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Abstract

:

Student agency, or agency for learning, refers to an individual’s ability to act and cause changes during the learning process. Recently, learning analytics (LA) has demonstrated its potential in promoting agency, as it enables students to take an active role in their learning process and supports the development of their self-regulatory skills. Despite the growing interest and potential for supporting student agency, there have yet to be any studies reviewing the extant works dealing with the use of LA in supporting student agency. We systematically reviewed the existing related works in eight major international databases and identified 15 articles. Analysis of these articles revealed that most of the studies aimed to investigate student or educators’ agency experiences, propose design principles for LA, and to a lesser extent, develop LA methods/dashboards to support agency. Of those studies developing LA, none initially explored student agency experiences and then utilized their findings to develop evidence-based LA methods and dashboards for supporting student agency. Moreover, we found that the included articles largely rely on descriptive and diagnostic analytics, paying less attention to predictive analytics and completely overlooking the potential of prescriptive learning analytics in supporting agency. Our findings also shed light on nine key design elements for effective LA support of student agency, including customization, decision-making support, consideration of transparency and privacy, and facilitation of co-design. Surprisingly, we found that no studies have considered the use of LA to support student agency in K–12 education, while higher education has been the focal point of the LA community. Finally, we highlighted the fields of study and data visualization types that the studies mostly targeted and, more importantly, identified eight crucial challenges facing LA in its support of student agency.
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1. Introduction


In today’s education, a key challenge is to provide students with equal opportunities that facilitate the acquisition of skills and competencies required in the modern labor market [1]. Recent research has highlighted agency as a crucial element of professionalism [2], which aligns closely with the principles of sustainable education. Many researchers have found agency to play an important role in developing personal well-being and a meaningful career [3,4], creativity and transformed practices of expert work (e.g., [5]), as well as coping with work–life changes and lifelong learning [6]. Despite being acknowledged as an established educational objective at the policy level, student agency development has not received enough attention yet, especially in higher education [1]. For instance, according to Trede et al. [7], university students are not well-prepared for the work world which needs agency, and universities give more attention to acquiring formal and theoretical knowledge.



There exist various research directions/studies focusing on student agency. For instance, some revolve around participatory structures and learning relations (e.g., [8,9]) and singular constructs or characteristics of beliefs or self-processes of students (e.g., [10,11]). Several other studies focus on the development of knowledge in micro-level learning interactions (with a focus on epistemic agency) (e.g., [12]). Additionally, several recent literature reviews have addressed student agency (e.g., [13,14]). For example, Stenalt and Lassesen [14] conducted a systematic review of student agency and its connection to student learning in higher education.



One prospective way to support student agency and its foundations is through learning analytics (LA). LA aims to make use of learners’ data to understand, enhance, and optimize learning. According to Wise [15], one of the key features of LA is that it enables students to take an active role in their learning process and supports the development of their self-regulatory skills. For instance, LA methods could predict student performance in courses and feed back information about learners’ competencies, knowledge levels, misconceptions, motivation, engagement status, and more (e.g., [16]). Such support can potentially facilitate learners’ engagement, meta-cognition, and decision making, and it can also provide customizability, which would eventually contribute to student agency and empowerment. To this end, Chen and Zhang [17] indicate that supporting choice-making using LA could promote high-level epistemic agency and design mode thinking competencies. Wise et al. [18] propose that LA could support fostering student agency by providing options for the customization of learning goals. van Leeuwen et al. [19] summarize that LA dashboards for students differ from earlier feedback systems in several ways—instead of providing simple static feedback, dashboards often visualize complex processes, and feedback can be available not only after the learning activity but also on demand.



Despite the potential, some studies argue that LA might restrict student agency. For instance, Ochoa and Wise [20] state that a lack of co-creation in developing and interpreting LA could restrict student agency because students are not provided with opportunities to act as active agents in the interpretation process, which is required to identify actionable insights. Saarela et al. [21] and Prinsloo and Slade [22] argue that open practices (e.g., lack of algorithm opaqueness) and issues related to data ownership in LA could hinder student ownership of analytics and trust as well as hinder the empowerment of students as participants in their own learning.



In the history of learning analytics research, there have been several literature reviews investigating different aspects of learning analytics for different levels of education. The closest review to our study was conducted by Matcha et al. [23]. While shedding light on many existing challenges in learning analytics research, this study overlooks the agency of learning and merely deals with learning analytics from self-regulated learning perspectives. Even though supporting self-regulated learning could contribute to fostering agency [24], these two differ in that the agency of learning emphasizes students’ ability to actively enhance learning environments, contribute to knowledge development, or engage in innovation processes. Given the absence of an existing systematic review of LA in supporting student agency and the lack of consensus among researchers regarding whether or not LA can contribute to student agency, this research aims to explore the potential effects of LA in promoting student agency.



1.1. The Construct of Agency


There has been an increasing interest in agency within research revolving around lifelong learning, the workplace, and learning frameworks such as constructivism and sociocultural theories (e.g., [25,26,27,28]). Nonetheless, the construct of agency’s origin dates back to the agency conceptualization in social sciences (e.g., [29,30]) where it refers to the capability of individuals to engage in self-defined, deliberate, and meaningful actions in situations limited by contextual and structural relations and factors [31].



The social–cognitive psychology standpoint sees agency as a mediating factor from thoughts to actions that are related to an individual’s intentionality, self-processes, and self-reflection, as well as competence beliefs and self-efficacy (e.g., [32]). Constructivist viewpoints on agency mostly deal with the active actions of individuals in knowledge development and reorganization [33]. On the other hand, a sociocultural viewpoint places more emphasis on agency exhibiting itself through decision making and instances of action (e.g., [34]). Moreover, aside from cultural and social structures, a subject-centered sociocultural viewpoint on agency considers the purposes, meanings, and interpretations that individuals attribute to actions that are deemed crucial in promoting agency (e.g., [35]). Generally, while many researchers acknowledge the subjective standpoint of agency, they place more emphasis on the dynamic, contextually situated, and relationally constructed nature of agency (e.g., [26]). For instance, Jääskelä et al. [36] synthesize the existing literature across psychology, educational sciences, and social sciences to define agency as “a student’s experience of having access to or being empowered to act through personal, relational, and participatory resources, which allow him/her to engage in purposeful, intentional, and meaningful action and learning in study contexts”.




1.2. The Potential of Learning Analytics to Promote Student Agency


Several disciplines have studied the concept of agency, which generally refers to an individual’s capacity to take action and effect changes. According to many researchers, when it comes to the educational context, an increase in student agency and deeper learning leads to more effective pedagogical practices (e.g., [37,38]). For example, Lindgren and McDaniel [39] state that considering agency while designing course guidance and instructions can facilitate engaging students in challenging learning tasks and improve their learning. Vaughn [35] indicates that through cultivating agency, teachers can adapt a flexible method to teaching that supports students’ social emotional needs and direct them better toward thinking about their engagement in the learning process. According to Scardamalia and Bereiter [40], creating instructional environments that encourage learners to pose educationally valuable questions can enhance agency and contribute to the development of knowledge structures. Moreover, students’ opportunities to contribute to their educational environments and engage in participatory learning have been highlighted as means of augmenting agency (e.g., [41]).



One potential way to support student agency is through learning analytics. In this regard, LA dashboards are often employed to visualize study pathways and learning processes, thereby enhancing learners’ awareness and providing them with personalized feedback. LA holds the potential to facilitate the promotion of student agency in numerous ways. For example, it can provide options allowing for goal setting and reflection, supporting meta-cognitive activities, facilitating student decision and choice making based on the analytics, supporting productive engagement and discussion in the online discussion environment, enabling students to identify actionable insights by involving them in the design and creation of analytic tools, and many more. Despite its potential, LA methods and dashboards frequently neglect to consider the integration of theoretical knowledge about learning and student agency into their designs (e.g., [15,42]).




1.3. Research Questions


To fill the mentioned gaps and build upon existing work, we have set four research questions as below:




	
RQ1: What are the objectives for the application of learning analytics in the context of student agency?



	
RQ2: What types and methods of learning analytics have been employed to promote student agency?



	
RQ3: How can learning analytics more effectively support student agency?



	
RQ4: What majors and education levels were mostly targeted, and what types of data visualization were mostly employed by the LA dashboards or methods?








This article’s structure is as follows: Section 2 describes our systematic method, Section 3 deals with results, Section 4 illustrates the discussion (including existing challenges), and finally, Section 5 presents the conclusions.





2. Methodology


We used PRISMA’s guidelines proposed by Page et al. [43] to design and carry out this systematic review.



2.1. Database and Keywords


In order to comprehensively and impartially review the literature concerning the role of learning analytics in supporting student agency, we conducted searches across eight major international databases, namely Web of Science, Scopus, ScienceDirect, SpringerLink, IEEE Xplore, Wiley, ERIC and Taylor & Francis. To ensure covering all existing related works, we also adopted backward and forward search on the final included studies [44]. For our search process, we employed several different keyword groupings, which were each tailored to a specific database. The reason is that the named databases have their specific guidelines: for instance, the ScienceDirect advanced search does not allow the use of wild cards, while Web of Science provides this functionality. Table 1 lists the name of databases and the respective keyword groupings used to search title, abstract, and keywords of articles.




2.2. Eligibility Criteria


To ensure finding relevant articles for answering our research questions, we set inclusion and exclusion criteria in our research. The inclusion criteria were mostly predefined and used during the search (e.g., the time frame of 2010, as learning analytics emerged as a field around that period), while the exclusion criteria evolved during the subsequent screening stages. Table 2 illustrated our inclusion and exclusion criteria.




2.3. Study Selection and Data Analysis


As shown in Figure 1, we considered three main selection stages, identification, screening, and eligibility evaluation. After importing the result of our searches to our reference management software (i.e., Zotero), we employed automatic and manual duplicate searching to find and remove similar studies imported from different databases. During the first screening, two researchers analyzed the suitability of the article’s abstract and title based on our eligibility criteria. If unsure, the articles were sent to the second screening. During the second screening, the full text of the articles was retrieved and carefully analyzed using our eligibility criteria. Our exclusion criteria were then refined and completed, had we identified any new criteria. Both researchers discussed their disagreements regarding the inclusion of specific articles until an agreement was reached. Quality appraisal was also conducted on the studies included in the second screening (for the quality appraisal check list, see [45,46]). Briefly, the quality appraisal criteria included six criteria for qualitative studies and six criteria for quantitative studies. Scores 0, 0.5, and 1 were used if the quality criterion was not satisfied, partially satisfied, or fully satisfied, respectively. Three quality rankings of “low”, “medium”, and “high” were used to evaluate the studies. All 15 studies met the minimum scores (ranked medium or high), and therefore, no studies were excluded during this stage. Once finalized, relevant information was extracted by the researchers from the included articles.



The extracted information includes the article characteristics (e.g., author names, country, year of publication, publication type, and citation), materials and methods (e.g., objectives, data collection methods, fields, LA methods, participants, and many more), evaluation, findings, challenges, future works, etc. The information was recorded in an Excel spreadsheet and was further used for analysis to answer the research questions. Specifically, to answer the research questions two and four, we grouped findings of the studies and used a narrative summary to present the results. To answer the first and third research questions, a thematic analysis was employed [47]. The raw text data were exported to a Qualitative Content Analysis program QCAmap as separate projects for the first and third research questions. For the first research question, raw text from the included articles that revolves around the objective of the studies was used as data. For the second research question, raw text that includes ways of LA supporting student agency was used as data. Thereafter, an inductive coding was carried out for both research questions separately. Words and phrases were used as analytical units and codes were assigned. In order to increase the trustworthiness of the results, two researchers repeatedly read through the data and discussed the codes until an agreement was reached. Next, the codes that carried similar meaning were distributed under categories. From here on, the categories of the first research question are named as “Objectives”, while the categories of the second research question are named as “Proposed LA elements and design principles”.




2.4. Visualization of Results


Mirroring the research carried out by Hooshyar et al. [48], we employ the data visualization technique of a heatmap matrix. We used Python to generate the heatmaps matrix, facilitating addressing research questions. In the heatmaps, color saturation is used to code values within cells, allowing us to easily see patterns across a quantitative scale.





3. Results


3.1. Characteristics of the Studies


Table 3 illustrates the overview of the included articles. As shown, 15 articles have met our eligibility criteria and have been included in our research, including 11 journals and four conference articles. Figure 2 illustrates the distribution of included articles according to country. Finland and Canada have contributed the most with four and three articles, respectively. The UK and US have also published two articles each, advancing the research revolving around learning analytics in supporting student agency. Moreover, Figure 3 presents the analysis of the included articles’ keywords, highlighting the most frequently used terms such as “analytics”, “learning”, “agency”, “student”, and “participation”.




3.2. Objectives








	
RQ1: What are the objectives for the application of learning analytics in the context of student agency?









As shown in Table 4, all the included articles have fallen under three main objectives, investigate (n = 6), propose (n = 8), and develop (n = 5). The six articles under the investigate category either study student experiences of agency or educators’ perception of student agency in learning analytics (e.g., [49,53,56]). While some of these studies use their findings to come up with design principles or frameworks that contribute to supporting student agency in learning analytics (e.g., [53]), other studies ignore exploiting their findings to propose new design principles (e.g., [50,56]). None of these studies develops any new LA methods and dashboards for promoting student agency.



The eight articles under the propose category mainly revolve around proposing design principles or frameworks rather than developing and evaluating learning analytics methods and dashboard designs to support student agency (e.g., [18]). For instance, Bennett and Folley [49] first investigate the experiences of students about agency in LA and found that many students are uninformed about the utilization of their behavioral data in LA methods and dashboards, and they are not engaged in the design of these methods and dashboards. Accordingly, they propose four design principles for LA methods and dashboards to support student agency. These include (1) providing students with options to customize their dashboards, for instance, how to order or what to display; (2) supporting students in the interpretation process of the analytics through design features of the dashboards like the display form (e.g., progress bar and pie chart), granularity and type of data, aggregation level, etc. (for more details on data visualization and its relation to educational conceptions, see Sedrakyan et al. [57]); (3) help students identify actionable insights through different means like assisting with identifying goals or offering displays with various granularity levels; and (4) embedding dashboards in into educational processes.



Of the five studies that were involved in developing LA methods and dashboards for promoting student agency, three developed LA methods called agency analytics (e.g., [21,37]) and two focused on LA methods that foster student agency through network visualizations (e.g., [54]). Of the three agency analytics, two aimed to promote students’ agentic awareness and inform pedagogical practices (e.g., [56]), and one targeted support teacher reflection and pedagogical awareness of agency (e.g., [21]). Surprisingly, none of these five developmental works had first investigated student agency experiences and then used findings to develop (evidence-based) LA methods and dashboards to support student agency.



We further generated a heatmap visualizing the connection between the objectives and publication years showing how the focus of the LA research community has evolved with respect to student agency. As shown in Figure 4, before 2017, the focus of the LA research community mainly revolved around proposing design principles for supporting student agency in LA with almost no attention on investigating the key driving factors for promoting student agency and/or developing LA methods that consider fostering student agency. In the past five years, however, there has been more focus on investigating students’ and educators’ experiences about agency in LA (the elements contributing to fostering student agency). Also, more developments can be seen compared to before 2017 when it comes to designing and developing LA methods and dashboards that promote student agency. Overall, not only more research works have evolved dealing with LA in supporting agency, but also all three objectives of investigating, proposing, and developing have been more or less covered by the LA research community.




3.3. Types and Methods








	
RQ2: What types and methods of learning analytics have been employed to promote agency?









As illustrated in Table 5, the included studies mainly employ descriptive and diagnostic analytics and a little less predictive analytics. Surprisingly, prescriptive analytics which could play a major role in promoting student agency has been fully ignored. More specifically, eight studies employed statistical methods to cater to descriptive analytics, illustrating the way things are and what has happened (e.g., [54,55]). For instance, the LA dashboard investigated by the study of Bennett and Folley [49] provided students with seven descriptive elements like an average of student access and activity in the module, the overall course summary for students, the attendance ratio of students compared to the class, etc.



Eight studies have used data mining and statistical methods to provide diagnostic analytics, enabling students to investigate the root causes of possible learning issues and difficulties (e.g., [36,37]). For example, Ouyang et al. [54] used data mining techniques to visually exhibit online discussions to foster student engagement. Two studies used machine learning and statistical modeling to provide predictive analytics. For instance, Saarela et al. [21] employed clustering methods to group students into four agency profiles and then employed supervised machine learning algorithms to predict future students’ agency profiles. Interestingly, they employed explainer models to explain the prediction of the predictive analytics, which allows students to find out why they are put into a specific agency category. Overall, as it is apparent, despite advances in artificial intelligence and machine learning, they either have been rarely used to provide predictive analytics or completely overlooked to cater to prescriptive analytics.



Figure 5 illustrates the analysis of the analytics types concerning the included studies’ objectives. Based on these findings, more studies have considered investigating, proposing, and developing elements contributing to fostering student agency using descriptive analytics followed by diagnostics analytics. Nonetheless, predictive and prescriptive analytics for promoting student agency have never been proposed and have been rarely investigated or developed by the included studies.




3.4. Learning Analytics in Supporting Agency








	
RQ3: How can learning analytics support student agency more effectively?









According to Table 6, nine main elements are important to consider in the design principles of LA methods/dashboards for supporting student agency. These include developing agency analytics, offering customization, embedding dashboards, meta-cognition support, decision-making support, engagement and discussion support, considering transparency and privacy, relying on learning sciences, and facilitating co-design.



Transparency and privacy have been the most important element for supporting student agency in LA methods and dashboards. Five studies have highlighted transparency in terms of data policies, practices, and algorithms (considering student vulnerability) as well as providing an explanation for the LA method as the main factor for promoting agency in LA (e.g., [22]). Saarela et al. [21] indicated that visualizing the inter-individual differences of learning experiences in an interpretable form can promote student agency. In their research, they employed the explainable artificial intelligence method of Shapley to provide both global and local explanations of the LA method. Particularly, their LA method (called agency analytics) explains the key features for the agency profiles and the reason students are put in a specific profile. Such an explanation not only is interesting for educators to see why a certain student was assigned to a specific agency group but also provides students with the right to information about the decisions made by the LA method. Wise et al. [18] underlined several main challenges regarding the use of LA dashboards and methods. Among those, there are several challenges related to learner interpretation of LA, such as the challenge of trust. The trust challenge refers to students’ trust in the usefulness and fidelity of the presented analytics. Students are mainly unaware of who and why can see their data and how they are being monitored. This usually leads to a sense of distrust. To overcome such issues, Wise and colleagues indicate the need for establishing transparency between analytics and developments. One prospective way to achieve this is to allow for the flexibility of interpretation of LA that helps to support student decision making based on analytics.



Facilitating co-design and developing agency analytics is the second most important element to be considered in LA methods and dashboards regarding fostering student agency. Shibani et al. [55] found that co-designing LA methods and dashboards builds trust and eventually leads to better outcomes and agency. In other words, it enables students to identify actionable insights by involving them in the design and creation of analytic tools. Moreover, such involvement enables students to be active in the process of interpretation and encourages them to become active and empowered about their studies. Ochoa and Wise [20] state that learning analytics dashboards should adopt and adapt participatory design methodologies so students can not only be included in analyzing information needs but also in revisiting, ideating, and evaluating LA prototypes and concepts.



Offering customizability, and meta-cognition and decision-making support has been also found to be crucial when it comes to supporting student agency in LA methods and dashboards. Regarding customizability, Bennett and Folley [49] mentioned that offering customizability allows students to tailor the dashboard according to their needs, which would eventually contribute to student agency and empowerment. Concerning the meta-cognition support, Wise et al. [18] concluded that providing options for the individualization of learning goals could be a prospective way of fostering student agency in LA. As for decision-making support, Chen and Zhang [17] state that equipping LA with tools to support choice making could promote high-level epistemic agency and design mode thinking competencies.



Finally, relying on learning sciences, engagement and discussion support, as well as embedding dashboards in educational processes have also been underlined as potentials in supporting student agency. Pertaining to the consideration of learning sciences in designing LA, Tsai et al. [53] indicated the need for interventions triggered by LA that are based on learning sciences to support agency (e.g., feedback principles proposed by Nicol and Macfarlane [58]). Wise et al. [52] highlighted the support for productive engagement and discussion in the online discussion as a pedagogical activity that can potentially foster student agency. Bennett and Folley [49] state that LA dashboards are a part of a much wider system of support and feedback and thus should be taken into account within this context. In other words, LA dashboards should be embedded in educational processes to be effective in fostering student agency and empowerment.




3.5. Education Levels and Data Visualization Types








	
RQ4: What majors and education levels were mostly targeted and what types of data visualization were mostly employed by the LA dashboards or methods?









Table 7 lists majors, education levels, and visualization types used by the studies in the context of LA in supporting agency. As shown, most studies investigated, proposed, or developed LA methods or dashboards for supporting agency in social sciences and humanities (e.g., [54,55]), and engineering (e.g., [37]). Specifically, regarding social science and humanities, six studies dealt with fields like primary school teacher training, literature, history, geography, educational technology, art, information technologies and education, law, and business. Three articles targeted mathematics, basic computer programming, and basic IT skills fields from engineering majors.



Surprisingly, no studies have considered the use of LA in supporting student agency in K–12 education, and all the included articles revolved around higher education. Bar charts were the most frequently employed visualization type followed by textual, color coding, or summary tables. The least frequently used visualization type is the pie chart, while boxplots, progress bars, and network visualization were employed two times each by the included studies.



Figure 6 shows patterns related to the use of specific visualization types in the studies’ objectives. Overall, while only one article proposed using bar charts for supporting agency in LA, it has been mainly considered in developing LA methods or dashboards for supporting student agency. Also, although textual and summary tables were investigated by some studies, no studies had actually employed them in developmental work for promoting agency using LA.





4. Discussion


Concerning the first research question, our findings reveal that the included articles mainly aim to propose design principles or frameworks for LA methods or dashboards in supporting agency. The second and third main objectives were to investigate student experiences of agency or educators’ experiences about student agency in LA as well as develop LA methods and dashboards to support student agency, respectively. While some of the studies that investigated student or staff experiences of agency proposed design principles or frameworks that contribute to supporting student agency in learning analytics, none of those studies develop any new LA methods and dashboards. We also found that not only more research works have evolved dealing with LA in supporting agency in the past five years, but also all three objectives of investigating, proposing, and developing have been covered by the LA research community compared to before 2017.



Our findings from the second research question show that most of the included articles rely on descriptive and diagnostic analytics, paying less attention to predictive learning analytics and completely ignoring the potential of prescriptive learning analytics in supporting agency. Statistical analysis and data mining-related methods were mostly employed to cater for descriptive and diagnostic analytics. Moreover, we found that despite the potential of artificial intelligence and machine learning, they have been rarely used, and statistical methods are still widely preferred.



Regarding the third research question, we found that nine main elements are important to consider in the design principles of LA methods/dashboards for supporting student agency. These include developing agency analytics, offering customization, embedding dashboards, meta-cognition support, decision-making support, engagement and discussion support, considering transparency and privacy, relying on learning sciences, and facilitating co-design. The most frequently recommended are to consider transparency and privacy, co-design, as well as developing agency analytics in LA methods/dashboards.



Concerning the last research question, our findings show that, surprisingly, no studies have considered the use of LA in supporting student agency in K–12 education (higher education has been the focus of the LA community thus far). Bar charts were the most frequently employed visualization type in the LA dashboards followed by textual, color coding, or summary tables. Also, most studies targeted promoting student agency using LA in social science and humanities majors. In addition, we have identified eight main challenges facing LA in supporting student agency according to our findings.



(1) General lack of LA research for supporting student agency. Despite the importance of student agency and its effects on the quality of education systems as well as LA in supporting student agency (e.g., [1,59,60]), there seems not to be enough attention on this topic. Our systematic search of the topic returned only 278 articles (including duplicates) from eight major databases dealing with LA and agency. More research is required to investigate the potential different types and methods of LA in supporting student agency. Moreover, there is still a lack of proper framework or design principles for LA methods and dashboards to support student agency.



(2) Complete ignorance of student agency for K–12. One of the most striking findings of this research is that there have yet to be any research studies revolving around the investigation, proposing, or development of LA methods or dashboards in supporting student agency in K–12 education. Despite OECD’s call on supporting student agency and its advantages for society and education [1], the potential of LA has not been explored for fostering student agency. LA methods and dashboards can promote student agency through different means that eventually lead to increasing their engagement and motivation throughout the teaching and learning process, thus increasing their comprehension of content. According to our findings, some prospective ways that LA can foster student agency include enabling students to identify actionable insights, providing interventions to balance what students want and what is good for them, offering different types of analytics with explanations facilitating student decision and choice making, allowing for goal setting and reflection (supporting meta-cognitive activities in general), and many more.



(3) Open practices and data ownership problems of LA. Among the included studies, only one had developed LA methods that consider reducing ethical issues by developing an explainable predictive LA [21]. There is not enough developmental work in LA to support agency in ways to address privacy challenges like anonymizing and deidentifying individuals and data transparency and ownership. For instance, there are no LA-related studies in supporting student agency that include students in the transparency of the data process and the opaqueness of algorithms (open practices and data ownership). As argued by Prinsloo and Slade [22], to bring about student ownership of analytics and trust, the ethical adoption of LA requires empowering students as participants in their learning and increasing student agency.



(4) Lack of co-creation in developing LA. Even though emphasized by several studies (e.g., [20,49,53]), there seem to be no studies that actually involve students and/or educators in the development and interpretation of LA for supporting agency. Considering students and educators in the development process of LA could promote the identification of actionable insights and even help bridge the gap between theory and practice. More specifically, it enables students to act as active agents in the interpretation process rather than digesting the data for them, which facilitates assisting them in identifying what actions they could take next (translating their understandings into practical actions). Also, it can help take into account how students may change their behavior because of using the dashboard.



(5) Not enough attention toward tracing student agency using log data. The majority of LA methods relied on self-reported answers of students collected through assessment tools for student agency (e.g., Jääskelä et al. [37]). One key potential of LA is its capability to benefit from students’ log data during the learning process and provide continuous and uninterrupted assessments that can further be used to support students and educators in agency. Unfortunately, of all the included studies, none had identified indicators of student agency during the learning process and benefited from these to provide different means of LA. For instance, the explainable agency analytics developed by Saarela et al. [21] mainly relies on students’ responses to their assessment tool to create agency profiles for students. Future works could take advantage of both log and self-reported data to develop more comprehensive LA methods and dashboards.



(6) Less attention toward predictive analytics and ignoring early predictive modeling. Of all included articles, only two considered predictive modeling in their learning analytics types. Most studies employed descriptive or diagnostic analytics. Interestingly, none of the two articles took advantage of early predictive modeling and merely used students’ answers to learner agency questionnaires to predict agency profiles of future students after responding to the same assessment tools. According to Macfadyen and Dawson [61], the primary objective of predictive modeling is to make early predictions and provide timely intervention. In the context of education, the prediction of students’ performance and agency has the potential to enhance various educational systems (e.g., [62]). However, in practice, these predictive models struggle to make accurate and timely predictions during the initial stages of the learning process. If learners are only informed about their performance or agency profiles after completing a learning session without considering the element of time, it becomes challenging for educators or the educational system to offer personalized interventions that can prevent failure or enhance their learning agency.



(7) Neglecting the potential of prescriptive learning analytics. Another important finding was the complete ignorance of prescriptive analytics and its potential to foster student agency. Prescriptive learning analytics aims to employ data-driven prescriptive analytics to interpret the internal of the predictive LA models, explain their predictions for individual students, and accordingly generate evidence-based hints, feedback, etc. Despite its potential (see Susnjak [63]), there have been no works considering the developed predictive learning analytics and the desired outcome for an individual student to prescribe an optimized input (course of actions) to achieve the outcome. For instance, the benefits of such an LA type could be to guide students engaging in discussion with certain peers, revising a concept, attempting extra quizzes, solving specific practice examples, taking extra assignments, and so forth. Therefore, translating predictions into actionable insights is missing from the literature.



(8) General absence of explainable AI. Of all 15 included articles, only one developed interpretability for their model using a general explainer model (like Shapely) (Saarela et al., [21]). While effective and successful in generating an approximation of the decisions, there is still a long way to go in the field had we wanted truly practical LA methods and dashboards to support students. Unfortunately, general explainer algorithms like Shapely and LIME suffer from serious challenges: (i) using a particular attribute to predict without that attribute appearing in the prediction explanation, (ii) producing unrealistic scenarios, and (iii) being unable to reason the path to their decisions (e.g., [64,65]). According to this and many other related works in LA research (see [63]), most LA methods focus on the development of models that are more accurate and effective in their predictions. There is a general absence of explainable AI for LA usage. In general, LA methods and dashboards will have limited capabilities, and their uptake will remain constrained if they are not equipped with the ability to provide reasoning behind their made decisions/predictions as well as recommendations on proper pathways for moving forward.



Limitations


We have employed eligibility criteria to constrain our references. For instance, we only considered studies that properly dealt with the use of LA in supporting student agency. We did not consider studies published in books and thesis or dissertations. Moreover, we excluded articles with a focus on agency of teachers or staff. Finally, studies that implicitly revolve around student agency were not considered (e.g., through the lens of other concepts like self-regulation). More specifically, only articles that specifically used the term “agency” were considered. If we had not specified this limitation, we probably would have been dealing with a larger number of articles.





5. Conclusions


This research examined 15 articles to answer four main research questions related to the use of LA in supporting student agency. Analysis of the included articles showed that most of the articles’ objectives were to investigate student or educators’ experiences with respect to agency, propose design principles or frameworks for supporting LA methods/dashboards to support agency more effectively, and develop LA dashboards or methods to promote agency. Of those studies with the aims of investigating or proposing, none have developed any new LA methods and dashboards for promoting student agency. Similarly, none of the studies with the development objective had first investigated student agency experiences and then used findings to develop (evidence-based) LA methods and dashboards to support student agency. Further analysis revealed that not only more research works have evolved dealing with LA in supporting agency in the past five years, but also all three objectives of investigating, proposing, and developing have been covered by the LA research community compared to before 2017.



Regarding the second research question, our findings showed that the LA community overlooks the potential of predictive and prescriptive learning analytics in supporting agency and yet mainly relies on descriptive and diagnostic analytics. To this end, statistical analysis and data mining-related methods were mostly employed to cater for descriptive and diagnostic analytics, while the potential of artificial intelligence and machine learning techniques has not been exploited. Further analysis revealed that more studies have considered investigating, proposing, and developing elements contributing to fostering student agency using descriptive analytics followed by diagnostics analytics.



The findings of the third research question revealed nine main LA design elements for more effectively supporting student agency. Some examples include offering customization, meta-cognition support, engagement and discussion support, considering transparency and privacy, relying on learning sciences, and facilitating co-design. Of these nine, the most frequently recommended were to consider transparency and privacy, co-design, as well as developing agency analytics in LA methods/dashboards. The fourth research question found that no studies have considered the use of LA in supporting student agency in K–12 education, and bar charts were the most frequently employed visualization type in the LA dashboards followed by textual, color coding, and summary tables. Also, the findings showed that most studies targeted promoting student agency using LA in social science and humanities majors. Further analysis showed that while textual and summary tables were investigated by some studies, no studies had actually employed them in developmental work for promoting agency using LA. Finally, our analysis highlighted eight main challenges facing LA in supporting student agency according to our findings. These include the general lack of LA research for supporting student agency, a complete ignorance of student agency for K–12, open practices and data ownership problems of LA, lack of co-creation in developing LA, not enough attention toward tracing student agency using log data, less attention toward predictive analytics and ignoring early predictive modeling, neglecting the potential of prescriptive learning analytics, and the general absence of explainable AI.



In conclusion, the analysis of the articles has provided valuable insights regarding the role of LA in fostering student agency. A key observation is the importance of researching and implementing ways to support student agency, recognizing the role of LA and AI. To ensure the maintenance of agency in a data-enriched environment, it is imperative to investigate the essential skills that learners and students must possess. This can be achieved by creating and testing models that combine LA with student agency, especially in K–12 education. Engaging in a co-creative approach that involves educators, students, and other stakeholders in the design and evaluation of LA systems promises to yield more effective and widely adopted tools. This collaborative approach not only guarantees the effectiveness of the tools developed but also enhances their widespread acceptance. By prioritizing a human-centered methodology in designing LA solutions, a direct link can be established between end-users and the developmental process. Consequently, this approach not only aligns the tools with pedagogical frameworks but also profoundly advances and reinforces student agency in a synergistic manner.
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Figure 1. Study selection procedure. 
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Figure 2. Distribution of the included articles according to country. 
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Figure 3. Keywords used in the included studies. 
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Figure 4. Focus of LA research community concerning student agency during the past decade. 
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Figure 5. Different LA types in the objective of the included studies. 
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Figure 6. Objective of studies in relation to different visualization types used in the LA dashboards. 
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Table 1. Databases and keyword grouping.
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	Database
	Boolean/Phrase





	Web of Science
	TS = ((“Learning analytics”) AND (agency))



	Scopus
	TITLE-ABS-KEY ((“Learning analytics” AND agency))



	ScienceDirect
	Title, abstract, keywords: (‘learning analytics’) AND agency



	SpringerLink
	“learning analytics” AND agency



	IEEE Xplore
	(“All Metadata”:“learning analytics”) AND (“All Metadata”:agency)



	Wiley
	““learning analytics” AND agency” in Abstract



	ERIC (through EBSCO)
	“learning analytics” AND agency



	Taylor & Francis
	“learning analytics” AND agency










 





Table 2. Eligibility criteria.
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Inclusion Criteria




	
IC1

	
Publication dated from Jan 2010 to 2022




	
IC2

	
Conference publications or peer-reviewed journals




	
IC3

	
In English and accessible




	
IC4

	
The study focuses on the use of LA to support agency




	
Exclusion Criteria




	
EC1

	
The study superficially looks at LA in the context of agency




	
EC2

	
The study revolves around agency of teachers or staff




	
EC3

	
Conference publications that were not part of the main conference (e.g., workshop papers), editorial reports, etc.




	
EC4

	
The studies that merely revolve around data privacy-related issues in LA











 





Table 3. Overview of the included articles.
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	ID
	Reference
	Journal/Conference
	Article Title





	1
	Saarela et al. [21]
	IEEE Access
	Explainable student agency analytics



	2
	Bennett and Folley [49]
	Journal of Applied Research in Higher Education
	Four design principles for learner dashboards that support student agency and empowerment



	3
	Jääskelä et al. [37]
	Behaviour & Information Technology
	Student agency analytics: learning analytics as a tool for analysing student agency in higher education



	4
	Algers [50]
	Technology, Knowledge and Learning
	Open textbooks: A balance between empowerment and disruption



	5
	Heilala, Jääskelä, et al. [51]
	SmartICT 2019 conference
	Understanding the study experiences of students in low agency profile: Towards a smart education approach



	6
	Wise et al. [18]
	Online learning
	Developing Learning Analytics Design Knowledge in the” Middle Space”: The Student Tuning Model and Align Design Framework for Learning Analytics Use



	7
	Wise [15]
	LAK conference
	Designing pedagogical interventions to support student use of learning analytics



	8
	Wise et al. [52]
	LAK conference
	Learning analytics for online discussions: A pedagogical model for intervention with embedded and extracted analytics



	9
	Tsai et al. [53]
	Assessment & Evaluation in Higher Education
	Empowering learners with personalised learning approaches? Agency, equity and transparency in the context of learning analytics



	10
	Ochoa and Wise [20]
	Educational Technology Research and Development
	Supporting the shift to digital with student-centered learning analytics



	11
	Ouyang et al. [54]
	British Journal of Educational Technology
	Effect of three network visualizations on students’ social-cognitive engagement in online discussions



	12
	Chen and Zhang [17]
	Journal of Learning Analytics
	Analytics for Knowledge Creation: Towards Epistemic Agency and Design-Mode Thinking



	13
	Shibani et al. [55]
	The Internet and Higher Education
	Educator perspectives on learning analytics in classroom practice



	14
	Prinsloo and Slade [22]
	Journal of Learning Analytics
	Student Vulnerability, Agency, and Learning Analytics: An Exploration



	15
	Heilala, Saarela, et al. [56]
	IEEE Frontiers in Education Conference
	Course Satisfaction in Engineering Education Through the Lens of Student Agency Analytics










 





Table 4. Objectives of the included articles.
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Objective

	
Sub-Objective

	
Number of Articles

	
Article ID in Table 3






	
Investigate

	
Students’ experience of agency

	
4

	
2, 5, 9, 15




	
Educators’ experience of student agency

	
3

	
4, 9, 13




	
Propose

	
Design principles for designing LA methods and dashboards to support student agency

	
4

	
2, 9, 11, 12




	
Student agency-based framework for more productive use of LA

	
4

	
6, 7, 10, 14




	
Develop

	
Explainable student agency analytics to support teacher reflection and pedagogical awareness of agency

	
1

	
1




	
Student agency analytics for promoting students’ agentic awareness and informing pedagogical practices

	
2

	
3, 5




	
LA approach for online network visualization to support student agency

	
2

	
8, 11











 





Table 5. LA types and methods used in the included articles.
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	LA Types
	LA Methods
	Number of Articles
	Article ID in Table 3





	Descriptive
	Statistical methods
	8
	1, 2, 3, 5, 6, 11, 13, 15



	Diagnostic
	Data mining and statistical methods
	7
	1, 3, 5, 6, 11, 13, 15



	Predictive
	Machine learning and statistical modeling
	2
	1, 13



	Prescriptive
	Artificial intelligence
	-
	-










 





Table 6. Proposed LA designs and elements for supporting student agency.
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	Proposed LA Elements and Design Principles
	Explanation
	Number of Articles
	Article ID in Table 3





	Agency analytics
	Develop agency profiles and compare agency profiles of students with a class average for students
	4
	1, 3, 5, 15



	Customization
	Enable students to customize the dashboards
	3
	2, 6, 10



	Embedding dashboards
	Embed dashboards into educational processes
	1
	2



	Meta-cognition support
	Allows for goal setting and reflection; meta-cognitive activities in general
	3
	6, 7, 11



	Decision-making support
	Facilitates and foregrounds students’ sense making (facilitates student decision and choice making based on the analytics)
	3
	2, 6, 12



	Engagement and discussion support
	Supporting productive engagement and discussion in the online discussion environment
	1
	8



	Transparency and privacy
	Be transparent and visible in terms of data policies, practices, and algorithms (provide an explanation for the LA and the aspects of student agency)
	5
	1, 6, 9, 10, 14



	Relying on learning sciences
	Offer interventions that are based on the learning sciences to balance what students want and what is good for them
	2
	9, 10



	Co-design
	Enable students to identify actionable insights by involving them in the design and creation of analytic tools
	4
	2, 9, 10, 13










 





Table 7. Majors and visualization types mostly used in the studies.
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Number of Articles

	
Article ID in Table 3






	
Majors

	
Engineering

	
3

	
1, 3, 15




	
Social sciences and humanities

	
6

	
3, 4, 6, 9, 11, 13




	
Education level

	
K–12

	
-

	




	
Higher education

	
15