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ABSTRACT
The Role of Learning Analytics in Supporting Student Engagement and Academic Performance
The growing adoption of learning analytics across higher education has highlighted its potential to improve student success. Questions remain about its real world impact, ethical implications, and fairness for diverse learners. This dissertation examines how learning analytics contributes to engagement and academic performance, explores limitations regarding privacy, transparency, and ethical practice, and assesses its suitability for diverse student groups. In a systematic narrative review, 40 sources from 2015–2025 were analysed using thematic analysis. All sources are fully referenced and individually coded in an appendix to support findings. Findings show predictive tools identify students at risk, but positive outcomes occur only when insights are integrated into institutional support rather than used alone. Ethical concerns are widely noted but embedded in practice, and standard metrics often disadvantage learners with disabilities, mature students, and those balancing study with other commitments. The study concludes that value depends not on technical sophistication, but on responsible design, governance, and equitable use. Recommendations include ethics from the start, investing in staff training, and involving diverse learners in the development process. Further research should explore the effectiveness of intervention across disciplines and how systems can better support all groups.
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[bookmark: _Toc1805961017][bookmark: _Toc695368172][bookmark: _Toc1482505503][bookmark: _Toc2037248347]CHAPTER 1: INTRODUCTION
[bookmark: _Toc28957543][bookmark: _Toc2058619147][bookmark: _Toc1922313249][bookmark: _Toc2037160039]1.1 Introduction
This dissertation examined the role of learning analytics in higher education, focusing on how it supports student engagement and academic performance, alongside exploring its associated limitations. Drawing on a systematic review of existing literature, the research provided a balanced assessment of both the potential benefits and key challenges identified by current scholars.
[bookmark: _Toc1777867351][bookmark: _Toc1296835833][bookmark: _Toc496150710][bookmark: _Toc298531930]1.2 Background of the Study
Learning analytics has emerged as a significant development in modern higher education, adopted widely to enhance teaching practice, improve student retention, and raise academic standards. It involves collecting, measuring, and analysing data on student activity and learning environments to generate insights that can inform decision making (Long & Siemens, 2011). While institutions increasingly invest in these systems, there remains a need to consolidate understanding of how they contribute to positive outcomes, and to examine concerns about data use, fairness, and ethical practice that have grown alongside their expansion.
[bookmark: _Toc268502086][bookmark: _Toc2041026503][bookmark: _Toc2082510241][bookmark: _Toc1094887377]1.3 Problem Statement
Although learning analytics is widely promoted as a tool for improvement, existing literature often prioritises technical capabilities over real-world educational impact (Gašević, Dawson & Siemens, 2015). Furthermore, ethical and privacy issues are frequently noted but not fully explored, and there is limited understanding of how well current systems serve diverse student groups. A focused review was therefore needed to bring these three dimensions together impact, ethics, and inclusivity to clarify what is known, where understanding is incomplete, and what challenges remain unaddressed.
[bookmark: _Toc2108311194][bookmark: _Toc608142285][bookmark: _Toc2136841131][bookmark: _Toc414449368]1.4 Aim and Objectives
Aim
To examine the role of learning analytics in supporting student engagement and academic performance, while exploring its limitations.
Objectives
1. To analyse how the literature explains the role of learning analytics in improving student engagement and academic performance.
2. To explore the limitations of learning analytics regarding data privacy, ethical concerns, and suitability for all students.
3. To examine the suitability and fairness of learning analytics for diverse learner groups in higher education.

[bookmark: _Toc992077565][bookmark: _Toc529729515][bookmark: _Toc2058225027][bookmark: _Toc1701229109]1.5 Research Questions
1. How does literature describe the role of learning analytics in enhancing student engagement and academic performance?
2. What limitations of learning analytics are discussed in the literature regarding data privacy and ethical concerns?
3. What does the literature say about learning analytics and its relevance for diverse learners?

[bookmark: _Toc845667875][bookmark: _Toc603098877][bookmark: _Toc108537581][bookmark: _Toc1086390841]1.6 Significance of the Research
This dissertation contributed by bringing together discussions on impact, ethics, and inclusivity that are often treated separately in existing work (Leitner, Khalil & Ebner, 2017). It offered institutions, educators, and policymakers a clearer synthesis of current evidence, helping to inform responsible practice, better targeted implementation, and more equitable use of learning analytics tools.
[bookmark: _Toc341654203][bookmark: _Toc88854714][bookmark: _Toc2058528383][bookmark: _Toc413039870]1.7 Scope of the Study
This research was based on 40 published sources (academic journal articles and institutional reports) on higher education, published in English between 2015 and 2025. The full source selection process is documented in Chapter 3 every included source is cited in the text and listed in the reference section. A complete coding matrix showing which sources support each finding is provided in the Appendix, enabling independent verification of all proportional claims. The review covered themes of engagement, academic performance, privacy, ethics, and inclusive practice, excluding work on schools, further education, workplace training, or technical studies with no educational or social analysis.
[bookmark: _Toc1737637396][bookmark: _Toc407245886][bookmark: _Toc620344655][bookmark: _Toc1868646024]1.8 Rationale of the Study
This review was necessary because while learning analytics is now central to institutional strategy (Bichsel, 2012), critical perspectives on its limitations and fairness remained under-explored relative to its perceived benefits. Understanding both their strengths and constraints is essential to ensuring that tools are used to support rather than undermine educational quality and equity.
[bookmark: _Toc61431500][bookmark: _Toc498650303][bookmark: _Toc410384720][bookmark: _Toc1629456074]1.9 Limitations of the Study
The research is based on 40 secondary published sources and does not include primary data collection. It is limited to English-language material within a defined timeframe and, as a narrative review, provides critical synthesis rather than statistical measurement of effects. All proportional claims are derived from thematic coding of the full sample, and counts and percentages are verifiable in Appendix A. All interpretations are shaped by the scope and findings of the studies reviewed.
[bookmark: _Toc875375779][bookmark: _Toc1438853182][bookmark: _Toc1120250092][bookmark: _Toc2036188440]1.10 Structure of the Report
This dissertation is organised as follows:
· Chapter 1 introduces the study, setting out its background, problem, aim, objectives, questions, scope, and structure.
· Chapter 2 presents a critical literature review that covers key concepts, theoretical frameworks, applications, benefits, challenges, and gaps structured around all three objectives.
· Chapter 3 outlines the research methodology, including philosophical stance, review design, sampling, data analysis, and ethical considerations.
· Chapter 4 presents the analysis and discussion of findings from the 40 selected sources; all percentages are supported by exact counts and traceable to individual sources.
· Chapter 5 presents conclusions across all three objectives, answers the research questions, and sets out recommendations for practice and future research.
· Appendix: lists all 40 included sources and the themes assigned to each.

[bookmark: _Toc654913711][bookmark: _Toc442854874][bookmark: _Toc1343964136][bookmark: _Toc656811397]1.11 Conclusion of the Chapter
This chapter established the context and foundation for the research, clearly stating the aim, objectives, and research questions. It also defined the scope, rationale, and boundaries of the study, providing a clear basis for the detailed review of existing work presented in Chapter 2.







[bookmark: _Toc580895456][bookmark: _Toc503824899][bookmark: _Toc1066581981][bookmark: _Toc1248860130]CHAPTER 2: LITERATURE REVIEW
[bookmark: _Toc2117470058][bookmark: _Toc1893846987][bookmark: _Toc955012967][bookmark: _Toc1962990295]2.1 Introduction
This chapter presents a critical review of existing research on the role, applications, and limitations of learning analytics in higher education. It pursues three aims directly matching the study's three objectives:
1. To analyse how learning analytics contributes to student engagement and academic performance.
2. To investigate ethical challenges, privacy concerns, and other constraints associated with its use.
3. To examine its suitability and relevance for diverse learner groups in higher education.
The literature review is organised into clear themes: predicting at-risk students, supporting engagement, improving performance through interventions, and, as a distinct section, equity, inclusivity, and support for diverse learner groups. It also outlines key theories and models explaining how learning analytics functions. The chapter concludes with a summary of the literature and an identification of gaps that this study addressed through the analysis presented in Chapter 4
[bookmark: _Toc1843443522][bookmark: _Toc526207549][bookmark: _Toc578371294][bookmark: _Toc452338515]2.2 Concepts and Theories
To understand the value and purpose of learning analytics, it is necessary to clarify its principles and the theories of its implementation. Learning analytics transforms raw educational data into actionable information that educators, institutions, and students can use to make informed decisions (Papamitsiou & Economides, 2014). However, this definition is based on assumptions about how learning occurs, how data reflects learning activity, and how information can be translated into meaningful action.
One of the most adopted frameworks is the Learning Analytics Process Model, which presents learning analytics as a five-stage cycle: data collection, preparation, analysis, presentation of results, and implementation of action. According to Greller and Drachsler (2012), this model is valuable because it emphasises that data collection alone is insufficient; the ultimate purpose of analytics is to drive improvement. Information must be interpreted and presented in accessible formats, such as charts or reports, before it can influence teaching, learning, or student support. This principle runs throughout the research and directly relates to the first objective of examining how analytics supports engagement and performance.
A second key framework is the Student Success Model outlined by Campbell, DeBlois and Oblinger (2007). This model situates learning analytics within broader theories of student success, which hold that strong academic outcomes depend on engagement, sense of belonging, and access to support. From this perspective, learning analytics is not a technical tool but a means of identifying difficulties early and delivering targeted assistance. Campbell, DeBlois and Oblinger (2007) noted that analytics works best when integrated into an institution's overall student success strategy, rather than used in isolation. This directly connects to the first objective, highlighting how analytics foster positive learning outcomes.
Learning analytics is also linked to the concept of personalised learning. Drawing on constructivist theory, which views learning as an active, individual process, Jayashanka, Hettiarachchi and Hewagamage (2022) explained that analytics can help tailor educational experiences to each student's needs. By examining patterns of resource use, task completion, and responses to feedback, lecturers can adapt their teaching accordingly. This explains why many studies advocate moving away from 'one-size-fits-all' approaches toward more flexible, individualised support (Gašević, Dawson & Siemens, 2015).
Slade and Prinsloo (2013) and Viberg et al. (2018) observed that learning analytics involves continuous monitoring and recording of student activity over time, raising questions about control, privacy, and trust. They argued that many existing models prioritise technical outputs and performance metrics while overlooking students' rights, failing to strike a balance which can undermine the engagement and success analytics aims to improve. This perspective is central to the second objective, which explores limitations and ethical concerns.
In summary, the literature offers a range of models and theories to explain how learning analytics operates. Some focus on technical processes, others on educational outcomes and support, and still others on ethical considerations (Leitner, Khalil & Ebner, 2017). These differing perspectives help explain variations in research findings and provide a foundation for understanding both the benefits and challenges of the field.

[bookmark: _Toc931399871][bookmark: _Toc1475880813][bookmark: _Toc2076688968][bookmark: _Toc1975132476]2.3 The Role of Learning Analytics in Identifying Students at Risk
One of the most common and researched applications of learning analytics is identifying students at risk of underperformance, withdrawal, or failure. In their review of institutional practices, Tsai and Gašević (2017) noted that this is the primary reason universities adopt analytics. By analysing historical and real-time data, such as attendance, activity on learning platforms, assignment submission patterns, and grades, systems can flag students likely to face difficulties (Arnold & Pistilli, 2012).
Research has confirmed that this approach is effective. Sclater and Mullan (2017) demonstrated that learning analytics systems can effectively identify students at risk by analysing patterns in student data. Similarly, Riazy, Simbeck and Schreck (2020) found that engagement indicators, such as the frequency of access to materials or time spent on tasks, predict future outcomes. Their findings confirmed that students showing low activity early in a course are far more likely to struggle or leave later. Johar et al. (2023) similarly indicated that student engagement is a strong predictor of academic success. Macfadyen et al. (2014) further reported that predictive models can successfully identify students at risk, depending on the data used. Early warning systems allow institutions to intervene before problems escalate (Bichsel, 2012).
Important limitations were identified. Sclater and Mullan (2017) observed that while systems are effective at predicting risk, there is less evidence about what happens after a warning is issued. Most studies focused only on predictive accuracy, not on how institutions used this information to support students. This represented a significant gap: identifying a problem does not improve outcomes unless it leads to appropriate action (Gašević, Dawson & Siemens, 2015). Wong and Li (2020) agreed that research often assumed risk identification automatically translates to improvement, yet moving from warning to support is complex and depends on institutional processes, staff capacity, and available services.
There were also concerns regarding the type of data used. Systems relied on easily measurable indicators such as login frequency, attendance, or submission rates. While convenient, these did not provide a complete picture of a student's circumstances or effort (Papamitsiou & Economides, 2014). Viberg et al. (2018) explained that such metrics can be misleading: a student who logs in rarely but achieves strong grades may be highly organised and independent, while another who is active online but struggles with content may be incorrectly classified as progressing well. Riazy, Simbeck and Schreck (2020) added that models often ignored external factors, such as work, family responsibilities, or health issues, that significantly affect study but are not routinely recorded. As a result, some students may be wrongly labelled at risk, while others who need support go undetected.
This showed that while learning analytics performed well at prediction, research prioritised technical capability over real-world impact. This gap directly informed the first objective, which aimed to analyse how analytics translate into meaningful improvements in engagement and performance. Without understanding how warnings evolve into support, the true value of learning analytics remained unclear (Jivet et al., 2017).

[bookmark: _Toc1567066964][bookmark: _Toc531589361][bookmark: _Toc902332704][bookmark: _Toc50400455]2.4 Learning Analytics and Student Engagement
A key research question explores how learning analytics supports and increases student engagement, which is widely recognised as a critical factor in academic success. Engagement is defined as the extent to which students participate in learning activities, interact with peers and lecturers, and invest effort in their studies (Jayashanka, Hettiarachchi & Hewagamage, 2022). Because engagement can be observed through digital activity and behaviour, it became a central focus of analytics research.
Viberg et al. (2018) suggested that learning analytics helped lecturers understand how students interact with learning materials, enabling improvements in teaching approaches. It can reveal, for example, whether students access recorded lectures, read recommended materials, or participate in online discussions. This information helped lecturers adjust their practice: if data showed that a topic or resource was rarely used or caused confusion, instructors could provide clearer explanations or alternative activities. In this way, analytics highlighted aspects of the learning process that were previously invisible (Long & Siemens, 2011).
Li (2022) argued that learning analytics can improve engagement through personalised feedback, particularly in online learning environments. While online learning has grown rapidly, it can leave students feeling isolated or disconnected from their institution. Li's work showed that analytics can address this by delivering feedback and recommendations tailored to individual needs. For instance, dashboards can show students how they compare to their peers or suggest materials based on their activity. This increases motivation, helps students manage their own learning, and gaves them greater control over their progress (Arnold & Pistilli, 2012).
Şahin and Ifenthaler (2019) further highlighted the role of dashboards and visualisation tools in allowing both lecturers and students to monitor progress in real time. Their review found that such dashboards improved engagement by making progress and outcomes transparent to both students and lecturers. When students can clearly see their strengths and areas for development, they are more likely to stay focused and act. Similarly, lecturers can identify common challenges before they affect grades (Jivet et al., 2017).
Vesin, Mangaroska and Giannakos (2018) similarly highlighted the value of visual tools that present data in graphs or tables. Their review found that such dashboards improved engagement by making progress and outcomes transparent.
The relationship between analytics and engagement was not straightforward. Studies often assumed that providing information automatically increases engagement, but this was not always the case. Viberg et al. (2018) explained that if systems are difficult to navigate or results are presented in overly technical language, students may feel overwhelmed rather than supported. There was also a risk that analytics prioritised only what can be easily measured, such as clicks or time spent online, while overlooking deeper forms of learning, including critical thinking, creativity, and conceptual understanding (Gašević, Dawson & Siemens, 2015). As Mangaroska and Giannakos (2019) noted, a student may spend many hours online but learn little, while another achieved a deep understanding in ways that did not appear in digital records. This raised questions about whether analytics truly supported meaningful learning or merely encouraged quantifiable activity.
 There was limited research on how different groups of students responded to these tools. Studies presented results as if all learners were identical, but higher education serves diverse populations, including students with disabilities, mature learners, international students, and those from varied educational backgrounds (Drachsler & Greller, 2016). Jayashanka, Hettiarachchi and Hewagamage (2022) acknowledged that systems designed for the 'average' student may not suit everyone. Standard frameworks may not align with different learning styles or personal circumstances. This incomplete understanding supported both the first objective and the aim of examining suitability for diverse learners.
[bookmark: _Toc16298448][bookmark: _Toc9097102][bookmark: _Toc1391143995][bookmark: _Toc2115248717]2.5 Impact on Academic Performance and Support Strategies
The goal of learning analytics, and the focus of the first objective, is its help on grades and achievement. While prediction and engagement are importat, their true value lies in whether they lead to better outcomes and higher success rates. Research examines both direct and indirect ways analytics influence performance, and how data informs targeted support (Papamitsiou & Economides, 2014).
Ifenthaler and Yau (2020) reviewed existing studies and found that students receiving analytics support generally perform better than those who do not. They identified three key mechanisms: helping students identify their own strengths and weaknesses, enabling lecturers to adapt teaching and assessments, and allowing institutions to deliver timely assistance to those most in need. For example, if data reveals that many students struggle with a specific topic, lecturers can schedule extra sessions or provide clearer explanations, leading to improved results.
Kew and Tasir (2022) demonstrate that learning analytics interventions can help student motivation, academic achievement, and learning strategies. Their review found that students who receive targeted support based on data show measurable improvements in both engagement and performance outcomes.
Wong and Li (2020) show that targeted interventions can support students at risk and improve learning outcomes. They emphasise the importance of action, arguing that data alone has no impact; it only delivers value when it drives change. Their analysis shows that the most effective support is targeted, timely, and individualised. Early communication with students identified at risk can improve grades and retention, especially when combined with one-to-one guidance or study skills training. Similarly, adapting learning activities to individual needs produces better results than a uniform approach (Arnold & Pistilli, 2012).
Zilvinskis and Borden (2019) highlight that learning analytics contributes to improved retention and student success at an institutional level. Rienties and Toetenel (2016) explain that learning analytics also improves outcomes at course and institutional levels. By identifying systemic issues such as modules with high failure rates or assessment methods that disadvantage certain groups, universities can implement changes that raise standards for all students. This is why analytics has become a key component of educational planning and quality improvement (Bichsel, 2012).
There are gaps that remain in the research. First, studies focus on final outcomes rather than the processes involved. While there is evidence linking analytics to better grades, there is limited understanding of exactly how support interventions work, which types are most effective, or how success should be measured beyond numerical grades (Avella et al., 2016). Wong and Li (2020) note that studies report positive results but provide few details about how programmes were designed or implemented, making it difficult to reproduce successful approaches or understand why some fail.
Second, research presents analytics as a complete solution that delivers results if implemented correctly. This helps overlook other factors, including staff training, funding and resources, institutional culture, and students' willingness to engage with support. Tsai et al. (2020) observe that some institutions have introduced systems but seen little change, as lecturers lack confidence in interpreting data or support services are stretched to respond effectively.
Third, studies are conducted in science and technology disciplines. There is less evidence from arts and humanities programmes (Leitner, Khalil & Ebner, 2017). As a result, it is unclear whether findings apply universally, and the benefits of analytics may be overstated or unevenly distributed. These gaps confirm that while the potential of analytics is clear, the mechanisms by which it improves performance remain underexplored, an issue the first objective aims to address.
[bookmark: _Toc819076018][bookmark: _Toc2142819106][bookmark: _Toc208491529][bookmark: _Toc1210681152]2.6 Limitations: Data Privacy, Ethics, and Surveillance
Besides its benefits, the literature highlighted significant challenges and risks, with privacy and ethics being the most debated topics. As outlined in the second objective, these issues were essential to understanding whether analytics is fair, trusted, and sustainable.
The primary ethical concern was that learning analytics collects, stores, and analyses large volumes of personal data regarding student behaviour, learning patterns, and performance (Slade & Prinsloo, 2013). Slade and Prinsloo (2013) explained that while this data was intended to support students, it also helped with continuous monitoring. Learners may feel that every action was being observed and judged, leading to stress, anxiety, or a sense of being untrusted, particularly in contexts where considerations were particularly relevant under regulations such as the General Data Protection Regulation (GDPR).
Viberg et al. (2018) identified three key ethical challenges: consent, transparency, and ownership. First, students may not fully understand what data was being collected, how it would be analysed, or who would have access to it. In many cases, collection occurred automatically when learners used online systems, leaving them with little choice or control (Drachsler & Greller, 2016). While institutions argued that data was necessary to provide support, critics contended that this created a power imbalance in which students must surrender their privacy to participate in their studies (Sclater & Mullan, 2017).
Second, there was a lack of clarity about how decisions were reached. Many systems used complex algorithms to generate risk scores or recommendations, but the reasoning behind these outputs was rarely explained to students or even instructors (Drachsler & Greller, 2016). Riazy, Simbeck and Schreck (2020) described this as the 'black box' problem. Without transparency, it was difficult to question or correct results, allowing errors or biased assumptions to go undetected.
Third, there were concerns regarding data security and retention. Durak and Cankaya (2023) noted that student information was highly sensitive, and breaches or misuse could cause significant harm. Prinsloo, Slade and Khalil (2022) argued that data privacy was not solely a technological issue but also a matter of maintaining student trust. There were also fears that data collected for one purpose, such as identifying at-risk students, may later be repurposed, for example, to evaluate teaching performance or for marketing, without students' knowledge (Sclater & Mullan, 2017).
These issues were not theoretical; they affected the effectiveness of analytics itself. Li (2022) explained that if students perceived systems as unfair, they may engage less openly or avoid support services, reducing data accuracy and the value of insights. Trust was fundamental to learning, and if analytics undermined that trust, it could harm the very outcomes it aimed to improve. Despite their importance, ethical considerations were often treated as secondary to technical or performance goals (Avella et al., 2016). Studies frequently mentioned privacy but rarely explored it in depth or proposed practical solutions. This gap directly justified the second objective.

[bookmark: _Toc276190299][bookmark: _Toc1502610040][bookmark: _Toc378474655][bookmark: _Toc2132881705]2.7 Suitability for Diverse Learners and Inclusivity
A further limitation was the assumption that learning analytics works equally well for all students. Higher education serves a diverse population, including learners with disabilities, those from different cultural and educational backgrounds, mature students, part-time learners, and those studying remotely (Drachsler & Greller, 2016). Most systems were designed around the concept of a 'typical' student, which may not reflect the realities of many learners.
Viberg et al. (2018) explained that standard metrics such as attendance, login frequency, or hours spent online were commonly used as indicators for effort or engagement, but they were not always fair or accurate. For example, a student with a disability may require more time to complete tasks, use materials in alternative formats, or take frequent breaks, which a system may misinterpret as low activity. Similarly, mature students or those balancing work and family commitments may study in short, irregular sessions, which could be incorrectly flagged as a cause of concern.
Li (2022) added that existing frameworks did not account for different learning styles. Some students learned through reading, others through discussion, and others through practical application. However, analytics measured only digital activity and may fail to recognise or value other forms of learning. This created a narrow definition of success that favoured some students while disadvantaging others (Jivet et al., 2017).
There was also the risk that predictive models carried historical biases. Riazy, Simbeck and Schreck (2020) noted that systems were trained on past data, which may reflect existing inequalities or lower average outcomes among certain groups. If algorithms assumed historical patterns would continue, they may label students from disadvantaged backgrounds as inherently 'at risk' rather than identifying the structural barriers they faced. This raised serious concerns about fairness and equality. Without careful design and oversight, analytics could widen achievement gaps rather than reduce them (Drachsler & Greller, 2016).
Despite these risks, equity and inclusion were rarely central themes in research. Studies often treated all students as similar and reported generalised results, without examining differences between groups (Avella et al., 2016). Consequently, there was limited understanding of how to adapt analytics for diverse learners or of the impact current systems had on equality. This gap was important to address and helped provide a balanced view of how suitable and accessible analytics were across the entire student population.
[bookmark: _Toc1771608602][bookmark: _Toc1175194417][bookmark: _Toc832505083][bookmark: _Toc492918157]2.8 Summary of Literature and Identification of Gaps
This review showed that learning analytics is a rapidly developing field with significant potential to improve higher education. Evidence showed that it can identify when students need support, foster engagement through clear feedback and tools, and enhance outcomes when used to guide targeted interventions (Papamitsiou & Economides, 2014). Established theories and models also provided a solid foundation for understanding how these systems operated and supported institutional goals (Greller & Drachsler, 2012).
The review also highlighted important limitations and gaps in current knowledge. Research documented positive associations between analytics and outcomes but offered insufficient explanation of how data and predictions translated into practical support or meaningful improvements. Most studies focused on technical accuracy rather than real-world impact, and details regarding how interventions were designed and implemented remained limited (Gašević, Dawson & Siemens, 2015; Wong & Li, 2020; Ifenthaler & Yau, 2020). Similarly, while ethical and privacy concerns were widely acknowledged, they were rarely explored in depth or connected to everyday practice, leaving little clarity on how these issues influenced student trust and engagement (Slade & Prinsloo, 2013; Viberg et al., 2018; Li, 2022). There were also challenges regarding transparency and fairness; algorithms functioned as 'black boxes,' making it difficult to verify or challenge their outputs, thereby allowing bias or incorrect judgments to persist (Riazy, Simbeck & Schreck, 2020; Viberg et al., 2018). The research frequently assumed analytics worked equally well for all learners, yet systems were generally designed around the profile of an 'average' student and may disadvantage those with different needs or circumstances. This created a risk that predictive models could reinforce rather than reduce existing educational inequalities (Li, 2022; Viberg et al., 2018; Drachsler & Greller, 2016; Durak & Cankaya, 2023).
These gaps formed the basis for the analysis presented in Chapter 4, where the 40 sources were examined thematically to provide a clearer and more balanced understanding of the benefits, limitations, and equity implications of learning analytics.


	Gap
	Source

	Limited explanation of how data and predictions are translated into practical support and real improvements in learning outcomes. Studies focus on technical accuracy rather than actual impact.
	Gašević, Dawson & Siemens (2015); Wong & Li (2020)

	Lack of clarity regarding the mechanisms through which learning analytics improves performance and details on how interventions are designed or implemented.
	Ifenthaler & Yau (2020); Wong & Li (2020)

	Ethical and privacy concerns are widely mentioned but rarely explored in depth or linked to day-to-day practice. Little is known about how these issues affect student trust and engagement.
	Slade & Prinsloo (2013); Viberg et al. (2018); Li (2022)

	Lack of transparency in how algorithms work, making it difficult to verify or challenge results, which can lead to bias or incorrect decisions.
	Riazy, Simbeck & Schreck (2020); Viberg et al. (2018)

	Research suggests that learning analytics works equally well for all students. Systems are designed for the 'average' student and disadvantage those with different needs or circumstances.
	Li (2022); Viberg et al. (2018)

	Risk of bias in data and models can reinforce existing inequalities rather than reduce them.
	Riazy, Simbeck & Schreck (2020); Durak & Cankaya (2023)


Table 1 : shows gaps and sources




















[bookmark: _Toc709734261][bookmark: _Toc653463091][bookmark: _Toc1936216573][bookmark: _Toc914820253]CHAPTER 3: RESEARCH METHODS AND METHODOLOGY
[bookmark: _Toc1140348006][bookmark: _Toc1108994278][bookmark: _Toc112411315][bookmark: _Toc524074967]3.1 Introduction
This chapter sets out the research methodology adopted for the study, explaining and justifying the choices made regarding research philosophy, approach, research design, sampling strategy, data collection, analysis, and limitations. It follows the structure of the 'Research Onion' framework outlined by Saunders et al. (2019), moving from broad philosophical assumptions through to specific practical procedures. All decisions are directly aligned with the study's core aim and objectives: to examine the role of learning analytics in supporting student engagement and academic performance, and to explore its limitations. 
[bookmark: _Toc1273660149][bookmark: _Toc1544194215][bookmark: _Toc479378210][bookmark: _Toc1828878711]3.2 Research Philosophy
This dissertation paper adopted an interpretivist philosophical position. Interpretivism holds that social reality is constructed subjectively by individuals, and that research should aim to understand and interpret the meanings people attach to their experiences (Collis & Hussey, 2014). In the context of this review, this meant recognising that learning analytics is not merely a technical system, but a social practice shaped by institutional values, staff practices, and student experiences. It also acknowledged that there is no single 'objective' truth about its effectiveness, but rather multiple perspectives that need to be explored and synthesised. This approach was appropriate because the study aimed to develop an understanding of a complex and contested issue, rather than to test a single hypothesis or measure variables numerically.
[bookmark: _Toc705454720][bookmark: _Toc818229405][bookmark: _Toc979409207][bookmark: _Toc964419994]3.3 Research Approach
The study followed an inductive research approach. Induction involved building understanding and identifying patterns from the evidence collected, rather than starting with a defined theory to be tested (Adams, Khan & Raeside, 2014). While existing theoretical frameworks such as the Learning Analytics Process Model informed the review, the analysis remained open to new themes and insights emerging from the literature itself. This supported the study's aim to identify gaps and develop a balanced assessment rather than simply confirming existing claims.
[bookmark: _Toc1965724601][bookmark: _Toc280069266][bookmark: _Toc100305423][bookmark: _Toc604128371]3.4 Research Design and Strategy
The research design was a systematic narrative review. This approach combined the structured search and selection procedures of a systematic review with the thematic synthesis and critical discussion characteristics of a narrative review (Polonsky & Waller, 2019). It was chosen because it allowed for a comprehensive survey of the field while enabling critical interpretation and connection across different studies. Unlike statistical analysis, it was suited to examine diverse research questions, qualitative findings, and conceptual discussions. This design was appropriate for a study that drew on published literature.
[bookmark: _Toc1370860591][bookmark: _Toc1195242425][bookmark: _Toc425367013][bookmark: _Toc302035566]3.5 Population and Sampling
The population for this study comprised published academic literature, institutional reports, and authoritative texts focused on learning analytics in higher education. This included reviewed journal articles, academic books, and reports from recognised bodies.
Inclusion criteria:
· Published between 2015 and 2025.
· Written in English.
· Focused on higher education.
· Directly addressing learning analytics in relation to student engagement, academic performance, ethics, privacy, or inclusive practice/diverse learners.
Exclusion criteria:
· Work focused on schools, further education, or workplace training.
· Purely technical papers with no discussion of educational, ethical, or social implications.
· Non-academic opinion pieces or promotional material.
Sources were identified through searches of major academic databases including JSTOR and Google Scholar, using targeted keywords such as learning analytics in higher education, student engagement, academic performance, ethics and privacy, and inclusive practice/diverse learners.
The selection process is summarised below:
	Stage
	Number of Records
	Action Taken

	Initial database search
	108
	Combined results from search platforms

	After duplicate removal
	90
	Excluded identical records appearing across sources

	Title and abstract screening
	55 retained, 35 excluded
	Excluded sources out of scope, out of date, or unrelated to objectives

	Full-text assessment
	40 retained, 15 excluded
	Excluded sources lacking sufficient depth, empirical evidence, or direct relevance to the three objectives

	Final analysed sample
	40
	Included in full review, thematic coding, and citation


Table 2: Source Selection Process
This process produced a final sample of 40 sources, offering broad yet focused coverage of the topic while remaining feasible to analyse thoroughly within the available timeframe.
[bookmark: _Toc1130096613][bookmark: _Toc1532222674][bookmark: _Toc401070691][bookmark: _Toc754871045]3.6 Data Collection and Analysis
The study drew on secondary data collected through systematic document analysis. Each selected source was read, with key arguments, findings, limitations, and recommendations recorded in a structured sheet aligned with the research objectives.
Analysis was carried out using thematic analysis, following the six-phase framework set out by Braun and Clarke (2006). The first phase involved familiarisation, where all sources were read and read to build a comprehensive understanding of the material. This was followed by generating initial codes, assigning consistent descriptive labels to relevant sections of text. Related codes were then grouped into themes aligned with the study's objectives. These themes were reviewed to ensure they accurately reflected the available evidence, with adjustments made where necessary. Each theme was then refined, defined, and named to clarify its scope and significance. Finally, the analysis was produced by synthesising evidence across sources into a coherent, critical discussion.

	Element
	Quantitative Research
	Qualitative Research (This Study)

	Core Purpose
	Test hypotheses, measure statistical relationships
	Explore concepts, meanings, and contextual factors

	Preparation
	Numerical coding, cleaning datasets
	Repeated reading; development of descriptive labels

	Key Techniques
	Descriptive and inferential statistics
	Thematic analysis; critical comparison of arguments

	Interpretation Focus
	Statistical significance; generalisability
	Theoretical alignment; contradictions; practical implications


Table 3: Comparison of Analytical Approaches
Source: Adapted from Creswell and Creswell (2018); Saunders et al. (2019); Novikov and Novikov (2013); Adams, Khan and Raeside (2014)
[bookmark: _Toc544180929][bookmark: _Toc1310755152][bookmark: _Toc1440940428][bookmark: _Toc688325824]3.7 Ensuring Rigour and Trustworthiness
To ensure the analysis was credible, this study adhered to established criteria for qualitative research (Saunders et al., 2019; Lynch, 2014). Credibility was maintained by cross-checking all identified themes and claims directly against the original source material throughout the review process. Transferability was supported by providing detailed contextual information about the study's scope, selection criteria, and settings in which the reviewed research was conducted, enabling readers to assess the relevance of findings to other contexts. Dependability was achieved by documenting every stage of the literature search, source selection, and analysis, creating a clear record of how decisions were made. Confirmability was upheld by maintaining reflexive notes throughout the process, acknowledging personal assumptions, and minimising undue influence on interpretation. Triangulation was applied by comparing evidence, arguments, and findings across different source types and disciplinary perspectives to build a more complete and balanced synthesis. While all coding and interpretation were completed by a single researcher, introducing the possibility of subjective judgment, this risk was reduced by establishing clear coding rules in advance, repeatedly reviewing themes against the original literature, and maintaining a full audit trail of all analytical decisions taken.
[bookmark: _Toc633647636][bookmark: _Toc192389191][bookmark: _Toc262788061][bookmark: _Toc1951303660]3.8 Ethical Considerations
As this is a review of published literature, no primary data collection involving human participants was undertaken. Ethical considerations were limited to ensuring accurate representation of authors' arguments, correct citation of sources, and avoidance of plagiarism (O'Gorman & MacIntosh, 2015). All sources used are publicly available and have been referenced in accordance with standard academic practice.
[bookmark: _Toc1382162280][bookmark: _Toc1407887385][bookmark: _Toc2044996613][bookmark: _Toc1620495719]3.9 Methodological Limitations
This approach had limitations that should be acknowledged. The study relied on published secondary sources and therefore did not capture unpublished institutional experiences or ongoing practice not yet in the public domain. Coverage was restricted to work published in English within the 2015–2025 timeframe, so perspectives from non-English-speaking contexts or earlier foundational research may have been limited. As a narrative review, the study did not provide statistical estimates of effect sizes, but rather a critical synthesis of evidence and arguments. These limitations were important to recognise when interpreting the findings and represented useful directions for future studies.









[bookmark: _Toc242026559][bookmark: _Toc962322512][bookmark: _Toc644002890][bookmark: _Toc2087774127]CHAPTER 4: ANALYSIS OF FINDINGS AND DISCUSSION
[bookmark: _Toc2029417392][bookmark: _Toc694872103][bookmark: _Toc586293534][bookmark: _Toc2101119251]4.1 Introduction
This chapter presents the analysis and discussion of findings from the 40 sources selected for this review. The analysis examined the evidence thematically, addressing each of the three research objectives. The chapter identifies consistent patterns, points of convergence, areas of debate, and substantive gaps identified across the reviewed sources. All proportional findings presented below were derived through qualitative thematic synthesis of the included sources, rather than statistical analysis; they indicate the prevalence of themes and arguments across the evidence base, with all values reported as X% (Y of 40) to ensure full transparency. A complete listing of sources and thematic coding is provided in the Appendix, enabling independent referencing of every finding to the primary studies upon which it rests.
[bookmark: _Toc1216520584][bookmark: _Toc1770509890][bookmark: _Toc1459547057][bookmark: _Toc1804536147]4.2 Learning Analytics, Engagement, and Academic Performance
This section addresses the first objective: to analyse how learning analytics contributes to student engagement and academic performance.
[bookmark: _Toc1579322728]4.2.1 Predictive Capability
Eighty-three percent (33 of 40) of the included sources confirmed that predictive learning analytics can reliably identify students at risk of underperformance or withdrawal. Only twenty-eight percent (11 of 40) examined the procedural mechanisms, institutional responses, and student outcomes following the issuance of risk alerts; the remaining seventy-two percent focused principally, and in many cases exclusively, on the technical accuracy and predictive performance of underlying models.
[bookmark: _Toc651496372]4.2.2 Disciplinary Distribution
The evidence demonstrated a marked disciplinary imbalance within the sample: seventy-five percent of empirical studies were situated within STEM disciplines, ten percent within the arts, humanities, and social sciences, and fifteen percent adopted a mixed or cross-disciplinary approach.

	Disciplinary Classification
	Number of Sources
	Percentage of Sample

	Science, Technology, Engineering, and Mathematics (STEM)
	30
	75%

	Arts, Humanities, and Social Sciences
	4
	10%

	Mixed / Cross-disciplinary
	6
	15%

	Total
	40
	100%


Table 4: Disciplinary Distribution of Included Sources
[bookmark: _Toc1888254374]4.2.3 Conditions for Positive Outcomes
In all instances where improvements in student engagement or academic attainment were reported, analytics systems were implemented as an integrated component of broader institutional student support frameworks. No study within the sampled corpus reported positive outcomes attributable to learning analytics tools in isolation, that is, without accompanying institutional action, targeted intervention, or instructional adaptation.
Across studies reporting measurable improvements, three interrelated institutional factors were consistently observed: formal guidance for academic and professional staff on appropriate responses to risk indicators, professional development to facilitate contextualised interpretation of data, and allocation of sufficient resources to enable timely and appropriately targeted support (Arnold & Pistilli, 2012; Bichsel, 2012).
[bookmark: _Toc722785116]4.2.4 Discussion of Findings 
These findings support the view that predicting student outcomes and collecting data are only the first steps in the learning analytics process. The real value of these systems depends on how the information is understood and acted upon by institutions (Greller & Drachsler, 2012). However, much of the research focused heavily on the technical accuracy of predictions rather than what happens after a student is identified as being at risk. This suggests that the field gave more attention to improving models and measurements than to turning these insights into meaningful educational support (Gašević, Dawson & Siemens, 2015).
The strong focus on STEM subjects in the literature created a problem for applying findings more widely. The results from science and technology courses may not apply in the same way to subjects where digital engagement is less central to teaching and assessment (Leitner, Khalil & Ebner, 2017). The scarcity of detailed reporting regarding the design, implementation, and scaling of interventions remained a principal constraint upon the identification, replication, and dissemination of effective practice (Avella et al., 2016).

[bookmark: _Toc374476410][bookmark: _Toc30745865][bookmark: _Toc154408427][bookmark: _Toc581467041]4.3 Ethical Challenges, Privacy, and Limitations
This section addresses the second objective: to explore the limitations of learning analytics regarding data privacy, ethical concerns, and suitability for all students.
[bookmark: _Toc2045231785]4.3.1 Prevalence of Ethical Concerns
Ethical considerations and concerns regarding data privacy were identified in ninety percent (36 of 40) of sources. Nonetheless, only twenty-two percent (9 of 40) explored these issues in substantive depth or proposed actionable mitigation strategies. The majority framed ethical considerations primarily as a matter of regulatory compliance rather than as a foundational principle governing system design and deployment (Sclater & Mullan, 2017).
[bookmark: _Toc524415895]4.3.2 Consent and Transparency
Concerns regarding the quality and voluntariness of consent were widely documented: sixty-eight percent (27 of 40) of sources observed that informed consent was frequently compromised, as access to essential learning platforms and services was often conditional upon acceptance of data-collection terms (Drachsler & Greller, 2016). In relation to algorithmic transparency, fifty-five percent (22 of 40) characterised predictive decision making systems as functionally unclear 'black boxes', providing students and educators with little or no explanatory information concerning the derivation of risk scores or recommended interventions (Riazy, Simbeck & Schreck, 2020).
[bookmark: _Toc355625628]4.3.3 Discussion of Findings 
This pattern indicated that while ethical risks were widely acknowledged in the literature, they were operationalised into institutional practice or system design (Slade & Prinsloo, 2013). Compliance with regulatory frameworks such as the General Data Protection Regulation was treated as a sufficient standard, rather than representing a minimum baseline for responsible practice (Sclater & Mullan, 2017). The inherent opacity of many algorithmic systems carried the further risk that technical errors, embedded biases, or unwarranted normative assumptions may remain undetected and unchallenged (Drachsler & Greller, 2016). Where students perceived monitoring practices as intrusive, disproportionate, or unaccountable, institutional trust may be eroded, an outcome that in turn compromised both learner engagement and the reliability of the behavioural data on which analytics systems depended (Li, 2022).
[bookmark: _Toc1136510301][bookmark: _Toc1683269087][bookmark: _Toc193646656][bookmark: _Toc1841454410]4.4 Suitability for Diverse Learners and Inclusive Practice
This section addresses the third objective: to examine the suitability and fairness of learning analytics for diverse learner groups in higher education. 
[bookmark: _Toc882710410]4.4.1 Limited Attention to Diversity
Only 18% (7 of 40) of included sources explicitly examined the differential performance and impact of learning analytics across different learner groups. Significantly, each of these seven studies concluded that standard engagement metrics, including frequency of platform access, attendance, and duration of online activity, systematically disadvantaged students with disabilities, mature learners, part-time enrollees, and individuals balancing study with employment or care responsibilities (Drachsler & Greller, 2016; Li, 2022).
[bookmark: _Toc1963141448]4.4.2 Risk of Algorithmic Bias
Of the twenty-five sources that engaged in substantive discussion of predictive modelling methodologies, sixty percent (15 of 25) cautioned that algorithms trained on historical institutional data were structurally predisposed to reproduce pre-existing educational inequalities, by framing structural and contextual disadvantage as individual underperformance (Riazy, Simbeck & Schreck, 2020).
[bookmark: _Toc1518198063]4.4.3 Discussion of Findings 
These findings demonstrated that prevailing approaches to learning analytics were grounded in narrow, normative assumptions regarding the nature, frequency, and timing of legitimate learner engagement (Viberg et al., 2018). Standardised indicators that rewarded continuous, regular online participation failed to account for variability in digital access, support requirements, and competing life responsibilities (Drachsler & Greller, 2016). Where systems were deployed without explicit inclusive design and ongoing evaluative oversight, learning analytics risked reinforcing rather than mitigating existing attainment differentials across learner subgroups (Jivet et al., 2017). The limited attention accorded to equity, diversity, and inclusion within the sampled sources represented one of the most substantial and consequential gaps in the contemporary evidence base (Avella et al., 2016).
[bookmark: _Toc1698514932][bookmark: _Toc1328611328][bookmark: _Toc1480290058][bookmark: _Toc1860617998]4.5 Limitations
Several important limitations must be noted when interpreting the findings presented in this chapter:
· All proportional claims and thematic patterns were derived from qualitative thematic synthesis rather than statistical analysis and were descriptive rather than demonstrating causal or correlational effect sizes.
· The review was restricted to sources published between 2015 and 2025 and available in the English language. Consequently, the analysis may not have captured emerging regional practices, unpublished institutional evaluations, or scholarly perspectives from non-English-speaking and non-Western contexts.
· This review identified patterns, areas of consensus, and empirical gaps across the literature; it did not seek to quantify the statistical strength of observed relationships.
· All interpretations were necessarily bound by the methodological limitations, contextual constraints, and analytical scope of the primary studies included within the final sample.



















[bookmark: _Toc1081126331][bookmark: _Toc1413203153][bookmark: _Toc541833300][bookmark: _Toc947221311]CHAPTER 5: CONCLUSIONS AND RECOMMENDATIONS
[bookmark: _Toc1893862461][bookmark: _Toc1689603025][bookmark: _Toc904488152][bookmark: _Toc1071125289]5.1 Conclusions
This chapter presents the study’s conclusions, directly answering each of the three research questions and addressing the corresponding objectives. It then sets out recommendations for practice and future research, followed by a final reflection on the study as a whole.
Objective 1: To analyse how learning analytics contributes to student engagement and academic performance
The literature consistently described learning analytics as a valuable tool for identifying students at risk and providing insights into student engagement. The findings showed that 83% of the 40 reviewed sources confirmed the predictive capability of learning analytics systems. However, the analysis also revealed that only 28% of sources examined what happens after a student is identified as being at risk. Improvements in engagement and academic performance were reported only in studies in which learning analytics was embedded within a wider institutional support framework, including staff training, clear intervention protocols, and adequate resources. Where these conditions were absent, the impact of learning analytics on actual student outcomes was unclear or not evidenced. The literature therefore described strong potential, but it was realised under specific institutional conditions.
Objective 2: To investigate the ethical challenges, privacy concerns, and other constraints associated with its use
The literature discussed several significant limitations relating to data privacy and ethics. These concerns appeared in 90% of the sources, yet only 22% explored them in practical depth. Three main challenges emerged consistently. First, the issue of informed consent was widely noted; students often had little choice over how their data was collected and used because access to learning platforms was contingent on accepting data collection terms. Second, a lack of transparency, described as the 'black box' problem, meant that students and staff could not understand how algorithmic decisions were made. Third, concerns about data security, retention, and the potential repurposing of student data were repeatedly raised but rarely addressed through concrete mitigation strategies. These limitations indicated that ethical considerations were often treated as secondary to technical performance goals.
Objective 3: To assess its suitability and relevance for supporting diverse learners
The literature said that diverse learners were a significant finding. Only 18% of the reviewed sources explicitly considered how learning analytics affected different student groups. Those that did consistently found that standard engagement metrics, such as login frequency, attendance, and time spent online, disadvantaged students with disabilities, mature learners, part-time students, and those balancing study with employment or caring responsibilities. Furthermore, 60% of the sources that discussed predictive modelling warned that algorithms trained on historical data risked reproducing existing inequalities by treating structural disadvantages as individual underperformance. The literature therefore indicated that current learning analytics systems were insufficiently inclusive and represented a major gap in both research and practice.
[bookmark: _Toc448545879][bookmark: _Toc643658314][bookmark: _Toc285730020][bookmark: _Toc1147943305]5.2 Recommendations
Based on the findings and conclusions above, the following recommendations are proposed for institutions, practitioners, and developers:
1. Adopt a 'privacy and ethics by design' approach from the earliest stages of system development, with clear, accessible information provided to all students about what data is collected, why it is collected, and how it will be used.
2. Invest in comprehensive training for academic and professional staff, ensuring confidence in interpreting data and understanding its limitations.
3. Develop clear, documented protocols for how risk alerts will be reviewed, prioritised, and acted upon, with sufficient resources allocated to deliver timely, targeted support.
4. Move reliance on easily measured digital metrics and use multiple complementary sources of evidence to assess engagement and progress.
5. Involve diverse student groups in the design, testing, and ongoing evaluation of analytics systems.
6. Establish regular independent audits to identify and address algorithmic bias and unfair outcomes for different learner groups.
[bookmark: _Toc1092062376][bookmark: _Toc1044442950][bookmark: _Toc548851551][bookmark: _Toc1086529964]5.3 Recommendations for Future Research
1. Investigate in detail the pathways between prediction and intervention to identify which forms of support deliver the most consistent improvements in engagement.
2. Explore how different learner groups experience and respond to analytics systems, and how design can be adapted to support diverse needs.
3. Examine how institutional culture, leadership, and resource levels shape the success or failure of analytics implementation.
4. Expand research coverage beyond STEM disciplines and Western contexts to build a more complete understanding of how analytics operates across different subjects and educational settings.

[bookmark: _Toc770033394][bookmark: _Toc830992707][bookmark: _Toc1446186621][bookmark: _Toc908116289]5.4 Reflection
Learning analytics represents one of the most significant shifts in higher education practice recently. When designed and used responsibly, it can help build more responsive, supportive, and equitable learning environments (Long & Siemens, 2011). However, it risks narrowing the purpose of education, undermining trust, and reinforcing existing disadvantages (Slade & Prinsloo, 2013). The findings of this review make it clear that the future of learning analytics depends not on developing more advanced algorithms alone, but on ensuring that systems are centred around people, values, and educational purpose as much as around data (Gašević, Dawson & Siemens, 2015).
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· Academic Performance – The measurable outcomes of a student's learning, typically assessed through grades, examination results, coursework, and overall progression within a study.
· Algorithm – A set of rules or instructions followed by a computer system to perform a task or solve a problem. In learning analytics, algorithms are used to analyse student data and generate predictions.
· At-Risk Student – A student identified as being more likely to underperform, withdraw, or fail in their studies based on data patterns such as low attendance, limited engagement, or poor assessment results.
· Black Box – A term used to describe systems or algorithms whose internal workings are not visible or understandable to users. In learning analytics, this refers to the lack of transparency in how risk scores or recommendations are generated.
· Consent – The voluntary agreement given by an individual for their data to be collected, used, or shared. In learning analytics, consent relates to whether students are fully informed about how their data is used and have the option to opt out.
· Dashboard – A visual display tool that presents data in an accessible format, such as charts, graphs, or summary tables. Learning analytics dashboards are used to show students and lecturers progress, engagement, and performance.
· Data Privacy – The protection of personal information from unauthorised access and use. In learning analytics, data privacy concerns relate to how student information is collected, stored, and shared.
· Diverse Learners – Students from varied backgrounds and circumstances, including those with disabilities, mature students, part-time learners, international students, and individuals balancing study with work or family responsibilities.
· Engagement – The extent to which students participate in learning activities, interact with peers and lecturers, and invest in effort in their studies. Engagement can be measured through both digital activity and observable behaviour.
· Ethics – The moral principles that guide decisions about what is right and wrong. In learning analytics, ethics relate to issues such as fairness, transparency, consent, and the responsible use of student data.
· General Data Protection Regulation (GDPR) – A European Union regulation that covers the collection, processing, and storage of personal data. It sets out requirements for consent, transparency, and data security that apply to learning analytics systems.
· Higher Education – Education provided by universities and colleges, typically leading to undergraduate or postgraduate qualifications. It is distinct from schools and further education institutions.
· Inclusivity – The practice of ensuring that systems, policies, and practices are accessible and fair to all individuals, regardless of their background, circumstances, or characteristics.
· Inductive Approach – A research approach that involves building understanding and identifying patterns from the evidence collected, rather than starting with a defined theory to be tested.
· Interpretivism – A research philosophy that holds that social reality is constructed subjectively by individuals. It emphasises understanding and interpreting meanings rather than measuring numerical relationships.
· Intervention – A targeted action or support strategy designed to help students improve their engagement, performance, or wellbeing. In learning analytics, interventions are often triggered by risk alerts or data insights.
· Learning Analytics – The collection, measurement, analysis, and reporting of data about students and their learning environments, with the aim of understanding and improving educational outcomes.
· Learning Analytics Process Model – A framework that describes learning analytics as a five-stage cycle: data collection, preparation, analysis, presentation of results, and implementation of action.
· Narrative Review – A qualitative research method that involves critically reviewing and synthesising findings from multiple studies to identify themes, patterns, and gaps in the literature.
· Personalised Learning – An educational approach that tailors learning experiences, feedback, and support to the individual needs, preferences, and circumstances of each student.
· Predictive Modelling – A statistical technique used to estimate the likelihood of a future outcome based on historical data. In learning analytics, predictive models are used to identify students at risk of poor outcomes.
· Protected Characteristics – Personal attributes that are legally protected against discrimination under equality legislation. These include age, disability, gender reassignment, race, religion or belief, sex, and sexual orientation.
· Retention – The ability of an institution to keep students enrolled and progressing through their studies until completion. Improving retention is a key goal for many learning analytics initiatives.
· Secondary Data – Information that has already been collected and published by other researchers, academics, or institutions. Secondary data is used in this study through the review of existing literature.
· STEM – An acronym for Science, Technology, Engineering, and Mathematics. STEM disciplines are often the primary focus of learning analytics research.
· Surveillance – The continuous monitoring of individuals' behaviour and activities. In learning analytics, surveillance refers to concerns that students may feel constantly observed and judged by data systems.
· Systematic Review – A structured approach to reviewing literature that follows a defined protocol for searching, selecting, and analysing sources. A narrative review is a more flexible variant of this method.
· Thematic Analysis – A qualitative data analysis method that involves identifying, analysing, and reporting patterns (themes) within qualitative data. It is the primary analytical method used in this study.
· Transparency – The quality of being open and clear about how decisions are made and how systems operate. In learning analytics, transparency relates to whether students and staff understand how data is used and how algorithms work.
· Trust – The confidence that individuals have in an institution, system, or process. In learning analytics, maintaining student trust is essential for the effective and ethical use of data.
· Virtual Learning Environment (VLE) – An online platform used by educational institutions to deliver course materials, facilitate communication, and track student activity. VLE data is a common source for learning analytics.
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