
integrating behavioural, cognitive, emotional, and social dimensions into their analyses 
(e.g., Hisey et al., 2024; Lin et al., 2023). These studies illustrate a move towards a more 
holistic understanding of student engagement in HELA research.

Advancements in the field

Over the past decade, significant progress has been made in terms of methodological 
rigor, scale, and theoretical integration in HELA research. A substantial number of stud-
ies demonstrated strong theoretical grounding by integrating established engagement 
frameworks into their analyses (e.g., Tempelaar et al., 2018; Wong & Chong, 2018). These 
studies have successfully combined large-scale datasets with robust analytical methods 
to provide nuanced insights into student engagement. For instance, Tempelaar et  al. 
(2018) utilised the Epistemic Emotion Scales and Achievement Emotions Questionnaire 
to explore the interplay between learning cognition, behaviour, and regulation among 
undergraduate students. Their work exemplifies how integrating theoretical frameworks 
can enrich the interpretation of LA data, leading to more meaningful conclusions about 
student engagement. Similarly, Banihashem et  al. (2022) employed a combination of 
LMS data, surveys, and psychometric scales to measure different dimensions of engage-
ment, including behavioural, cognitive, and emotional aspects. Their study not only 
highlights the importance of multi-dimensional engagement analysis but also demon-
strates the effective integration of theory and empirical data. Recent studies have also 
showcased improvements in methodological rigor and scalability. Large-scale analyses 
leveraging big data have become more prevalent, allowing for more generalisable find-
ings. For example, Naeem and Bosman (2023) analysed engagement data across multiple 
modules and found strong correlations between LMS engagement and student grades, 
reinforcing the predictive power of LA at scale. Moreover, advancements in computa-
tional methods have enabled researchers to handle complex datasets more effectively. 
The adoption of techniques such as machine learning, network analysis, and multimodal 
analytics has enriched the analytical capabilities within the field (e.g., Huang et al., 2021; 
Wang et al., 2023).

Areas for improvement

While acknowledging these advancements, it is also important to address areas where 
improvements can be made.
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Issues with methodological quality

LA research has previously been criticised for its lack of methodological rigour and abil-
ity for small studies to be scalable (e.g., Larrabee Sønderlund et al., 2019; Viberg et al., 
2018). This review found that, despite having used the MMAT quality appraisal tool, 
certain information about study design details was still lacking. For example, 16 papers 
did not mention in which continent their study had been undertaken, and 22 did not 
specify the country, 5% of papers did not mention which discipline the participants were 
from, and 14 did not specify whether students were undergraduates or postgraduates. 
While most studies provided comprehensive demographic information, some stud-
ies lacked full contextual information, which not only enhances the generalisability and 
applicability of findings, it enables their research to be located by others. Therefore, all 
LA researchers are encouraged to consistently report detailed demographic data to facil-
itate comparisons and replication across different settings (Bergdahl et al., 2020; Bond 
et al., 2020, 2024).

Lack of diversity

At times, papers embraced both traditional and innovative approaches, including exper-
iments, surveys, ethnography, and design-oriented research, alongside emerging compu-
tational methods, for example, combining survey, LMS data, and multimodal data (e.g., 
Wang et al., 2023) or longitudinal studies combining a design intervention, a survey, test 
results and LMS data (e.g., Zhou et al., 2023). However, these were rare, with relatively 
few studies using qualitative data collection and analysis methods (Banihashem et  al., 
2022; Foster & Francis, 2020). As previous LA and educational technology reviews have 
found (e.g., Bergdahl et  al., 2020; Bond et  al., 2020; Banihashem et  al., 2022), there is 
an underrepresentation of African and South and Central American research, although 
this might be due in some part to the search strategy employed for this review. HELA 
research also focused heavily on undergraduate students, with only a small percentage 
of studies exploring postgraduate student engagement (Bergdahl et al., 2020; Bond et al., 
2020), and a large proportion of participants (60%) were from a STEM discipline, which 
raises questions of wider study generalisability (Kaliisa et al., 2024).

Disconnect with theory

Engagement is inherently a complex and multifaceted concept in educational research. 
It encompasses various dimensions, including emotional, behavioural, and cognitive 
engagement. However, a predominant reliance on LMS data for operationalising engage-
ment often results in a narrowed conceptualisation. Studies frequently equated engage-
ment with observable online behaviours, such as the number of clicks or time logged 
in, which predominantly captures only the behavioural aspect (Algayres & Triantafyllou, 
2019; Paulsen & Lindsay, 2024). This approach can significantly narrow the definition 
of engagement, omitting crucial emotional and cognitive dimensions. Another critical 
issue is the lack of standardisation in measuring engagement through LMS data, lead-
ing to inconsistencies across studies. For example, what one study might classify as ‘high 
engagement’ based on click frequency or login duration could be interpreted differ-
ently in another context. This disparity poses significant challenges in comparing and 
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synthesising findings across different research works, potentially leading to conflicting 
conclusions or an incomplete understanding of student engagement. Moreover, there 
appears to be an over-reliance on LMS’s built-in analytics and reports to define engage-
ment. While these metrics provide a convenient means to quantify certain aspects of 
student interaction, they might not comprehensively capture the full spectrum of stu-
dent engagement. This approach can lead to a simplistic understanding of engagement 
that fails to account for qualitative aspects such as student motivation, satisfaction, or 
depth of cognitive involvement. This complexity emphasises the need for a more com-
prehensive and nuanced approach to engagement in research and practice and for 
understanding and measuring student engagement beyond the confines of LMS data 
and simplistic metrics (Johar et al., 2023).

Researchers like Halverson and Graham (2019) suggest that online traces can reflect 
behavioural and cognitive engagement. Yet, they acknowledge the limited capac-
ity of these traces to provide insights into emotional engagement. In contrast, Martin 
and Borup (2022) propose that behavioural engagement, which is more tangibly traced 
online, could be a physical manifestation of cognitive and emotional engagement. Thus, 
the main problem lies in the ambiguity of trace data interpretation. There needs to be 
a consensus on mapping these data to specific engagement dimensions, especially for 
cognitive and emotional engagement, which are less tangible than behavioural indica-
tors. This presents a significant challenge in LA, as reliance on trace data might provide 
an incomplete picture of student engagement. Encouragingly, more studies integrate 
insights from established engagement theories and frameworks into their analyses. 
However, a considerable challenge remains in the comparability of these studies. This 
is because the same trace data is often interpreted differently across studies, with claims 
varying on whether it represents various aspects of engagement or disengagement. This 
divergence in interpretation complicates the ability to compare findings across different 
research works directly.

Implications for practice

The findings from this systematic review underscore several key areas for enhancing 
student engagement in higher education through the use of LA, such as comprehen-
sive engagement measurement, the integration of multimodal data, customised inter-
ventions, educator training, ethical considerations, and continuous improvement and 
adaptive learning. For example, the review shows that many studies focus primarily on 
behavioural indicators, such as clicks and the time spent on tasks, while cognitive, emo-
tional, and social dimensions are less frequently measured (Henrie et  al., 2018). This 
suggests that adopting a more holistic engagement framework could provide a fuller 
understanding of student engagement. Combining system log data with qualitative data 
has yielded richer insights into student engagement. For instance, studies that integrated 
LMS data with surveys and interviews uncovered deeper patterns and underlying causes 
of student behaviours (Dobashi et al., 2022; Ouyang et al., 2023). Evidence also indicates 
that LA can inform tailored interventions to support specific student needs. For exam-
ple, Abdi et al. (2020) found that using LA to identify at-risk students allowed for timely 
and customised support, improving student outcomes. Similarly, interventions based 
on emotional and cognitive engagement data enhanced self-regulation and motivation 
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(Banihashem et al., 2022). However, the effectiveness of LA in enhancing student engage-
ment often depends on the ability of educators to interpret and apply the data. Studies 
suggest that professional development and training in LA can improve educators’ capac-
ity to use data-driven insights to support student learning (Bergdahl et al., 2020; Bond 
et al., 2020; Gašević et al., 2019). Likewise, students also need to understand how to use 
the digital tools available to them and why they are being used, as some LA interventions 
caused anxiety (e.g., Abdi et  al., 2020; Alam et al., 2023), including the frequency and 
tone of nudges (Brown et al., 2023). Furthermore, quizzes are useful in identifying at-risk 
students, however they are more helpful when they are deemed relevant and useful for 
learning by students (e.g., Kohnke et al., 2022).

The review highlights that iterative and adaptive use of LA can lead to sustained 
improvements in student engagement. For instance, iterative reviews of LA data and 
subsequent adjustments in teaching strategies were shown to enhance learning out-
comes over time (Rienties et al., 2018; Saqr et al., 2023). This suggests that a continuous 
improvement approach, where data is regularly analysed, and interventions are refined 
based on effectiveness, can be beneficial. Furthermore, the utilisation of large-scale data-
sets in HELA research has provided educators and institutions with robust evidence to 
inform practice. The findings from these studies can guide the development of inter-
ventions and policies that are more likely to be effective across diverse student popula-
tions due to their generalisability. Practitioners should consider leveraging large datasets 
available within their institutions to monitor student engagement and identify areas for 
improvement.

Implications for future research

This review has revealed a number of avenues for further research. Firstly, more robust, 
theoretically oriented research needs to be undertaken using established frameworks 
and a wider range of metrics. The influence of social engagement on academic engage-
ment, student well-being and learning outcomes, in particular, requires further research. 
All study design information should be clearly stated, including participant country, 
number of participants (and the number of log data events), discipline, study length, and 
operationalisation of student engagement. More longitudinal, cross-modal and mixed 
methods studies should be conducted in order to provide further insight into helping 
at-risk students and preventing dropout. Future research should therefore continue 
to embrace large-scale studies to enhance the reliability and applicability of findings, 
including more diverse participants from a wider range of disciplines, especially those 
outside of STEM and in underrepresented regions. While large datasets offer breadth, 
integrating qualitative approaches can provide depth, capturing contextual factors and 
student perspectives that quantitative data alone may miss. As the field progresses, it 
is crucial to uphold rigorous methodological practices in data collection, analysis, and 
interpretation, especially when dealing with complex, large-scale data. Researchers must 
continue to prioritise ethical practices in data handling, ensuring student privacy and 
data security, particularly in large-scale studies. By building on the strengths of existing 
large-scale research and addressing its challenges, the field can advance towards a more 
comprehensive and inclusive understanding of student engagement.
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Conclusion
This review reveals that over the past decade, progress has been made in the field. 
Researchers have increasingly adopted rigorous methodologies, utilised large-scale data-
sets, and integrated educational theories into their analyses, leading to more nuanced 
and comprehensive insights into student engagement. However, challenges remain. 
While many studies have focused on behavioural engagement, further exploration of 
cognitive, emotional, and social dimensions is essential for a holistic understanding. In 
addition, inconsistencies in defining and measuring engagement persist, and there is a 
need for greater standardisation and clarity. Consequently, researchers often forego the 
guidance of theoretical frameworks, opting instead to rely on existing research findings. 
While this approach may provide some insights, it often lacks the methodological rig-
our and clarity offered by a solid theoretical foundation. Addressing these challenges will 
be crucial for developing a more comprehensive understanding of student engagement 
in online learning environments and their educational implications. By acknowledg-
ing both the advancements and the areas for improvement, this review contributes to a 
deeper understanding of student engagement in HELA research. Future research should 
continue to build on these strengths while addressing existing gaps, fostering a more 
robust and inclusive field of study.
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