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ABSTRACT

	Student engagement is an increasingly significant concern in higher education as learning management systems (LMSs) generate and organise extensive data on students' learning activities and interactions. However, LMS analytics do not represent all dimensions of student engagement equally, and limited comparative evidence exists regarding how major LMS platforms publicly document engagement-related indicators. This study addresses this gap through a comparative documentary content analysis of learning analytics in Moodle, Canvas, Blackboard Learn, and D2L Brightspace. Utilising the Student Engagement in Digital Learning (SEDL) Framework, the analysis classifies documented analytics indicators across four engagement dimensions: behavioural, cognitive, emotional, and social. The study examines publicly accessible official LMS documentation, including analytics documentation, reporting and dashboard materials, administrator and instructor documentation, and official developer or API documentation that explicitly identifies learner- or learning-related measures. A standardised search protocol, inclusion and exclusion criteria, unit of analysis, and coding procedure yielded a corpus of 101 distinct student engagement indicators. The findings demonstrate that these indicators are unevenly distributed across platforms and engagement dimensions. Behavioural indicators account for 44 indicators (43.6%), social indicators for 35 (34.7%), and cognitive indicators for 22 (21.8%), while no explicit native emotional engagement indicators were identified. Moodle presents the broadest documented measurement profile, with indicators spanning behavioural, cognitive, and social engagement, whereas Canvas, Blackboard Learn, and D2L Brightspace are more strongly concentrated on behavioural and social indicators. In total, 78.2% of the documented indicators represent behavioural or social engagement, suggesting a hierarchy of measurement visibility in which engagement that produces observable digital traces is more readily represented within native LMS analytics than cognitive or emotional engagement. These findings indicate that LMS analytics do not merely measure a pre-existing construct of student engagement; rather, they shape which aspects of engagement become visible and measurable through digital data. As the analysis relies exclusively on publicly accessible official documentation, the findings reflect documented measurement visibility and may not capture proprietary, configured, or otherwise undocumented capabilities. This study contributes to research on learning analytics and student engagement by demonstrating that comparative analysis of LMS documentation can reveal differences in how contemporary learning management systems operationalise and render student engagement measurable.
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1. INTRODUCTION

Learning management systems (LMSs) are now fundamental to higher education, offering digital environments for students to access materials, complete assessments, engage in discussions, communicate with instructors and peers, and track their progress. As these activities increasingly take place on digital platforms, LMSs generate extensive records of learner interactions that can be systematically collected and analysed. This development has driven the expansion of learning analytics in higher education, allowing institutions and educators to examine patterns of participation, learning activity, and student behaviour. Recent research highlights the ongoing advancement of analytics-driven approaches, such as leveraging digital learning data to enhance learning design and extracting learner indicators from online trace data (Drugova et al., 2024; Alhazbi et al., 2024). As a result, LMSs have evolved from simple repositories of instructional materials to environments where student activity becomes observable through data. Recent work on AI-driven personalized education similarly illustrates how learner-performance data can be used to identify support needs and inform tailored interventions, although such data-driven applications remain conceptually distinct from the direct measurement of multidimensional student engagement (Singh et al., 2024).
Student engagement is central to this development because it addresses how students participate in and experience learning. However, engagement cannot be captured by a single behaviour or observable event. Recent research conceptualises student engagement as multidimensional, with various forms of involvement reflecting distinct aspects of the learning experience. For instance, Heilporn et al. (2024) developed and validated a multidimensional measure of student engagement in higher education, distinguishing emotional-cognitive, social, agentic, and behavioural dimensions across face-to-face, blended, and online modalities. Similarly, Reeve et al. (2025) demonstrated through a large meta-analysis that different forms of engagement serve distinct functions related to achievement, social support, motivation, and well-being. These findings underscore the necessity of examining engagement through multiple dimensions rather than relying solely on participation counts or isolated measures.
This study operationalises the multidimensional perspective using the Student Engagement in Digital Learning (SEDL) Framework, which differentiates behavioural, cognitive, emotional, and social dimensions of engagement in digitally mediated learning (Bergdahl et al., 2024). The framework enables analysis not only of the availability of engagement-related data, but also of which specific dimensions are explicitly represented in LMS analytics. This distinction is significant because different forms of engagement may produce varying types and quantities of observable digital evidence.
The measurement challenge is therefore not limited to whether LMSs generate learner data, but extends to what these data can reasonably represent. LMSs can record logins, resource access, assignment submissions, discussion activity, and time spent interacting with course materials. These records provide scalable evidence of learner activity. For example, McKenna et al. (2024) used LMS data to quantify patterns of online engagement among undergraduates by analysing the frequency and timing of resource access. However, an observable trace does not necessarily reveal the underlying psychological or educational process it may signify. An access event may indicate interaction with a resource without confirming attention, comprehension, motivation, or emotional involvement. Longitudinal evidence combining LMS trace data with repeated self-regulation measures further demonstrates that engagement patterns can change over time, reinforcing the need to avoid treating a single digital trace as a stable representation of engagement (Heikkinen et al., 2025).
This issue becomes more significant when analytics are employed to represent complex learning processes. Alhazbi et al. (2024) found that learning analytics researchers have extracted various indicators from LMS trace data to examine self-regulated learning, including engagement, regularity, and time-management measures, while emphasizing the need to validate such indicators against theoretical models. Similarly, Bernacki et al. (2025) demonstrated that digital events can be validated as traces of self-regulated learning processes, highlighting that the relationship between an observable event and the inferred construct cannot be assumed. Thus, the increasing availability of detailed learner data does not imply that student engagement is comprehensively measurable.
The central issue, therefore, is which aspects of student engagement are represented as measurable indicators within an LMS. Behavioural engagement aligns well with digital measurement because many behavioural activities generate discrete records. Social engagement can also be observed through discussion participation, messaging, collaboration, and other recorded interactions. In contrast, cognitive and emotional engagement are less directly observable through standard LMS activity records. Recent research on online learning demonstrates that engagement is shaped by multiple interacting dimensions and factors, including motivation, attitudes, interactions, and learning behaviors (Zhang et al., 2025). Consequently, the types of data an LMS records and organizes influence which dimensions of engagement are available for analysis.
These considerations have significant implications for the interpretation and application of learning analytics. Analytics can inform learning design, instructional decision-making, and students’ understanding of their own learning (Jung & Wise, 2025). For example, Drugova et al. (2024) examined analytics-driven improvements in higher education learning design and highlighted the increasing interest in linking analytics with pedagogical decisions. However, the value of analytics depends in part on whether the generated indicators meaningfully correspond to the learning processes they are intended to represent. Determining what an analytics system measures is therefore fundamental to understanding the legitimacy of its interpretations and applications. Recent scoping evidence further indicates that the usefulness of learning analytics depends not only on data availability but also on whether analytics can be translated into pedagogically actionable information for teaching and assessment (Ajayi et al., 2025).
Despite the growing literature on learning analytics, student engagement, and LMS-generated data, a key comparative issue remains underexplored. Existing research has examined engagement using surveys, LMS trace data, learning analytics models, dashboards, and empirical interventions. Some studies have developed or validated specific indicators of engagement or related learning processes. However, less attention has been given to LMS platforms themselves as documented measurement systems. Specifically, there is limited comparative evidence regarding which student-engagement indicators major LMS platforms publicly identify, how these indicators correspond to different engagement dimensions, and whether comparable forms of engagement measurement are documented across platforms .Recent intervention research also shows that analytics-based support can increase multiple forms of online engagement while it is available, yet these gains may not persist after the support is removed, underscoring the context- and time-dependent meaning of engagement indicators (Jung et al., 2026).
Examining LMS documentation offers a distinct approach to addressing this gap. The focus is not on whether students using one platform are more engaged or whether a particular indicator better predicts academic success. Instead, the central question concerns what the LMS platform explicitly identifies as a measurable learner- or learning-related characteristic. This perspective emphasises the documented measurement architecture of LMS analytics. Since providers organise and describe analytics using varying terminology, detail, and reporting structures, meaningful comparison requires a common conceptual framework and a standardised definition of engagement indicators.
Accordingly, this study examines Moodle, Canvas, Blackboard Learn, and D2L Brightspace through a comparative documentary content analysis of their publicly accessible official analytics documentation. The SEDL Framework is used to classify documented indicators according to behavioural, cognitive, emotional, and social engagement (Bergdahl et al., 2024). The analysis focuses specifically on documented measurement visibility: what each LMS platform explicitly provides as learner- or learning-related analytics indicators under a standardised documentary protocol. The study does not assume that undocumented capabilities are absent, nor does it interpret the number of documented indicators as a measure of analytics quality or platform sophistication.
The study aimed to: (1) identify the student-engagement indicators publicly documented in Moodle, Canvas, Blackboard Learn, and D2L Brightspace; (2) classify these indicators according to the behavioural, cognitive, emotional, and social dimensions of student engagement; (3) compare the four LMS platforms in terms of their documented student-engagement dimensions and measurement patterns; and (4) interpret what the distribution of documented indicators reveals about how contemporary LMS analytics conceptualise and operationalise student engagement.
These objectives were addressed through the following research questions:
RQ1. What student-engagement indicators are publicly documented in Moodle, Canvas, Blackboard Learn, and D2L Brightspace?
RQ2. How are the documented LMS analytics indicators distributed across the behavioural, cognitive, emotional, and social dimensions of student engagement?
RQ3. How do the four LMS platforms differ in their representation of student-engagement dimensions and measurement patterns?
RQ4. What does the distribution of LMS analytics indicators reveal about how contemporary learning management systems conceptualise and make student engagement measurable?

2. METHODOLOGY

2.1 Research Design

A comparative documentary content analysis was employed to systematically examine how Moodle, Canvas, Blackboard Learn, and D2L Brightspace publicly document the measurement of student engagement. This documentary approach was appropriate because the evidence base consisted of official learning management system (LMS) analytics documentation, rather than user observations, institutional datasets, or proprietary system data. Content analysis was used to identify, normalise, and systematically categorise discrete analytics indicators according to a common set of criteria (Ji, 2024; Nicmanis, 2024). The comparative design enabled the application of the same analytical procedure across all four platforms, facilitating consistent examination of the various dimensions of engagement represented in their documented analytics.
A theory-driven, directed content analysis was conducted using the Student Engagement in Digital Learning (SEDL) Framework to classify documented analytics indicators according to behavioural, cognitive, emotional, and social dimensions. This approach was appropriate because learning analytics may operationalise student engagement through various types of observable digital traces, necessitating a theoretically informed coding framework for systematic comparison (Bergdahl et al., 2024).
Each LMS was treated as a separate case, and its official analytics documentation was examined using consistent documentary search, inclusion, exclusion, and coding procedures. The analysis combined qualitative classification with descriptive frequencies and percentages to identify patterns within the documented analytics corpus. This approach enabled comparison of the types and engagement dimensions represented across the four platforms, without making claims regarding their relative effectiveness or the actual engagement of students. The focus of comparison was the publicly documented measurement architecture of LMS analytics, rather than student outcomes or proprietary system capabilities.

2.2 Selection of Learning Management System Platforms

Moodle, Canvas, Blackboard Learn, and D2L Brightspace were selected for comparison due to their status as established learning management environments with publicly accessible documentation on analytics, reports, dashboards, and related learner or learning measures. The selection process was purposive and guided by two criteria: relevance to higher education learning environments and the availability of sufficient official documentation to support systematic analysis of analytics capabilities. Consistent application of these criteria across the four cases ensured a comparable documentary basis for examining how different LMS platforms represent and operationalise student engagement.
Each of the four platforms was analysed as an individual case, rather than as a representative sample of all learning management systems. This study does not assume that these platforms encompass the full range of analytics approaches available across LMSs. Additionally, the number of documented indicators was not interpreted as evidence of greater analytics sophistication or effectiveness. Instead, these cases were selected to facilitate systematic comparison of the publicly documented measurement of student engagement across four established LMS environments.

2.3 Documentary Corpus and Source Selection

The documentary corpus was restricted to publicly accessible, official documentation produced by four learning management system (LMS) providers: Moodle, Instructure (Canvas), Anthology (Blackboard Learn), and D2L (Brightspace). This restriction ensured that the indicators represented measures explicitly documented by the LMS providers, rather than interpretations from third-party reviews or empirical studies. The corpus included analytics documentation, reporting and dashboard documentation, administrator and instructor documentation, and official developer or API documentation, provided these sources explicitly identified learner- or learning-related measures (Anthology, n.d.; D2L, n.d.; Instructure, n.d.; Moodle, 2024).
A standardised search protocol was applied to each platform, encompassing seven domains: (a) general analytics, (b) activity and behaviour, (c) assessment and performance, (d) social interaction, (e) cognitive and self-regulatory activity, (f) emotional or affective activity, and (g) prediction and intervention. Documents were included only if they explicitly identified a learner- or learning-related variable, event, measure, analytic output, or report relevant to student engagement. General descriptions of LMS functionality were not considered sufficient evidence of an analytics indicator.
Third-party reviews, academic studies used as empirical evidence, user forums, plugins or extensions, private institutional data, and technical documentation lacking explicit identification of a learner- or learning-related measure were excluded. This approach established a consistent evidentiary boundary across the four platforms and limited the analysis to the publicly documented core analytics corpus. Consequently, the absence of a documented indicator was interpreted as an absence of documented evidence according to the study's search and coding protocol, rather than as evidence that the underlying capability is absent.

2.4 Unit of Analysis and Inclusion/Exclusion Criteria

The unit of analysis was defined as a distinct, publicly documented LMS analytics indicator or measure representing a learner- or learning-related characteristic relevant to student engagement. Each indicator was counted once when documentation identified it as a distinct measure, regardless of its appearance in multiple reports, dashboards, or visualizations. This approach ensured that the same underlying measure was not counted repeatedly across different documentation formats. Accordingly, the final indicator count represents distinct normalised measures rather than the number of times an indicator appeared across individual documents, reports, dashboards, or system outputs.
Inclusion required explicit documentary evidence of the measure. General LMS features, instructional activities, or technical functions were excluded as analytics indicators unless official documentation specifically identified a corresponding learner- or learning-related measure. Likewise, raw system events were not considered separate indicators if they served as underlying data for a documented measure.
Measures were excluded from the engagement corpus if they represented educational outcomes, such as grades, or if they constituted analytics outputs, including predictions, alerts, or recommendations, rather than indicators of engagement. Only measures classified as direct or proxy indicators of engagement were retained in the final corpus. These criteria were applied consistently across all four platforms to maintain a common level of analytical granularity and to minimise double-counting.

2.5 Analytical Framework and Coding Procedure

The coding procedure was informed by theory and followed a deductive approach, with initial coding categories established prior to analysis. This method aligns with directed content analysis, where existing theory or relevant research informs the development of coding categories (Hsieh & Shannon, 2005). The Student Engagement in Digital Learning (SEDL) Framework was employed as the primary analytical framework, categorising documented indicators into four dimensions: behavioural, cognitive, emotional, and social engagement (Bergdahl et al., 2024). Each documented measure was coded according to the learner activity or learning-related process explicitly represented in the source documentation.
For each eligible documentary source, the coding process proceeded sequentially from source identification to indicator extraction, indicator normalization, SEDL dimension assignment, and measurement-status classification. An indicator was retained in the final corpus only when the official documentation explicitly supported its representation as a learner- or learning-related measure relevant to engagement. The measure was assigned to the SEDL dimension most directly represented by the documented learner activity or learning process and was then classified according to its measurement status.
A second coding layer classified each measure by its measurement status: direct indicator, proxy indicator, outcome, analytics output, or non-engagement analytics. Direct indicators explicitly represented aspects of engagement, while proxy indicators could suggest engagement without directly confirming it. Outcomes, such as grades, were differentiated from engagement indicators. Predictions, alerts, and recommendations were categorised as analytics outputs rather than engagement measures. The final engagement corpus included only direct and proxy indicators.
The coded data were organised by LMS platform and compared across the four SEDL dimensions. Frequencies and percentages were calculated to determine the distribution of documented indicators within and across platforms. This procedure enabled examination of the extent to which student engagement dimensions are represented in LMS analytics and the differences in measurement patterns across platforms, without assuming that the number of documented indicators reflects overall analytics quality or platform sophistication.

2.6 Data Analysis and Comparative Procedure

The coded indicators were first normalised within and across platforms to prevent duplicate measurement and to ensure consistent granularity in the analysis. The dataset was then organised by LMS platform, engagement dimension, and measurement status. This procedure followed the study's predefined coding rules and enabled transparent comparison of engagement operationalisation across the four platforms.
Descriptive analysis was used to calculate frequency counts and percentages for the documented indicators. Frequencies were determined for each platform and for each SEDL dimension: behavioural, cognitive, emotional, and social. Platform-level distributions were compared to identify similarities and differences in the types of engagement indicators present in publicly documented analytics.
The comparative findings addressed the four research questions sequentially: RQ1 established the inventory of documented indicators; RQ2 examined their distribution across engagement dimensions; RQ3 compared the resulting measurement profiles across platforms; and RQ4 interpreted the broader patterns by which LMS analytics render student engagement measurable. The analysis was descriptive and comparative rather than inferential, and did not assess platform effectiveness, student outcomes, or the relative quality of LMS analytics.

2.7 Trustworthiness and Methodological Rigour

Methodological rigour was ensured by applying standardisation, traceability, and consistency throughout the documentary analysis. The same source-selection protocol, search areas, inclusion and exclusion criteria, unit of analysis, and coding categories were used for all four LMS platforms. A documented decision trail for source selection, indicator normalization, and coding decisions enhanced the analysis's dependability and transparency (Ahmed, 2024).
Coding decisions were verified against the original official documentation to ensure that each retained indicator was supported by explicit documentary evidence. Duplicate measures were consolidated, and indicators were coded according to the predefined SEDL dimensions and measurement-status categories. These procedures maintained analytical consistency and minimized the risk that differences in documentation structure across platforms would artificially affect indicator counts.
The analysis adopted a conservative approach regarding undocumented evidence. The absence of an indicator in the corpus was interpreted as a lack of publicly documented evidence, in accordance with the study's standardised protocol, rather than as confirmation that a platform lacks the underlying capability. This distinction is essential when interpreting differences among commercial LMS platforms, whose analytics capabilities may vary based on configuration, licensing, or non-public documentation. Collectively, these procedures established a transparent analytical trail from source selection through coding and comparative interpretation.

2.8 Ethical Considerations

This study did not involve human participants, personal data, institutional records, or private information. The documentary corpus consisted exclusively of publicly accessible materials published by the respective learning management system (LMS) providers. As a result, the analysis did not require participant recruitment, informed consent, or access to confidential educational data. The analysis attributed all documentary sources to their respective organizations and limited it to information explicitly available in the public domain. The study did not claim undocumented or proprietary capabilities and did not use the documentation to evaluate individual users, institutions, or identifiable persons. These procedures ensured responsible use and transparent interpretation of publicly available documentary evidence.

3. RESULTS AND DISCUSSION

3.1 Documented Student-Engagement Indicators

Research Question 1 (RQ1) investigated which student-engagement indicators are publicly documented in Moodle, Canvas, Blackboard Learn, and D2L Brightspace. The application of a standardised documentary search protocol, along with defined inclusion and exclusion criteria, unit of analysis, and coding procedure, resulted in a final corpus of 101 distinct student-engagement indicators across the four learning management system (LMS) platforms. The distribution of indicators was uneven: Moodle accounted for 51 indicators (50.5%), Blackboard Learn for 19 (18.8%), Canvas for 16 (15.8%), and D2L Brightspace for 15 (14.9%).

Table 1. Documented Student-Engagement Indicators by LMS Platform

	LMS Platform
	Documented Indicators
	Percentage of Corpus

	Moodle
	51
	50.5%

	Blackboard Learn
	19
	18.8%

	Canvas
	16
	15.8%

	D2L Brightspace
	15
	14.9%

	Total
	101
	100.0%



Moodle yielded the largest documented corpus, representing approximately half of all indicators identified in the study. This higher count reflects the more detailed structure of Moodle’s publicly documented analytics indicators, which differentiate multiple forms of learner activity and include explicit measures related to behavioural, cognitive, and social engagement. In contrast, the documented indicators in Canvas, Blackboard Learn, and D2L Brightspace were more strongly concentrated on observable activity and interaction measures. These differences should not be interpreted as rankings of analytics sophistication, effectiveness, or overall platform capability. Instead, they reflect differences in the number of distinct engagement-related measures that could be explicitly identified and normalised using the study’s common documentary protocol.
This finding aligns with recent learning analytics research indicating that engagement is frequently operationalized through data generated by students’ interactions with digital learning environments. Bergdahl et al. (2024), in a systematic review of 159 higher-education learning analytics studies, found that observable behavioural measures such as clicks, activity counts, and task duration were substantially more common than measures representing other dimensions of engagement. Similarly, Winter et al. (2024) demonstrated that behavioural trace data generated within online learning environments can provide information about various dimensions of learning engagement, while also emphasizing the importance of examining multiple indicators rather than relying on any single trace as a complete representation of engagement. Goh (2026) further showed that LMS log data can be used to characterize persistence and consistency in students’ engagement behaviour over time. Collectively, these studies underscore the importance of examining not only whether LMSs generate data, but also which forms of student activity are rendered measurable as indicators.
The variation in documented indicator counts also reflects differences in the granularity of documentation. This study counted a measure only when official documentation identified it as a distinct learner- or learning-related indicator. Reports, dashboards, visualizations, and raw system events were not automatically counted as separate indicators. Similarly, repeated appearances of the same underlying measure across different documentation pages or reporting formats were consolidated. This normalization was necessary because LMS providers organise and describe analytics in diverse ways. As a result, the reported counts represent comparable analytical units rather than simple tallies of available reports or documentation pages.
This distinction is significant because learning analytics systems can make certain aspects of student activity considerably more visible than others. Research on learning analytics dashboards has similarly emphasised the role of analytics in presenting information about students’ observable learning behaviors and supporting reflection on those behaviors (de Vreugd et al., 2024; Lee & Kim, 2025). Thus, the documented indicators represent not the entirety of student engagement, but rather the portions of engagement that are explicitly rendered measurable through the analytics structures documented by each platform.
Therefore, the 101-indicator corpus should be interpreted as evidence of documented measurement visibility, not as an indication that one LMS has more comprehensive or effective analytics than another. The findings demonstrate that all four platforms provide publicly documented measures relevant to student engagement, although the number and composition of these measures vary. This variation becomes more analytically meaningful when the indicators are examined according to the four dimensions of the Student Engagement in Digital Learning (SEDL) Framework. Accordingly, Research Question 2 (RQ2) investigates whether the documented indicators are distributed evenly across behavioural, cognitive, emotional, and social engagement, or whether particular dimensions are more strongly represented in contemporary LMS analytics.

3.2 Distribution Across Student-Engagement Dimensions

Research Question 2 (RQ2) investigated the distribution of 101 documented learning management system (LMS) analytics indicators across the four dimensions of the Student Engagement in Digital Learning (SEDL) Framework: behavioural, cognitive, emotional, and social engagement. The findings indicate a pronounced concentration in behavioural and social engagement indicators, with cognitive engagement less extensively represented and emotional engagement not explicitly documented in the corpus.

Table 2. Distribution of Documented Indicators by Student-Engagement Dimension

	Engagement Dimension
	Frequency
	Percentage

	Behavioural
	44
	43.6%

	Social
	35
	34.7%

	Cognitive
	22
	21.8%

	Emotional
	0
	0.0%

	Total
	101
	100.0%



Behavioural engagement represented the largest category, comprising 44 indicators (43.6%). These indicators captured observable learner activities, such as access, participation, submissions, completion, interaction with learning resources, and related activity traces. The predominance of behavioural measures aligns with broader learning analytics literature. For example, Bergdahl et al. (2024), in a systematic review of 159 higher-education learning analytics studies, found that behavioural engagement was the most frequently operationalized dimension, with measures such as clicks, time on task, and other observable activities being substantially more common than cognitive, social, or emotional engagement measures. Similarly, Armas-Cervantes et al. (2024) showed that LMS event data can identify changes in students’ online engagement by analysing patterns across large numbers of recorded learning interactions. These findings help explain the prominence of behavioural engagement in the present corpus, as it closely aligns with the types of events routinely recorded by LMS platforms.
Social engagement was the second-largest category, comprising 35 indicators (34.7%). These measures included discussion participation, replies, collaboration, messaging, and other digitally recorded interactions among learners and between learners and instructors. The substantial representation of social engagement indicates that LMS analytics extend beyond individual system activity to include interactional dimensions of learning. However, the measurable component of social engagement remains dependent on observable participation. A discussion reply, for example, shows that an interaction occurred but does not necessarily establish the quality, depth, or interpersonal meaning of that interaction. Recent learning analytics research similarly shows that interaction data can distinguish patterns of participation and engagement in collaborative learning environments, while interpreting those patterns still depends on the context in which interactions occur (Yin et al., 2025).
Cognitive engagement accounted for 22 indicators (21.8%), all of which were identified in Moodle’s documented analytics corpus. These measures included explicitly documented cognitive classifications associated with learning activities and resources. Their presence demonstrates that LMS analytics can incorporate constructs beyond simple activity frequency when the analytics architecture explicitly models learning processes. This aligns with recent research emphasizing learning analytics' potential to support self-regulation and cognitively oriented learning processes. For example, Uzun et al. (2025) examined students’ engagement with analytics feedback in relation to self-regulated learning competence, specifically conceptualizing cognitive engagement through the ICAP framework. Similarly, Kleimola et al. (2025) examined the relationship between learning analytics and self-regulated learning in higher education. Such research illustrates that cognitive engagement can be operationalized through analytics, but generally requires more theoretically informed measures than simple activity counts.
The concentration of cognitive indicators within Moodle is analytically significant. This finding does not imply that the other three LMS platforms are incapable of supporting cognitive analytics. Instead, under the standardised documentary protocol employed in this study, Moodle was the only platform for which explicit native cognitive-engagement indicators were identified in the core public documentation. This distinction aligns with Bergdahl et al.'s (2024) observation that cognitive engagement is substantially less represented in learning analytics compared to behavioural engagement. The present findings extend this observation by demonstrating that the imbalance is also evident when analysing the analytics documentation of LMS platforms themselves.
The most notable finding pertains to emotional engagement. No explicit native emotional-engagement indicators were identified in the documented corpus of any of the four platforms. This result should be interpreted with caution. It does not imply that emotional engagement cannot be studied within digital learning environments, nor does it suggest that the four platforms lack underlying or configurable capabilities for capturing affective information. Rather, it indicates that emotional engagement was not explicitly represented as a native engagement measure in the publicly documented core analytics corpus under the study’s standardised search and coding protocol.
Recent research demonstrates that emotional engagement can be investigated using approaches that extend beyond conventional LMS event data. For instance, Wang et al. (2025) examined emotional engagement in AI-supported hybrid learning, while studies employing multimodal approaches have shown the feasibility of detecting emotional engagement through combinations of visual, audio, physiological, and environmental data (Yin et al., 2025). These approaches differ substantially from conventional LMS analytics because they require data sources not typically represented in standard LMS activity logs. The absence of emotional indicators in the present corpus therefore underscores the distinction between what can theoretically be measured in digital learning environments and what native LMS analytics explicitly incorporate.
In total, 79 of the 101 indicators (78.2%) represented behavioural or social engagement. This concentration demonstrates that the documented analytics architectures of the four platforms are strongly oriented toward engagement that produces observable digital traces. While such traces are valuable for continuous collection and large-scale analysis, they do not provide an equally direct perspective on all dimensions of engagement. Bergdahl et al. (2024) similarly cautioned that reliance on learning analytics data can result in a narrowed operationalisation of engagement when observable behaviour is treated as a sufficient representation of the broader construct.
The distribution thus reveals an uneven measurement profile across the SEDL dimensions. Behavioural engagement is the most visible, social engagement is also substantially represented, cognitive engagement is more selectively institutionalized, and emotional engagement is absent from the explicitly documented native indicators. This pattern does not establish a hierarchy among the dimensions themselves, but rather indicates a hierarchy of measurement visibility within the publicly documented analytics architectures of the four LMS platforms. Section 3.3 examines the implications of these differing measurement profiles comparatively.

3.3 Comparative LMS Measurement Profiles

Research Question 3 (RQ3) examines differences among Moodle, Canvas, Blackboard Learn, and D2L Brightspace in how they represent student engagement dimensions and measurement patterns. While Research Question 1 (RQ1) established the number of documented indicators and Research Question 2 (RQ2) examined their distribution across the SEDL dimensions, this section compares the measurement profiles produced by the four LMS platforms.

Table 3. Comparative Distribution of Documented Engagement Indicators by LMS

	LMS Platform
	Behavioural
	Cognitive
	Emotional
	Social
	Total

	Moodle
	7 (13.7%)
	22 (43.1%)
	0 (0.0%)
	22 (43.1%)
	51

	Canvas
	10 (62.5%)
	0 (0.0%)
	0 (0.0%)
	6 (37.5%)
	16

	Blackboard Learn
	15 (78.9%)
	0 (0.0%)
	0 (0.0%)
	4 (21.1%)
	19

	D2L Brightspace
	12 (80.0%)
	0 (0.0%)
	0 (0.0%)
	3 (20.0%)
	15



The comparative profiles indicate a clear distinction between Moodle and the other three platforms. Moodle is the only platform in the documented corpus with indicators spanning three SEDL dimensions: behavioural, cognitive, and social engagement. Its 22 cognitive indicators constitute 43.1% of its documented corpus, matching the number of social indicators, while behavioural indicators account for only 13.7%. These findings suggest that Moodle’s publicly documented analytics architecture explicitly incorporates a broader range of engagement-related constructs than the other platforms examined.
This finding is notable because learning analytics research has consistently relied heavily on behavioural traces. For example, Bergdahl et al. (2024) found that behavioural engagement overwhelmingly dominated the operationalisation of engagement in higher-education learning analytics research. The current analysis demonstrates that this pattern is not uniform across LMS documentation: Moodle’s documented analytics include a substantial cognitive component alongside behavioural and social measures. However, this difference should be interpreted as variation in documented measurement architecture, not as evidence that Moodle provides superior analytics or measures engagement more effectively.
The remaining platforms' profiles are more heavily concentrated on behavioural indicators. Canvas contains 10 behavioural indicators (62.5%) and six social indicators (37.5%). Its documented profile therefore combines measures of individual learner activity with interactional indicators, but the study's standardised coding protocol identified no explicit native cognitive or emotional indicators. The relatively substantial social component suggests that Canvas makes digitally observable interaction visible alongside individual activity. This aligns with research indicating that analytics can represent collaborative participation through traces of interaction, although such traces may not fully capture the quality or meaning of collaboration (Echeverria et al., 2025).
Blackboard Learn exhibits the strongest behavioural concentration after Brightspace, with 15 of its 19 indicators (78.9%) classified as behavioural and four (21.1%) as social. Its documented profile is therefore centred primarily on course access, assessment activity, submission behaviour, resource access, and related learner-system interactions. D2L Brightspace demonstrates an even stronger behavioural concentration, with 12 of 15 indicators (80.0%) classified as behavioural and three (20.0%) as social. Both platforms consequently present measurement profiles dominated by observable activity, with comparatively smaller representations of social interaction.
The behavioural concentration in Blackboard Learn and Brightspace should not be interpreted solely as a limitation of these systems. Behavioural traces are valuable because they provide longitudinal evidence of persistence, consistency, and changes in learner activity. For example, Goh (2026) demonstrated how LMS interaction logs can be used to examine persistence and consistency of engagement behaviour over time. Similarly, Papageorgiou et al. (2025) showed that behavioural engagement can be examined through the temporal relationship between effort and time in web-based learning environments. These studies underscore the continued importance of behavioural indicators in learning analytics, even when engagement is conceptualized more broadly.
At the same time, the comparison suggests that the type of analytics available is shaped by the intended representational focus of the analytics architecture. Paulsen and Lindsay (2024) found that learning analytics dashboards have increasingly incorporated theory-oriented frameworks and learning-focused affordances, rather than relying exclusively on activity data. Their review also demonstrated that LMS activity logs remain a major data source, while more recent dashboard designs increasingly integrate additional data sources and theoretically informed approaches. Therefore, the present findings provide evidence of varying degrees of conceptual representation within the publicly documented core analytics of the four platforms.
This distinction is further illustrated by research on theory-informed dashboards. Lee and Kim (2025) showed how a learning analytics dashboard grounded in self-determination theory can support student engagement through awareness, reflection, and strategic action. Similarly, de Vreugd et al. (2025) examined how reference frames within a learning analytics dashboard influenced students’ goal setting, motivation, and performance. These studies suggest that analytics architecture functions as more than a technical mechanism for displaying activity; the selection and presentation of indicators can reflect specific assumptions about learning, motivation, and engagement.
The comparative findings highlight an important distinction between indicator quantity and measurement breadth. Moodle has the largest number of documented indicators and the broadest documented dimensional profile; however, this study does not establish that it offers higher-quality analytics. Conversely, the smaller and more behaviorally concentrated corpora of Canvas, Blackboard Learn, and Brightspace do not indicate inferior analytics. Instead, the platforms differ in the types of engagement they make explicitly visible in their publicly documented analytics.
The comparison further demonstrates that social engagement occupies a significant position across all four platforms. Each LMS contains documented social indicators, although their relative share varies considerably, ranging from 20.0% in Brightspace to 43.1% in Moodle. This suggests that digitally recorded interaction has become an established component of LMS-based engagement measurement. Research on collaboration-oriented analytics similarly demonstrates how participation traces can be transformed into information intended to support reflection on collaborative activity (Echeverria et al., 2025). However, social indicators should not be equated with comprehensive measurement of social engagement, as they remain dependent on interactions captured by the platform.
In summary, the four LMS platforms rely on behavioural and social traces but differ in the breadth and composition of their documented measurement profiles. Moodle distinguishes itself by explicitly incorporating cognitive indicators, Canvas combines behavioural and social measures with a comparatively larger social component, and Blackboard Learn and Brightspace are more strongly behaviour-oriented. These differences provide the empirical foundation for Research Question 4 (RQ4), which examines what the collective distribution of indicators reveals about the forms of student engagement that contemporary LMS analytics make most visible and measurable.

3.4 What LMS Analytics Make Visible: A Hierarchy of Measurement Visibility

Research Question 4 investigated the distribution of documented LMS analytics indicators to determine how contemporary learning management systems conceptualise and operationalise student engagement. Analysis of the 101-indicator corpus across four platforms reveals a strong emphasis on engagement that is measurable through observable digital traces. Behavioural and social indicators constitute 79 of the 101 indicators (78.2%), while cognitive indicators account for 22 (21.8%), and there are no explicitly documented native emotional indicators. This distribution indicates that LMS analytics render certain forms of engagement significantly more visible than others.
The predominance of observable traces aligns with findings in the broader learning analytics literature. Bergdahl et al. (2024) reported that behavioural engagement overwhelmingly dominated the operationalisation of engagement in higher-education learning analytics research, with 95.0% of reviewed studies employing behavioural measures. The current study identifies a comparable pattern within LMS analytics documentation, although the proportions differ due to variations in units of analysis and corpus composition. This convergence is noteworthy: regardless of whether engagement is examined through published research or through providers’ documented analytics capabilities, observable activity remains the most readily represented form of engagement.
This pattern illustrates a fundamental characteristic of LMS-based measurement. Actions such as accessing content, submitting assignments, completing activities, posting discussions, and participating in online interactions generate records that can be stored and aggregated into indicators. These data provide valuable insights into patterns of persistence, participation, and activity over time (Papageorgiou et al., 2025). However, an observable trace does not fully capture the psychological or educational construct it is intended to represent. For instance, a login confirms that access occurred but does not indicate attention, comprehension, motivation, or emotional investment. Therefore, the high visibility of behavioural engagement should not be construed as evidence of its inherent superiority over other dimensions.
Social engagement represents an intermediate category within this measurement framework. The identification of 35 social indicators across the corpus demonstrates that digitally mediated interaction is relatively visible in LMS analytics. Discussion replies, collaborative activities, messages, and other interaction records provide measurable evidence of communication and participation among learners. However, these measures remain dependent on digital traces; they document the occurrence and characteristics of interactions without necessarily capturing their quality, meaning, or relational significance. Recent research on learning analytics-supported collaboration highlights this distinction, indicating that interaction data can inform analyses of collaborative activity but still require contextual interpretation (Echeverria et al., 2025). Consequently, while social indicators expand the measurable conception of engagement beyond individual activity, they do not overcome the inherent limitations of trace-based measurement.
Cognitive engagement is less visible within LMS analytics but remains demonstrably measurable. The 22 cognitive indicators identified in this study represent 21.8% of the corpus, all of which were documented within Moodle’s analytics architecture. This finding is significant as it demonstrates that LMS analytics are not limited to simple behavioural counts. Recent research in learning analytics has increasingly adopted theoretically informed approaches to learning processes, self-regulation, and cognitively oriented engagement. For example, Paulsen and Lindsay (2024) identified a trend toward learning analytics dashboards grounded in theory-oriented frameworks and focused on learning processes rather than analytics alone. Similarly, Lee and Kim (2025) demonstrated that theory-informed dashboard design can effectively connect analytics with student engagement and learning processes.
The finding regarding Moodle should be interpreted as evidence of uneven institutionalization of cognitive measurement, rather than as an indication that cognitive engagement is inherently difficult or impossible to measure within LMS environments. More broadly, multimodal learning analytics research demonstrates that cognitive engagement can be examined using combinations of behavioural, content, visual, and other data sources (Li et al., 2025; Wang, 2025). The key distinction is that these approaches often extend beyond the conventional activity records available in native LMS analytics. Cognitive engagement can thus become more visible when analytics architectures incorporate theoretically informed measures or additional evidence sources.
The most pronounced measurement gap pertains to emotional engagement. No explicit native emotional-engagement indicators were identified in the publicly documented core analytics corpus of any of the four platforms. This result should be interpreted with caution. It does not indicate that emotional engagement cannot be measured in digital learning environments, nor does it suggest that the four LMS platforms lack the capacity to collect affective information. Rather, it establishes only that emotional engagement was not explicitly represented as a native engagement measure within the documentation examined according to the study’s standardised protocol.
Recent multimodal research clarifies why emotional engagement occupies a distinct measurement position. Wang (2025) demonstrated that behavioural, content, and facial-expression data can be integrated to examine behavioural, cognitive, and emotional engagement, respectively. Similarly, Li et al. (2025) highlighted the potential of multimodal data, such as eye gaze, head pose, and facial action units, for modelling cognitive engagement and the dynamic relationships among engagement-related indicators. These approaches indicate that emotional and cognitive dimensions can be rendered analytically visible, but they typically require data sources and analytical techniques beyond those provided by conventional LMS event logs.
The findings thus indicate a hierarchy of measurement visibility, rather than a hierarchy of student engagement itself. Behavioural traces are the most visible, followed by digitally recorded social interactions. Cognitive engagement is less consistently represented and appears to require more explicit conceptual or analytical modelling. Emotional engagement is the least visible within the native analytics documentation examined. This hierarchy reflects the relative ease with which different dimensions produce analysable traces within conventional LMS architectures and does not suggest that any one dimension is more valuable, important, or educationally significant than another.
This distinction has significant implications for the interpretation and use of LMS analytics. Analytics systems inherently select, organise, and present specific forms of information. Paulsen and Lindsay (2024) noted that contemporary dashboard research is increasingly oriented toward theory-informed and learning-focused designs, indicating that the selection of indicators is not solely a technical matter but is also shaped by assumptions about learning and student use of analytics. Kitto et al. (2025) similarly contended that learning analytics dashboards should not be regarded as neutral technical tools, as their design and implementation can influence how learners and educators interpret and act upon educational information. Recent research on instructor use of learning analytics further underscores the importance of pedagogical knowledge in interpreting and utilising analytics, rather than treating data as self-explanatory (Li et al., 2026).
The present findings build upon these arguments by shifting the focus from how analytics are used to what analytics make visible. Given that 78.2% of documented indicators pertain to behavioural or social traces, the measurable representation of engagement is structurally biased toward activities that generate observable digital records. Cognitive and emotional dimensions may remain less visible not because they are less relevant, but because they require alternative forms of evidence, interpretation, or system design. Therefore, LMS analytics do not simply measure a pre-existing and neutral construct of student engagement; they actively shape which forms of engagement become visible and measurable within digital learning environments.
The primary contribution of this study is the identification of a hierarchy of measurement visibility within contemporary LMS analytics. The four platforms collectively exhibit substantial capacity to capture behavioural and social engagement, more selective representation of cognitive engagement, and no explicitly documented native representation of emotional engagement within the reviewed corpus. This pattern supports a more critical interpretation of LMS analytics: the presence of an indicator should be viewed not merely as evidence that engagement has been measured, but as evidence that a specific aspect of engagement has been rendered observable through the system’s technological and conceptual architecture. This perspective encourages educators, institutions, and learning analytics researchers to differentiate between students’ actual experiences of engagement and what an LMS is structurally capable of making visible as data.

4. CONCLUSION

This study examined how student engagement is made measurable within the publicly documented analytics of Moodle, Canvas, Blackboard Learn, and D2L Brightspace. Rather than treating LMS analytics as a complete representation of engagement, the study approached them as documented measurement systems that make particular aspects of learner activity visible. The comparative analysis showed that the four platforms share substantial reliance on observable behavioural and social traces, while differing in the extent to which other dimensions of engagement are explicitly represented.
The findings point to an important distinction between student engagement as a multidimensional construct and engagement as represented through LMS analytics. What an LMS can readily record is not necessarily equivalent to the full nature of a student's engagement with learning. Access, participation, submission, completion, and interaction data can provide useful evidence of activity, but they do not by themselves capture all cognitive or emotional processes involved in engagement. The results therefore support a more cautious interpretation of LMS analytics: documented indicators should be understood as partial representations of engagement rather than comprehensive measures of the construct.
For educational practice, this distinction suggests that instructors and institutions should avoid interpreting LMS analytics in isolation when making judgments about student engagement. Behavioural and social indicators can provide valuable signals for identifying patterns that warrant attention, but their meaning depends on context and should be complemented, where appropriate, by pedagogical judgment and other forms of evidence. For learning analytics research, the findings highlight the value of maintaining a multidimensional conception of engagement when designing or evaluating analytics systems. The measurement of engagement should not be assumed to become comprehensive merely because increasingly large quantities of learner data are available.
Limitations
The study is subject to several limitations. First, the analysis was restricted to publicly accessible official documentation from four established LMS platforms. Consequently, the corpus reflects documented measurement visibility, not the complete set of capabilities that may exist through proprietary, licensed, configured, experimental, or otherwise undocumented functionality. Second, differences in documentation structure and granularity may influence the number and type of indicators that can be identified, despite the study's normalization procedures. Third, the analysis examined documented indicators rather than their implementation or validity in actual educational settings. Future research could therefore complement documentary analysis with empirical examination of LMS datasets, instructor and student use of analytics, and validation of individual indicators against established measures of behavioural, cognitive, emotional, and social engagement. Multimodal approaches may also provide opportunities to examine dimensions of engagement that are less readily captured through conventional LMS traces.
Ultimately, the study demonstrates that the question is not simply whether LMS platforms measure student engagement, but which aspects of engagement their analytics make visible and measurable. Recognising this distinction is important for interpreting analytics responsibly and for designing learning analytics systems that more adequately reflect the multidimensional nature of student engagement.
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