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Abstract 

Universities are investing heavily in online learning in a bid to remain 

competitive in a globalized world and in harsh economic times. The need to enhance 

and strengthen online learning is even greater given the current Covid-19 pandemic 

that makes it difficult to conduct face-to-face learning sessions due to the need for 

social distancing. Normally, retention and success rates in online courses are much 

lower as compared to traditional face-to-face courses – a major concern for 

universities. This issue is attributed to the lack of adequate self-regulated learning 

(SRL) skills; a situation, which is particularly problematic in online learning where 

students have greater levels of autonomy and flexibility. SRL skills enable students to 

actively and independently control their own learning processes and contribute to 

academic success. 

The proliferation of online learning in education institutions brings to greater 

focus on the importance of supporting students’ SRL skills. It is known that SRL skills 

can be fostered in students and one possible way to achieve this is to embed tools that 

support the development of SRL in day-to-day online learning tools. Student-facing 

learning analytics (SFLA) are one possible avenue for supporting SRL in online 

learning environments. This is attributed to the fact that they present new opportunities 

for collecting and analysing students’ learning data and reporting it back directly to 

students. They make use of visual tools such as charts, graphs, and network diagrams 

to present feedback to students. This feedback can enable learners to gain insight into 

their learning process and reflect on their learning thereby supporting students’ SRL 

activities. However, the potential of SFLA to support students’ SRL skills is failing to 

be realized. This is largely attributed to the current design methods that are flawed and 

techno-centric, focusing on availability of data with little attention to learning science 

theory and student needs as confirmed by the exploratory study. As interest in SFLA 

to foster SRL grows and higher education institutions continue to implement SFLA on 

a widespread scale, there is an urgent need for design guidelines that are student-

centred and learning science theory-driven. For an emerging field, the need for 

developing a body of knowledge to address the design, development, and 



ii 

implementation issues in LA systems cannot be underestimated. The work presented 

in this thesis is a response to this need. Therefore, the central research question 

addressed in this study is: How can student-facing learning analytics be designed to 

best support SRL skills among students? This question was broken down into the 

following specific questions: 

i. What are the students’ self-regulated learning support needs based on the

self-regulated learning theory?

ii. What are the students’ perceptions of student-facing learning analytics?

iii. What student-facing learning analytics features are most appropriate to

support students’ self-regulated learning?

To answer these research questions, Zimmerman’s cyclic model of self-

regulation was adopted as the theoretical basis and a user-centred design approach was 

taken. A mixed-methods approach was used to investigate how the design of SFLA 

for supporting SRL may be improved. The study focused on understanding student's 

SRL support needs and how they should be addressed while being grounded in 

learning science theory; establishing students SFLA preferences and concerns; 

generating both general and specific design guidelines; and proposing an overall 

framework will support the design of SFLA for supporting SRL that will enhance 

learning experiences, learning practices and improve the learning process. To achieve 

the study aim, an exploratory study was first conducted with learning analytics experts 

to ascertain the relevancy and urgency of the research problem. From the insights 

gained, a conceptual framework for the optimal design of SFLA for supporting SRL 

was proposed. The three research questions stated above were formulated based on 

this conceptual framework. The study was conducted in three phases with each phase 

addressing one research question as follows: 

 In the first phase, RQN 1 was answered to establish student's SRL support 

needs. This involved conducting a survey with online students undertaking business 

courses at an Australian public university to examine student's SRL differences and 

SRL support needs. Cluster analysis using K-means revealed four SRL profiles (non-

self-regulators, basic self-regulators, proficient self-regulators, and expert self-

regulators) based on Zimmerman’s SRL framework. Each profile exhibited different 

characteristics hence differing SRL support needs. The results confirmed that students 
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have low SRL skills as the non-self-regulators constituted the largest profile with 121 

students (40%) while the expert self-regulators were the smallest with 20 students 

(7%) of the study respondents. 

In the second phase, RQN 2 was answered by examining students’ perceptions 

of SFLA using a survey with undergraduate university students. The results revealed 

SFLA features and data considered most important from the student perspective. 

Notably, students considered data related to their emotional aspects as extremely 

important, even though current LA applications have given less attention to the 

emotional aspects of the learning process. Student concerns towards SFLA were also 

established and these included the loss of autonomy, privacy and security, teacher role, 

accuracy, and timing of the feedback, and depression, anxiety, and stress. Hence, 

learning analytics designers, researchers, and educators should address these concerns 

during the design and implementation process of SFLA for supporting SRL. 

 In phase three, RQN 3 was addressed through an experiment that was conducted 

with undergraduate students to determine the most appropriate SFLA features to 

support SRL for students in each of the identified SRL profiles. The findings revealed 

both positive and negative relationships between students SFLA preferences and SRL 

profiles. Some students SFLA preferences conflicted with the kind of SRL support 

they needed. Based on these results, profile-specific SFLA features and generic SFLA 

features were generated and summarised in the form of design cards. 

 Cumulatively, the investigations yielded student-centred and theory-based 

guidelines to inform the design of SFLA that will likely support students’ SRL skills. 

Specifically, the study yielded the following contributions: A conceptual framework 

for the optimal design of SFLA for supporting SRL; Self-regulated learning profiles, 

and their SRL support needs. The kinds of user data and SFLA features that students 

consider important in SFLA; The specific design guidelines with design cards for each 

of the identified SRL profile; the overall research-based framework for designing 

SFLA for supporting SRL. 

Keywords 

Learning analytics, student-facing learning analytics, design, self-regulated 

learning, SRL profiles, SFLA preferences, SFLA features, SFLA design guidelines, 

learning science theory. 
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Chapter 1: Introduction 

“Successful analytics do not begin with a set of data; they begin with an 

understanding of how people learn. There is a need for novel, innovative pedagogy 

(theorised approaches to teaching and learning) that drives innovation and makes use 

of data to solve practical problems…” (Ferguson et al., 2016, p.38). 

The aim of the reported research was to generate guidelines for the design of 

student-facing learning analytics to support self-regulated learning (SRL). The 

research emerges from the convergence of four key facts: the proliferation of online 

learning in higher education with 49% of students in higher education enrolled in an 

online course (Pappas, 2019); the precipitation of large volumes of data about student 

activity in online learning environments (Scheffel, 2017); the crucial importance of 

students’ SRL capabilities for academic success particularly in online learning 

(Broadbent & Poon, 2015; Cho & Shen, 2013; Kizilcec, Perez-Sanagustín & 

Maldonado, 2017; Ning & Downing, 2015; Lawanto et al., 2014); and the apparent 

lack of SRL skills even among higher education students (Aber & Loken, 2010; 

Littlejohn et al., 2016; Heikkila et al., 2012; Lajoie & Azevedo, 2006). 

Universities, in a bid to remain competitive in a globalized world and harsh 

economic times, are investing heavily in online learning and improving student success 

and retention is becoming a strategic focus. But students enrolled in online courses 

experience much higher rates of failure and drop-outs than traditional on-campus, 

predominantly face-to-face courses – an obvious cause for concern in the current 

context. Although student success and retention are very complex, one of the factors 

attracting considerable attention is SRL capabilities of students and the pronounced 

role of SRL in academic success online. However, many students lack adequate SRL 

skills (Littlejohn et al., 2016; Burman, Green & Shanker, 2015; Jivet, 2015); a situation 

that is particularly problematic in online learning where students have greater levels 

of flexibility and freedom. One potential solution currently under exploration is to 

harness the volumes of data generated as students interact with the online learning 

environments. When this data about students learning activities is collected and 

analysed (learning analytics), it should be reported back to students (student-facing 

learning analytics). The argument being that by seeing their learning activity data, 
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students will become more aware of their own learning habits and the development of 

self-regulated learning will be supported. Early attempts are yielding mixed results and 

there is limited understanding of how best to design student-facing learning analytics 

(SFLA) to optimise the likelihood of student uptake and use of the reported data. It is 

with the aim of contributing to knowledge about the design of student-facing learning 

analytics that the reported research was undertaken. The research is at the nexus of the 

disciplines of user-centred design and educational theory. 

The purpose of this chapter is to explain why the research presented in this thesis 

is important. This chapter is structured as follows: Section 1.1 presents the background 

to the study and section 1.2 presents the research motivation. Section 1.3 presents the 

research aim and questions and then Section 1.4. outlines the research contribution. 

Section 1.5 Outlines the definition of key terms in the study. Finally, Section 1.6 

provides an outline of the remaining chapters. 

1.1 BACKGROUND 

Self-regulated learning (SRL) is “an active, constructive process whereby 

learners set goals for their learning and then attempt to monitor, regulate, and control 

their cognition, motivation, and behaviour, guided and constrained by their goals and 

the contextual features in the environment” (Pintrich, 2000, p. 453). Some of the self-

regulatory skills include planning, goal setting, time management, help-seeking, 

problem-solving, self-instruction, and self-monitoring (Zimmerman & Campillo, 

2002). It is these self-regulatory skills that enable learners to engage more successfully 

in the learning process (Zimmerman, 2002). 

Academic self-regulation is a significant predictor of academic success. 

Unfortunately, not all students undertaking online courses have the necessary self-

regulation skills required for academic success (Burman, Green &. Shanker, 2015; 

Jivet, 2015; Littlejohn et al., 2016). Research shows that many university learners lack 

the self-regulation skills needed for academic success (Abar & Loken, 2010; Heikkilä 

et al, 2012; Littlejohn et al., 2016), and yet these skills are recognised as one major 

determinant for student success and retention in universities (Littlejohn et al., 2016). 

The advent and subsequent proliferation of online learning in higher education 

bring even greater focus to academic self-regulation. Online learning can be defined 

as “an open and distributed learning environment that uses pedagogical tools, enabled 
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by the Internet and Web-based technologies, to facilitate learning and knowledge 

building through meaningful action and interaction” (Dabbagh & Bannan-Ritland, 

2005, p. 15). The vast majority of higher education students experience online learning 

to some extent (Kizilcec & Halawa, 2015). Courses may be offered fully online or in 

a blended mode with varying degrees of face-to-face and online learning. 

Compared to face-to-face learning, the need for academic self-regulation is more 

pronounced in online learning given the autonomy, flexibility, openness, and the 

missing physical interactions between the students and their instructors. Learners with 

good self-regulation skills are more independent and in control of their own learning 

and are better able to navigate the flexibility and autonomy of online learning 

(Zimmerman, 2002). The greater the extent of online learning, the more flexible and 

open the learning environment tends to be, and the more important the need for SRL 

becomes. Prior studies show a significant relationship between self-regulation and 

academic achievement in technology-enhanced learning environments (Richardson et 

al., 2012; Antino, 2007; Azevedo, 2005; Zimmerman & Schunk, 2011; Puzziferro, 

2008). Learners with high SRL skills are more likely to succeed and achieve higher 

grades, while those with lower SRL are more likely to be unsuccessful and to drop out. 

There are many reasons why students don’t succeed or drop out of courses including 

challenging curricula, socio-economic differences, evaluation and assessment 

methods, and financial difficulties (Donhardt, 2013; Fetzner, 2013; Levey, 2007; 

Willging & Johnson, 2009). However, the literature has defined SRL as one of the 

very important factors for students’ success particularly in online learning 

environments (Cho & Shen, 2013). Auvinen (2015) pointed out that learners who lack 

SRL skills have low motivation, lower self-efficacy, and tend to procrastinate when 

learning online, therefore performing poorly in online learning. 

Bawa (2016) points out that many students have misconceptions about online 

learning and believe that studying online takes less time and effort. However, when 

they enroll and discover that this is not the case, they become demotivated and in the 

long run, dropout. Additionally, as Bawa (2016) notes, many online learners lack self-

directed skills and so fail to complete their learning activities. Some students report 

personal reasons for dropping out, such as failure to handle and balance family, school, 

and work responsibilities (Fetzner, 2013). The evidence for the importance of SRL for 

student success online is convincing (Mikroyannidis et al., 2013). However, not all 
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students undertaking online courses have the necessary self-regulation skills to thrive 

in online learning environments (Littlejohn et al. 2016; Burman, Green &. Shanker, 

2015; Jivet, 2015). 

Given the vast investments made by higher education institutions in online 

learning, the low completion rates threaten the future of online learning, and attrition 

rates remain a challenge (Bawa, 2016, Billings, Connors, & Skiba, 2005; Bonnel, 

2008; Hart, 2012; Park & Choi, 2009). The retention rates in online learning continue 

to be low as compared to the increasing enrolments (Chiyaka, Sithole, Manyanga, 

McCarthy, & Bucklein, 2016). In 2016, it was estimated that over 5.8 million students 

enrolled for at least one online course despite the low completion rates (Allen & 

Seaman, 2017). Retention rates of online courses are significantly less than on-campus 

courses (Atchley, Wingenbach, & Akers, 2013; Brown, 2012; Cochran, Campbell, 

Baker, & Leeds, 2014; Fetzner, 2013; Lee & Choi, 2011, Wolff, Wood-Kistanowitz, 

& Ashkenazi, 2014; Shapiro & Bray, 2011). Levey (2007) reported that online dropout 

rates range between 25%-40% as compared to 10%-20% in offline or on-campus 

courses. In Australia, O’keeffe (2017) reported that only 44% of the students who 

enroll in online courses complete their studies as compared to 77% for on-campus 

courses. Raising levels of student success and retention in online learning 

environments is therefore imperative. Given the proliferation of online learning in 

universities, the importance of SRL in academic success and retention, and the 

generally low SRL capabilities of university students, the importance of supporting the 

development of SRL in online students is self-evident. Evidence suggests that SRL 

skills can be supported and developed in students, and the need for such support in 

online environments is well acknowledged (Jivet, 2016; Nussbaumer, Hillemann, 

Gütl, & Albert, 2014). Several studies point out the need for developing tools that 

support the development of self-regulatory skills some of which can be embedded in 

day-to-day online learning tools (Kizilcec & Halawa, 2015; Jivet, 2016; Nussbaumer 

et al., 2014). One emerging avenue for supporting the development of learner self-

regulation is learning analytics. 

Learning analytics (LA) refers to “the measurement, collection, analysis, and 

reporting of data about learners and their contexts, for purposes of understanding and 

optimizing learning and the environments in which it occurs” (Siemens, 2013, p.1381). 

When data about their own learning activities is reported back to students, it is referred 
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to as student-facing learning analytics(SFLA). Bodily and Verbert (2017) define 

SFLA as tools that automatically track students’ interaction data in online learning 

environments and report it directly to students in form of text feedback, visualisation, 

dashboard, and recommendation. Scholars such as Durall and Gros (2014) point out 

that LA are potential metacognitive tools that avail endless opportunities for learners 

to be aware and reflect upon their past learning experiences. However, early attempts 

to use SFLA to support SRL have yielded mixed results. Relatively little is known 

about how SFLA should be designed to support SRL. Most existing SFLA systems 

take a techno-centric approach to design and their effectiveness in supporting SRL is 

somewhat ‘hit’ and ‘miss’ (Alabi & Hatala, 2017; Bodily, Tarah, Ikahihifo, Mackley 

& Graham, 2018; Field, 2015; Durall & Gros, 2014; Galaige & Torrisi-Steele, 2019). 

It is from the above-described background that the present research emerges. The study 

motivation is articulated in more detail below. 

1.2 RESEARCH MOTIVATION 

Evidence suggests that academic self-regulation is a significant predictor of 

academic success in online learning but unfortunately, many students have poor self-

regulation skills (Abar & Loken, 2010; Heikkilä et al, 2012; Littlejohn et al., 2016). 

Scholars suggest that SRL skills can be fostered in students and point out the need for 

developing tools that support the development of SRL, by embedding them in day-to-

day online learning tools (Kizilcec & Halawa, 2015; Jivet, 2016; Nussbaumer et al., 

2014). Student-facing learning analytics are one possible avenue for supporting self-

regulated learning in online learning environments (Alabi & Hatala, 2017; Bodily et 

al., 2018; Field, 2015; Durall & Gros, 2014). This idea is made possible because of the 

massive amount of data (e.g., navigation patterns, discussion posts, downloads, self-

reports, number of clicks, and assessment results) generated by online learning 

platforms such as learning management systems (LMS), personal learning 

environments (PLE) and massive open online courses (MOOCs). Access to such data, 

coupled with advances in the use of digital tools in education and the development of 

algorithms that help make sense of the great volumes of data, creates many 

opportunities for using the data to understand learners in their study contexts. 

This data is reported back to students using learning analytics dashboards which 

are defined by Schwendimann et al. (2016) as “a single display that aggregates 

different indicators about learner(s), learning process(es) and/or learning context(s) 
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into one or multiple visualisations” (p.37). These enable visualization of the complex 

and enormous amounts of data in a meaningful and precise form while enabling non-

expert users to interpret data with ease in the shortest time possible (Steiner, 

Kickmeier-Rust & Albert, 2014; Verbet et al., 2014). It is argued that when students 

receive feedback about their online learning activities, they become more aware of 

their learning approaches and strategies and it is this awareness that is fundamental to 

self-regulated learning (Field, 2015; Durall & Gros, 2014). 

There is burgeoning interest around the potential of SFLA to foster SRL and 

therefore, scholars are advocating for student-centered learning analytics (De Quincey 

et al., 2016; Sclater, 2014; Knight et al., 2013; Duval, 2011; Kruse & Pongsajapan, 

2012). Increasingly, higher education institutions are implementing SFLA systems 

with the aim of providing feedback to students in order to foster self-reflection, raise 

metacognitive awareness, and to offer personalized support, ultimately increasing 

students’ academic success and retention (Alabi & Hatala, 2017; Bodily et al., 2018; 

Field, 2015; Durall & Gros, 2014). However, the potential of SFLA to support 

students’ SRL, and thereby increase academic success, is failing to be realized 

(Matcha, Gasevic & Pardo, 2019). This issue is largely attributed to the current design 

methods that are flawed and techno-centric, focusing on the availability of data with 

little attention to learning science theory and student needs (Galaige & Torrisi-Steele, 

2019; De Quincey et al., 2016; Reimers & Neovesky, 2015; Schumacher & Ifenthaler, 

2018).  

Literature reveals that needs assessment is rarely done and students are rarely 

involved in the design and development of SFLA, even though these tools are about 

students and their learning process (Marzouk et al., 2016; Reimers & Neovesky, 2015). 

Literature also suggests that SFLA tools are designed in a one-size-fits-all approach 

(Teasly, 2017) even though students have different needs and preferences. Kizilcec et 

al., (2017) noted that little has been done in understanding the unique students SRL 

needs and offering tailored SRL support. Prior studies show that students differ in the 

way they self-regulate their learning in both online and offline learning environments 

(Kizilcec, Pérez-Sanagustín & Maldonado, 2017; Falkner, 2014; Greene & Azevedo, 

2007; Lee, 2002; Zimmerman & Martinez-Pons, 1990). All the above reasons point to 

the fact that developing interventions to offer SRL support necessitates understanding 

students SRL support needs through needs assessment and student involvement. 
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Understanding students' needs and differences ensure that learners get SRL support 

tailored to their own unique learning needs and capabilities. 

As mentioned earlier, the current LA tools have a poor foundation in learning 

science theories (Marzouk et al., 2016; Jivet et al., 2017) and yet LA aims at improving 

the learning process of students. Learning science is an interdisciplinary field that 

supports the understanding of teaching and learning by focusing on design and 

implementation of effective learning methodologies, innovations, and solutions 

(Nathan & Alibali, 2010). Learning science theories shape the way learning 

environments, tools and resources are designed and used from a wide range of 

perspectives. Jivet et al. (2017) points out that only a few available SFLA tools have 

some grounding in learning science theory. A closer look at the few tools that were 

grounded in learning science and specifically SRL theory revealed that they only 

provided feedback mainly for awareness and self-reflection but not supporting the 

entire SRL cycle (Jivet et al., 2017). Zimmerman conceptualised SRL as a process 

with a set of activities to be accomplished at every phase in his cyclic SRL model 

(Zimmerman, 1996; 2000). The cycle comprises of three phases including fore-

thought, performance and self-reflection. Thus, a student might be good at executing 

activities of one process but poor at another. It is therefore vital that any SFLA tool 

designed to support SRL should address all phases rather than just focusing on one 

phase. 

SFLA emerged from the technical context more especially data science and this 

may explain why their design reflects mostly the perspective of those in the technical 

domain rather than the learning domain. The promise of SFLA to support SRL and 

subsequently increase learner success and retention cannot be realised unless design 

attends to the needs of learners and is framed by appropriate learning science theory, 

and in this case self-regulated learning theory. This calls for clear guidelines to support 

the design of SFLA that are learner-centred and grounded in learning science theory. 

Several scholars have pointed out the need for frameworks that explicitly specify the 

human processes required to design SFLA systems (Bodily & Verbert, 2016; Bodily 

et al., 2018; Martinez- Maldonado et al., 2015; Shirazi, 2015). For this reason, Bodily 

and Verbert (2017) call for research targeting the design and development process of 

student-facing learning analytics reporting systems. 
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Subsequently, a few scholars have proposed some frameworks for supporting 

the design of learning analytics tools. A systematic literature review on existing LA 

frameworks, models, and approaches that can possibly guide the design and 

development of SFLA for supporting SRL revealed only two frameworks despite the 

evident need. Including Learning Awareness Tools — User experience (LATUX) 

workflow (Martinez- Maldonado et al. 2015) and the general framework for the design 

of ADA instruments and representations from first principles (Kelly et al. 2015). A 

thorough evaluation of the extent to which these frameworks addressed the current 

challenges surrounding the design of SFLA for supporting SRL revealed that none of 

the two is comprehensive enough to address the issues. 

For instance, Martinez- Maldonado et al., 2015 proposed the Learning 

Awareness Tools — User experience (LATUX) framework to guide designers in 

conducting quick evaluations to determine the usability of a tool. While the LATUX 

framework can guide designers in conducting quick evaluations to determine the 

usability of the tool, it falls short in addressing critical issues in the analysis and design 

of SFLA for supporting SRL. For instance, needs analysis to identify SRL needs; 

addressing students’ differences rather than taking a one-size-fits-all; grounding 

designs in learning science theory. On the other hand, the framework by Kelly et al. 

(2015) addresses the issue of grounding LA design in learning science theory to some 

extent, however, it does not address issues of needs analysis, students differences so 

that designs are tailored to needs rather than a one-size-fits-all design. Besides, none 

of the frameworks specifically addresses the design of SFLA for supporting SRL thus 

the need for a specific framework. 

To design effective SFLA systems that will foster SRL and enhance learning 

experiences and outcomes, it is important that students’ SRL needs and differences are 

identified, and designs are grounded in learning science theory. Else, there is a risk of 

designing SFLA tools that will hamper the learning process rather than enhancing it. 

In literature, the need for an interdisciplinary approach to the design of LA is 

acknowledged. The design of LA must have a multi-disciplinary base of design 

drawing on fields such as human-computer interaction (HCI), learning sciences, 

information visualization, and computer graphics among others (Balacheff & Lund, 

2013; Chatti et al. 2012; Duval, 2011; Martinez- Maldonado et al. 2015; Siemens, 

2012). Literature indicates that the design of LA tools demands so many challenging 
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interdisciplinary processes separate from the other, and yet they must achieve one 

design goal (Martinez- Maldonado et al. 2015). Given the fact that learning is a 

complex process and LA is about learning, the need for systematic processes to guide 

the design of SFLA to foster student SRL and enhance learning experiences and 

outcomes cannot be underestimated. Stakeholders, more especially the designers and 

educators have no specific standardised human processes that should be followed 

when designing SFLA for supporting SRL. As interest in SFLA to foster SRL grows 

and higher education institutions continue to implement SFLA on a widespread scale, 

there is an urgent need for design guidelines that are student-centred and learning 

science theory-driven. Being an emerging field, Shirazi, (2015) asserts that there is a 

need for developing a body of knowledge to address the design, development, and 

implementation issues in LA systems in general. The work presented in this thesis is a 

response to this need. Accordingly, students SRL support needs grounded in learning 

science theory, and SFLA preferences and concerns were established. While 

undertaking different processes to achieve these, both general and specific guidelines 

for supporting the design of SFLA for supporting SRL were generated and summarized 

into a framework. These results and the framework will support the design of SFLA 

for supporting SRL that will enhance learning experiences, learning practices, and 

improve the learning process. 

1.3 RESEARCH AIM AND QUESTIONS 

The major aim of the study was to establish how student-facing learning 

analytics can be best designed to support self-regulated learning. Therefore, the central 

research question addressed in the study was: How can student-facing learning 

analytics be best designed to support self-regulated learning among students? This 

question was broken down into the following specific questions: 

Research questions (RQN) 

RQN 1. What are the students’ self-regulated learning support needs based on the self-

regulated learning theory? 

i. Do students self-regulate according to identifiable self-regulation profiles 

based on Zimmerman’s model of self-regulation? 

ii. What are the distinguishing features of the different self-regulation profiles? 

iii. What kind of self-regulated learning support is needed by learners from each 

of the identified SRL profile? 
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RQN 2. What are the students’ perceptions of student-facing learning analytics? 

i. What student-facing learning analytics features, and user data do students 

consider important? 

ii. What concerns (if any) do students have in relation to student-facing learning 

analytics features and user data tracked? 

iii. Are students ready to adopt student-facing learning analytics to support their 

self-regulated learning process? 

RQN 3. What student-facing learning analytics features are most appropriate to 

support students’ self-regulated learning? 

i. What are the profile-specific student-facing learning analytics feature 

preferences? 

ii. Is there a relationship between the students’ preferences for student-facing 

learning analytics features and the students’ specific self-regulated learning 

profile? If so, 

iii. Do the students’ preferences for student-facing learning analytics align with 

the kind of self-regulated learning support needed in their specific profiles? 

1.4 RESEARCH CONTRIBUTION 

Prior literature acknowledges the dearth of research targeting the design and 

development process of SFLA (Bodily & Verbert, 2016; Matcha, et al., 2019). The 

design process is largely flawed with many studies lacking rigor in their design 

methods. Students are rarely involved in the design and development process and 

SFLA tools are not grounded in learning science theory (Jivet et al., 2017; Matcha, et 

al., 2019; Roberts, et al., 2017). Hence, current SFLA for supporting student's self-

regulated learning are data-driven, techno-centric, and designed in a one-size-fits-all 

approach (Jivet et al., 2017; Matcha, et al., 2019; Roberts, et al., 2017). The present 

study makes some in-roads towards SFLA design and development that is more 

student-centred and grounded in learning theory by identifying students SRL support 

needs, identifying SFLA features needed to support students’ SRL, and proposing 

evidence-based guidelines to support the design of SFLA for supporting SRL. The 

specific contributions of this thesis are: 

i. A conceptual framework for the optimal design of SFLA for supporting SRL 

ii. Self-regulated learning profiles and their SRL support needs. 
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iii. The kinds of user data and SFLA features that students consider important in 

SFLA. 

iv. The research-based specific design guidelines with design cards that specify 

the SFLA features that will best support SRL in each of the SRL profiles and 

the generic SFLA features suitable for all profiles. 

v. A framework for designing SFLA for supporting SRL. 

1.5 DEFINITION OF KEY TERMS 

The most common popular terms are defined as follows: 

Online learning is “an open and distributed learning environment that uses 

pedagogical tools, enabled by the Internet and Web-based technologies, to facilitate 

learning and knowledge building through meaningful action and interaction” 

(Dabbagh & Bannan-Ritland, 2005, p. 15). 

Learning analytics is the collection, measurement, and reporting of data about 

students learning activities and their settings for purposes of understanding and 

improving learning (Siemens & Long, 2011). 

Learning analytics dashboards: is a tool that displays summarized data about 

students learning activities and their context into single or multiple visualisations 

(Schwendimann et al., 2016). 

Student-facing learning analytics are tools designed to automatically track 

students’ interaction data in online learning environments and report it directly to 

students in the form of text feedback, visualizations, dashboards, and/or 

recommendations (Bodily & Verbert, 2017). 

Self-regulated learning is a process where learners attempt to actively monitor 

and control their cognition, motivation, and behaviour aspects while guided and 

constrained by their goals and learning context (Pintrich, 2000). 

Learning science is an interdisciplinary field that supports the understanding of 

teaching and learning by focusing on the design and implementation of effective 

learning methodologies, innovations, and solutions (Nathan & Alibali, 2010). 
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1.6 THESIS OUTLINE 

Chapter 2 presents the theoretical framework that underpinned the study. In 

Chapter 3, the ideas presented in Chapter 1 are extended and the current state of 

student-facing learning analytics and design is discussed. This is followed by the 

exploratory study with learning analytics experts in Chapter 4. In Chapter 5, the 

methods employed to answer the research questions stated in Chapter 1 are discussed. 

Chapter 6 presents the students’ SRL profiles and their SRL support needs. This is 

followed by Chapter 7 were the students’ perspectives of student-facing learning 

analytics are discussed highlighting the concerns over the same. In Chapter 8, SFLA 

features that are most appropriate for supporting SRL for students in each of the 

profiles identified in Chapter 6 are presented. Chapter 9 summarises the main 

contributions of the study and conclusion. The study limitations and possible future 

works are also presented in the same Chapter. 
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Chapter 2: Theoretical frameworks 

2.1 INTRODUCTION  

The purpose of this chapter is to present the theoretical frameworks that 

underpinned the study. Theories and related work are discussed to provide the 

theoretical background for interpreting the results but also in grounding the work 

presented in this thesis.  These include self-regulated learning, user-centred design, 

technology acceptance model and technology readiness. 

 This chapter is structured as follows: Section 2.2 discusses the existing self-

regulated learning models with the intent of choosing the most appropriate to ground 

the study.  In section 2.3, an overview of user-centred design is given while 2.4 

presents the technology acceptance and technology readiness frameworks. Finally, 

section 2.5 summarizes the chapter.  

2.2 SELF-REGULATED LEARNING 

In this section, SRL is defined, then the existing self-regulated learning models 

are discussed with the intent of choosing the most appropriate to ground the study. The 

SRL strategies and methods for assessing SRL are discussed as well. An overview of 

the current state of SRL in online learning environment is presented and an overview 

of SRL and academic performance is also given. 

2.2.1 What is self-regulated learning? 

There are many definitions for self-regulated learning (SRL), which may differ 

in contexts (Boekaerts, Pintrich, & Zeidner, 2000; Zimmerman & Schunk, 2001). In 

simple terms, self-regulated learning is a process through which students manage and 

control their learning using different but specific strategies. Kitsantas (2002) states that 

self-regulation is composed of cognition, metacognition, motivation, affects, and 

volition aspects. Zimmerman (2002) describes a self-regulated learner as one who is 

able to meta-cognitively, motivationally, and behaviourally participate in their own 

learning process. The self-regulation process is an interplay among personal 

characteristics, contextual features, and actual performance in the learning process 

(Zimmerman & Schunk, 2001). The term self-regulation means regulating one’s 
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thinking and actions in order to achieve a given goal (Zimmerman & Schunk, 2011). 

Self-regulated learning involves the use of metacognitive, motivational, and 

behavioral processes to achieve both learning and performance goals (Zimmerman, 

2011). 

Pintrich (2000) defines  self-regulation as “an active, constructive process 

whereby learners set goals for their learning and then attempt to monitor, regulate, 

and control their cognition, motivation, and behavior, guided and constrained by their 

goals and the contextual features of the environment” (p. 453). Zimmerman (1999) 

defines SRL as “self-generated thought, feelings, and actions that are planned and 

cyclically adopted to the attainment of personal goals” (p. 14). According to 

Zimmerman and Schunk, (2011), SRL is a process whereby learners initiate 

metacognitive, cognitive, affective, motivational, and behavioural processes by taking 

action so as to achieve their learning goals.   

Despite the varying definitions, most scholars agree that SRL is a process, and 

that it begins with some form of planning including goal setting, then proceeds to 

actual performance and ends with evaluation or assessment (Puustinen & Pulkkinen, 

2001). According to Zimmerman (1990), there are three common features inherent in 

SRL definitions and these are: (1) systematic use of metacognitive, motivational, 

and/or behavioral strategies; (2) a cyclic feedback loop whereby students monitor the 

effectiveness of their learning methods or strategies and react to this feedback; and (3) 

an indication of how and why students choose to use a particular strategy or response. 

Feedback is critical to SRL and according to Butler and Winne, (1995), learners 

receive external feedback and assess it based on the specified standards but also 

generate their own internal feedback.  It is argued that SRL ability is not a trait but a 

skill that can be developed through training and continuous practice (Zimmerman, 

2015; Pintrich, 2000). According to Zimmerman (1986), all learners are self-

regulators, but the degree at which they self-regulate differs. Self-regulation varies 

across different context and is not a constant (Zimmerman, 2001). None the less, 

different scholars conceptualize SRL differently as discussed in the next section. 

2.2.2 Self-regulation learning models 

There are various models of SRL proposed by various educational psychologists. 

The models aid in understanding the different SRL dimensions, processes, and 

relationships. These models highlight and represent the inter-relationships between the 
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Forethought phase 

 

This phase involves students analysing a given task, setting goals and developing 

strategies to accomplish the goals. As students plan their goal achievement, their effort 

is enhanced by motivational beliefs such as self-efficacy, outcome expectations, 

intrinsic interest/value, and learning goal orientation. Self-efficacy is the belief and 

confidence in performing a given task (Zimmerman & Moylan, 2009). This implies 

that a student with high self-efficacy will be motivated to perform their learning 

activities even when things are hard and vice versa. On the other hand, a student with 

low self-efficacy may lose interest in undertaking any learning activity because they 

believe in failure. Outcome expectations is the degree to which a student believes that 

they will succeed in performing a given learning task (Zimmerman, 1990). Outcome 

expectations are based on external factors that may be above student control unlike 

self-efficacy which is internal to the student. Task value is the extent to which a student 

believes that a given task is useful and integral to achieving their learning goals 

(Zimmerman, 1990). If a student perceives that a given task is of value to achieving 

their learning goals, then they will certainly be motivated to perform and vice versa. 

Goal orientation is the purpose for student engagement in learning (Zimmerman & 

Moylan, 2009). Students may have different goals at any time for instance acquiring 

mastery, and performance goals such as performing better than their peers. 

Zimmerman (1990), conceptualizes SRL as process which is cyclical in nature and 

involves three phases which include: forethought phase, performance phase, and self-

reflection phase. The forethought phase involves learners preparing for the learning 

process (Panadero, 2017). For example, learners analyse a task, set goals and identify 

strategies to achieve the goals. The forethought phase entails self-motivation beliefs 

such as self-efficacy, outcome expectations, task value/interest, and goal expectations 

(Zimmerman & Campillo, 2003).  

Performance phase 

 

This phase involves students executing a given task and monitoring how well or 

poorly they are performing as regards to their intended goal orientations. At the 

performance phase, students employ both self-observation and self-control strategies. 

The self-observation strategies may include metacognitive monitoring and self-

recording. Metacognitive monitoring involves a student comparing their performance 

with defined external criteria (Zimmerman & Campillo, 2003). This helps a student in 
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establishing whether their learning activities are meeting the stipulated standards. Self-

recording involves capturing the learning activities for further analysis and reflection 

(Zimmerman & Moylan, 2009). For instance, keeping a learning diary or entries to an 

online journal of learning.  In addition to the self-observation strategies, the students 

also utilize self-control strategies to remain motivated and focused. These include task 

strategies, self-instruction, imagery, time management, environmental structuring, 

help-seeking, interest incentives, and self-consequences. Task strategies are specific 

plans and activities undertaken to accomplish the study task at hand (Zimmerman & 

Campillo, 2003). Self-instruction involves students directing themselves to perform 

learning activities such as asking oneself questions (Zimmerman & Campillo, 2003). 

Imagery is about students using mental images to organise information during the 

learning process. 

Time management is about learners planning, scheduling and managing their 

study time. It involves students setting aside time to study and effectively using the 

time to study (Zimmerman & Moylan, 2009). Environmental structuring involves 

organizing the environment to avoid distractions and organizing all the required 

learning materials. Help seeking involves identifying the need for help and where to 

get help for instance from peers or teachers (Zimmerman, 1990). Students with high 

SRL skills know when they need assistance and look for it. Incentives involve a student 

encouraging themselves through self-directed messages and verbalizations 

(Zimmerman & Moylan, 2009). Self-consequences are rewards that a student sets for 

themselves for purposes of motivation. The performance phase involves self-control 

and self-observation (Zimmerman, 1990). It is this stage that learners undertake the 

actual learning activities. In this phase, learners employ the strategies identified in the 

forethought phase, monitor and control learning activities. Basing on the observed 

performance, learners may make social and personal comparisons based on a given 

standard. Since the actual learning takes place at this phase, learners employ various 

strategies such as time management, self-instruction, self-recoding, environment 

structuring, task strategies, help seeking, imagery, and self-monitoring (Zimmerman 

& Campillo, 2003).  
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Self-reflection phase 

This phase involves self-judgement and self-reflection. Students reflect on their 

performance and progress towards goal attainment. Students evaluate how well or 

poorly the learning tasks have been performed, attributing their success and failure to 

different actions. This generates both positive and negative emotions that may impact 

future task performance and inform future decisions about learning. Self-judgement 

involves both self-evaluation and causal attribution. Self-evaluation is where a student 

assesses their own performance based on learning goals and specified criteria 

(Panadero, 2017). Causal attribution involves students justifying their own success 

and failure. For instance, success may be attributed to effort, luck, and support from 

others while failure may be attributed to laziness among others. Self-reaction relates 

to how students react to their own self-judgements (Zimmerman, 1990). Through self-

reflection, a student may express satisfaction or make adaptive/defensive decisions. 

Adaptive decisions mean that a student is willing to change and perform the task again 

(Zimmerman & Moylan, 2009). Whereas a defensive decision may mean that a student 

has lost interest and will possibly avoid performing the same task in future. The self-

reflection phase entails learners evaluating their performance or learning outcomes 

based on their personal goals or established evaluation criteria (Panadero, 2017). It is 

important to note that feedback is very important at this phase because the learner 

needs this information to assess their performance.  At this stage, learners can identify 

their strengths and weaknesses. According to Zimmerman and Campillo (2003) 

learners make self-reflection of their performance and take adaptive or defensive 

reactions. In other words, learners may react positively or negatively based on whether 

they succeeded or not. For example, a defensive reaction may result into a learner 

dropping out of a course while an adaptive reaction may involve a learner adjusting 

their current learning strategies or devise new strategies for goal achievement (Artino 

& Stephens, 2009).  

Pintrich’s conceptual framework and model for SRL 

Pintrich’s model builds upon the work of Zimmerman’s Social Cognitive SRL 

model (Zimmerman, 1986; 2000).  Pintrich (2000; 2004) proposed a generic and 

comprehensive framework for assessing SRL by detailing all the possible processes 

and areas of regulation. Pintrich’s SRL framework emphasizes the role of motivation 

and actually was the first to study the relationship between SRL and motivation both 
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empirically and theoretically (Pintrich, 2000; Pintrich & De Groot, 1990). Pintrich’s 

model is composed of four phases including (1) Forethought, planning and activation; 

(2) Monitoring; (3) Control; and (4) Reaction and reflection as presented in Figure 2.2.

Figure 2-2. Pintrich’s SRL model. From “A review of self-regulated learning: 

six models and four directions for research” by Panadero, 2017, Frontiers in 

psychology, 8(422), p. 14. https://doi.10.3389/fpsyq.2017.00422. Copyright 2017 by 

Frontiers Media S.A. 

The self-regulation phases in Pintrich’s model are like those in Zimmerman’s 

model only that Pintrich divides the performance phase into monitoring and control. 

Pintrich (2000) forwards four areas of regulation present in each phase and these 

include cognition, motivation/affect, behavior and context. According to Pintrich, 

(2000) regulation of cognition is about making self-judgements about learning while 

regulation of motivation and affect involves students managing their own self-drive 

and both positive and negative feelings about their learning process. Regulation of 

behaviour is about controlling one’s actions during the learning process and regulation 

of context involves monitoring and controlling the learning context (Pintrich, 2000). 

Context or the learning environment is very important in Pintrich’s model and it 

emphasized that regulation should be constrained in an academic setting for instance 

an online learning environment. 

Image removed
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Pintrich also developed the MSLQ (Pintrich et al., 1993) and it is the most widely 

instrument for measuring SRL (Roth et al., 2016; Moos & Ringdal, 2012). The MSLQ 

is made up of 15 scales with two sections of which one measures motivation with 31 

items and learning strategies with 50 items. Details of the MSLQ are discussed later 

in section 2.2.6 while looking at measuring SRL. 

Winne and Hadwin’s Model of SRL 

Winne and Hadwin’s Model (Winne & Hadwin, 1998) of SRL emphasize the 

role of feedback in the SRL cycle as illustrated in Figure 2.3. Feedback received after 

taking a quiz or essay is very critical in the learning process. But most often in a 

traditional learning environment, this feedback comes late and may not influence task 

performance and outcome. Thus, Butler and Winne (1995) put emphasis on external 

feedback during learning to support internal monitoring and control during the learning 

process. Butler and Winne (1995) SRL model is made up the following phases: Task 

definition entails a student creating an understanding of the learning task to be 

performed. Goal setting and planning involves generating a set of learning goals and 

proposing strategies to achieve the goals. Enacting study tactics and strategies 

entails acting and undertaking the learning activities required to achieve the goals. 

Metacognitive adapting studying refers to making changes to one’s beliefs, 

motivations and strategies for future performance. Once a student detects some 

mistakes after evaluating their performance, they tend to adjust certain learning 

behaviours. 

According to Winne and Hadwin’s SRL model (Winne & Hadwin, 1998), there 

are five different facets inherent in the four phases mentioned above. These include 

conditions, operations, products, evaluations, and standards and are defined by Greene 

and Azevedo (2007) and Winne and Hadwin (1998) as follows: Conditions are the 

resources available to a student or the constraints present in the learning environment. 

For instance, time, context, and financial resources. 



22 

Figure 2-3. Current version of Winne’s SRL model. From “A review of self-regulated 

learning: six models and four directions for research,” by Panadero, 2017, Frontiers 

in psychology, 8(422), p. 12. https://doi.10.3389/fpsyq.2017.00422. Copyright (2017) 

by Frontiers Media S.A. 

Operations refer to cognitive processes, tactics, and strategies undertaken to 

achieve the planned goals. According to Winne (2001), these may include searching, 

monitoring, assembling, rehearsing and translating. Products are the outputs from the 

actions or operations undertaken. For example, the new knowledge. Standards are the 

criteria against which products are assessed for assessment criteria. Evaluations refer 

to the feedback that is returned to the student as a result of the assessments between 

the products and the standards. Learners should be provided with feedback after 

evaluation since it aids in understanding their own performance and developing 

strategies for improvement (Winne & Hadwin, 1998). Providing immediate and 

constant feedback also motivates students and enhances SRL.  

Image removed
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Dual processing self-regulation model 

Boekaerts (2011)’s model focuses on understanding the different goals that 

students activate in relation to SRL and the role of both positive and negative emotions 

in SRL. In the Dual processing model, a student makes appraisals to decide which goal 

pathway to take. The goals are referred to as “knowledge structures” that shape a 

student’s behaviour. For instance, if a student detects that performing a given task will 

threaten their well-being, negative emotions and cognitions will be triggered. This will 

influence the student to take the well-being pathway as illustrated in Figure 2.4. On 

the other hand, if a student perceives a task to be in line with their planned goals and 

needs, positive emotions and cognitions will be triggered thus moving to the 

mastery/growth pathway as shown in Figure 2.4.  

Figure 2-4. Dual processing self-regulation model. From “A review of self-regulated 

learning: six models and four directions for research,” by Panadero, 2017, Frontiers 

in psychology, 8(422), p. 9. https://doi.10.3389/fpsyq.2017.00422. Copyright 2017 

by Frontiers Media S.A. 

According to Boekaerts (2011), there are three different purposes for self-

regulation and these include “expanding knowledge and skills, preventing threat to the 

self and loss of resources so that one’s well-being is kept within reasonable bounds, 

and protecting one’s commitments by using activities that re-route attention from the 

well-being pathway to the mastery pathway” (p. 410–411).  

Image removed
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These purposes are illustrated by three pathways as follows: the first pathway is 

“top-down” approach in which a student pursues task goals while being driven by 

values, needs and personal goals (mastery/growth pathway). The second pathway is 

“bottom-up” in which a student detects a mismatch between the task goals and 

personal goals. The student takes a well-being pathway to protect herself from being 

hurt. This third pathway is when a student tries to re-direct their efforts from well-

being to mastery/growth pathway. The change might be influenced by both internal 

(personal) and external forces (peers or teachers). 

Therefore, emotions are a critical element in Boekaerts’ Dual processing model 

because they determine which actions a student undertakes in their learning process. 

Negative emotions result into negative actions and on the other hand, positive 

emotions activate positive actions. 

Metacognitive and Affective Model of Self-Regulated Learning (MASRL) 

Efklides’ (2011) model of SRL is grounded in classic socio-cognitive theory 

(Bandura, 1986) and highlights the relationship between motivation and emotion and 

their link with metacognition. According to Efklides’ (2011), there was a missing link 

between metacognition and SRL that required exploration. Efklides’ (2011) states that 

the MASRL has two levels including the Person level (macro-level) and the Task- 

Person level (micro-level).  

The Personal level is the traditional view of SRL which focuses on the student’s 

personal traits. According to Efklides (2011), “the Person level represents a 

generalized level of SRL functioning. It is operative when one views a task resorting 

mainly on memory knowledge, skills, motivational and metacognitive beliefs, and 

affect” (p. 10). Thus, the personal level is composed of “cognition, motivation, self-

concept, affect, volition, metacognition in the form of metacognitive knowledge, and 

metacognition in the form of metacognitive skills” (Panadero, 2017, p.15). The 

personal level is a top-down approach that revolves around the student task goals and 

all accomplishments are guided by the students’ cognition.  

Task-personal level (micro-level) is where the task characteristics and the 

student’s characteristics interact. It is a bottom-up approach since metacognition takes 

over the student’s actions by focusing on the accomplishing specific tasks. The 

metacognitive resources available and the performance feedback influence the 
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students’ motivation and emotions. There are four basic functions at the task-personal 

level, and these are cognition, metacognition, affect, and regulation of affect and effort 

as shown in Figure 2.5. 

In summary, the MASRL model illustrates the interactions among 

metacognition, motivation, and affect through a link of the micro and macro levels 

(Panadero, 2017). The model is a good illustration of how students direct all their 

cognitive resources to executing a given task. 

Figure 2-5. Metacognitive and affective Model of Self-Regulated Learning model 

(MASRL). From “Interactions of metacognition with motivation and affect in self-

regulated learning: The MASRL model,” by Efklides, 2011. Educational psychologist, 

46(1), p.6-25. https://doi: 10.1080/00461520.2011.538645. Copyright by Taylor & 

Francis Online. 

Shared Self-Regulated learning model (SSRL) (Hadwin, Järvelä, & Miller, 

2011) 

The SSRL model explores SRL in collaborative learning contexts. In a 

computer-supported collaborative learning environment, collaboration is a challenge 

that calls for collective cognitive, motivational, and social effort for all the learners 

(Järvelä, Järvenoja, Malmberg, & Hadwin, 2013). This is not an easy task as different 

students might be at different levels of SRL, yet they must share the responsibility for 

establishing the goals, and strategies for executing a given task. This is referred to as 

shared self-regulated learning (Järvelä et al., 2013). Hadwin, Järvelä, and Miller, 

Image removed
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(2011) conceptualized three models of regulation inherent in a collaborative learning 

environment and these are self-regulation (SRL), co-regulation (CoRL), and shared 

regulation (SSRL) as shown in Figure 2.6 below. 

Figure 2-6. Socially shared regulated learning model. Adapted from “Self-regulated, 

co-regulated, and socially shared regulation of learning,”: Handbook of self-

regulation of learning and performance, p.65-84 by Hadwin, Järvelä, & Miller, 

2011, New York, NY: Routledge. 

The SRL in collaboration are the personal actions taken (cognitive, 

metacognitive, motivational, emotional, and behavioral) by the student to associate 

with members in the learning group. The CoRL in collaboration is defined as the 

“affordances and constraints stimulating the (student’s) appropriation of strategic 

planning, enactment, reflection, and adaptation (occurring when in interaction with 

other students or group members)” (Hadwin, Järvelä & Miller, 2018, p. 5). This 

implies that one group member influences the SRL activities (Panadero, 2017). The 

SSRL in collaboration, occurs when “deliberate, strategic and transactive planning, 

task enactment, reflection and adaptation” are taken within a group (Hadwin et al., 

2018, p. 5) thus every group member performs some action. There is no specific 

instrument developed for SSRL model, but some studies have been conducted using 

self-reported data and automated generated data by applying eye-tracking tools 

(Panadero, 2017). Eye tracking is the use of video-based sensors to detect where a 

person is looking on a screen or item (van Gog & Jarodzka, 2013). 

Image removed
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(Hadwin et 

al., 2011) 

2.2.3 Adopted self-regulated learning models 

After a review of the available SRL models, the SRL cyclic model by 

Zimmerman cyclical model of SRL and Pintrich’s SRL model were selected to 

underpin the study because of the following reasons: 

Zimmerman’s (Zimmerman & Moylan, 2009) and Pintrich’s (Pintrich, 2000; 

2004) models are the most widely used and cited SRL models in SRL literature 

according to a review by Panadero (2017). This is attributed to the fact that these 

models are comprehensive enough with specific phases and sub-processes thus easy 

to apply in a learning environment with less technical requirements. Zimmerman and 

Pintrich’s models conceptualize SRL as a cycle composed of different process that 

should be undertaken by the students. The models clearly state the SRL strategies that 

learners may employ at any time in their learning process. The models have distinct 

phases with sub-processes that are graphically represented making them easy to 

understand and apply. In the same way, learning is a process which involves 

performing different activities at every stage to accomplish learning goals. 

Zimmerman’s cyclic model of SRL is a person-centred model which focuses on 

the students’ personal SRL characteristics. The phases are properly partitioned into 

sub-processes with clear activities to be undertaken at every stage. On the other hand, 

Panadero, (2017) asserts that Zimmerman’s model makes a provision for fostering 

SRL through the implementation of various interventions since because it easier to 

assess the impact. The present study intended to support SRL using SFLA as an 

intervention thus Zimmerman’s cyclical model was deemed the most appropriate. 

Pintrich’s model has an empirically tested instrument that measures the different 

SRL strategies called the Motivation for Self-regulation Learning Question (MSLQ). 

The MSLQ is comprehensive enough, validated and the most popular instrument used 

for measuring SRL (Roth et al., 2016). The majority of the other SRL questionnaires 

have been developed based on the MSLQ. The MSLQ was utilized in this study and is 

discussed in section 2.6. 
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2.2.4 Self-regulated learning strategies 

Students self-regulate their learning through processes using specific SRL 

strategies (Perry & Rahim, 2011; Zimmerman, 1990; Wandler & Imbriale, 2017). It is 

through the SRL strategies that students are able to plan, control and manage their 

learning. As earlier noted, Pintrich’s SRL model remains the most popular when it 

comes to understanding SRL strategies that learners apply in performing the various 

SRL processes. Pintrich (2000) forwards three categories of SRL strategies that 

learners can activate at one time to regulate their learning. These are cognitive, 

metacognitive, and resource management strategies. Cognitive strategies are utilized 

in acquiring, storing, and retrieving information. For example, rehearsal, critical 

thinking, organization, and elaboration. Metacognitive strategies are utilized in 

planning, monitoring, and regulating the learning process to accomplish a learning 

goal. For example, goal setting, strategic planning, self-monitoring, and self-

evaluation. Resource management strategies are utilized to manage the learning 

environment and external resources. For example, time management, help seeking, 

effort regulation, and organizing one's study environment. According to Pintrich 

(2000), all the above SRL skills can be trained. The most common SRL strategies in 

online learning literature are defined as follows: 

Goal setting is the ability of a student to set learning and performance goals and 

devising strategies to achieve the set goals. The goals set act as the yardstick for 

evaluating the rest of the learning activities and if they are not being achieved, learners 

may update goals or come up with new strategies for goal achievement. The set goals 

drive the learners’ efforts and persistence towards goal achievement (Zimmerman, 

2002; Schunk, 2005).   

Strategic planning involves specifying a set of actions to be undertaken to 

accomplish the learning goals. It is about sequencing, timing, and completing activities 

that lead to goal achievement (Zimmerman & Pons, 1986). Goal orientation: This 

refers the degree to which a student perceives herself/himself to be participating in a 

task for reasons such as grades, rewards, performance, evaluation by others, and 

competition. Judgments about one's ability to accomplish a task as well as one's 

confidence in one's skills to perform that task.   
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Environment Structuring is one’s ability to identify and organize the resources 

required to accomplish the learning tasks. For instance, finding a conducive place to 

study, and learning materials. Although some instruction models such as online 

learning do not involve physical meetings between the learner and teacher, the onus of 

finding a suitable place for learning is on the student. For example, watching a lecture 

video during a lunch hour break or while waiting at a bus station. It is very important 

that students structure their environment before undertaking any learning activities 

(Lynch & Dembo, 2004). Environment structuring helps learners avoid distractions 

during the learning process.  

Task Strategy is a process of devising strategies to accomplish learning tasks. A 

self-regulated learner develops approaches for task performance to ensure completion 

on time (Effeney, Carroll, & Bahr, 2013). For example, self-recording, self-instruction, 

and note taking. Learners should be able to perform the required tasks. Task strategies 

enable learners to achieve the stated learning goals and objectives effectively and 

efficiently.  

Time Management involves “scheduling, planning, and managing one’s study 

time” (Chen, 2002, p. 14). It is one’s ability to plan study time and learning tasks 

(Effeney, Carroll, & Bahr, 2013). For instance, a student may schedule daily reading 

tasks. Online learners have the autonomy to choose when to study, where to study, and 

what to study. This requires learners to schedule their learning at appropriate intervals 

and submit their assignments on time. Learners without proper time management skills 

keep procrastinating and, in the end, to fail to meet deadlines hence not achieving their 

learning and performance goals. Time management involves scheduling, planning, and 

managing one's study time.  

Help Seeking is one’s ability to seek help internally or externally when 

encountered with a challenging learning task. Self-regulated learners consult others 

when encountered with a different learning task such as peers, instructors, or any 

digital resource (Pintrich, 1999; Richardson et al., 2012). Self-regulated learners not 

only seek support but also support others. For example, when a student posts a question 

on a course site seeking for more information about a learning task, another learner 

may respond.  

Self-evaluation is one’s ability to monitor the learning process while aligning 

their performance to the stated learning goals (Schunk, 2005). It is the process of 
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judging one’s own performance based on a given set of standards or criteria (Boud, 

1995). Through self-evaluation, learners can identify their strength and weaknesses. 

Once a learner is aware of their weaknesses, they can devise new strategies or adjust 

current strategies for improvement.  

Self-efficacy is the degree to which the learner believes that they have the skills 

and knowledge to accomplish a given learning task. It is one’s judgement of their 

ability to undertake and complete their learning process.  

Peer learning is the ability of a learner to collaborate or work with others during 

the learning process (Effeney et al., 2013). For instance, learners may come together 

to work out challenging learning tasks.  

Organization is the ability to use the available resources in generating the most 

useful information from the learning materials. Self-regulated learners organise their 

study time, learning materials, and sequence learning tasks to be achieved within a 

stipulated time. Self-regulated learners may summarize the most important points from 

the learning materials using charts, graphs and tables (Effeney et al., 2013).  

Effort regulation is one’s ability to persist even when academic tasks are 

challenging (Richardson et al., 2012). It reflects a commitment to completing one's 

study goals, even when there are difficulties or distractions. A learner who regulates 

their efforts will rarely give-up even when the learning materials are hard and 

uninteresting.   

Metacognitive self-Regulation is one’s awareness and ability to control their 

mental thoughts (Flavell, 1979). For instance, when a learner is reading learning 

materials, they keep questioning and self-testing their understanding of the material 

while relating it to prior knowledge. Through metacognition, learners remain attentive 

and can control their own thoughts.   

Rehearsal is the ability to repeat learning materials to gain understanding 

(Effeney et al., 2013). For instance, reciting items in study materials.  

Elaboration is the ability to relate and combine new knowledge with prior 

knowledge and generating meaning out of the learning materials (Niemi et al., 2003). 

It is through elaboration that learners adapt the study materials to what they already 

know hence making them meaningful, useful, and memorable (Richardson et al., 2012; 

Weinstein, Acee, & Jung, 2011). 



32 

2.2.5 SRL in online learning environments 

For decades, self-regulation has been acknowledged as a critical skill in 

academic achievement irrespective of the instructional model including face-to-face, 

blended and online learning (Antino, 2007; Joo, Bong, & Choi, 2000; Zimmerman, 

1986; 1998; 1999). When it comes to online learning, the need is even more 

pronounced given the autonomy in making the various decisions about the learning 

process. For instance, a student must independently decide when to learn, what to 

learn, what time to learn, and where to learn, and at what pace to learn among others. 

All these are complex aspects of the learning process and without good SRL skills, a 

student may give-up. The autonomous nature of online learning implies that students 

take responsibility for their own learning, thus there appears little need to debate about 

the value of self-regulation in online learning. To take responsibility in a learning 

environment means that students develop high SRL skills for academic success 

(Littlejohn et al. 2016). Online learning requires that students take an active role in the 

learning process because there is minimal support and guidance. A student must define 

their performance and learning goals, set strategies for goal achievement and 

continuously monitor their performance or learning outcomes (Littlejohn et al., 2016; 

Zimmerman, 1986). This results into greater engagement, motivation and 

responsiveness. On the other hand, the situation might be different in a face-to-face 

learning environment where the teacher is always available to scaffold the learning 

process. Nonetheless, SRL remains important in a learning process irrespective of the 

instructional model. 

Despite the critical role of SRL in the learning process, most learners lack self-

regulated skills. Prior studies reveal that most of the students struggle to self-regulate 

their learning process in online learning environments (Aber & Loken, 2010; 

Littlejohn et al., 2016; Heikkila et al., 2012; Lajoie & Azevedo, 2006). Heikkilä et al. 

(2012) investigated students’ cognitive and motivational profiles as regards to their 

approaches to learning, SRL, and use of cognitive strategies.  The latent class analysis 

revealed three profiles including self-directed students, non-reflective students, and 

non-regulating students. However, the non-regulating cluster was the largest with 

50%. Thus, an implication that majority of the students are poor at regulating their 

learning process. Aber and Loken (2010) also examined SRL profiles in SRL among 

high school students. The results revealed three distinct profiles of self-regulated 
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learning including high, low and average self-regulated learning. The “high” profile 

had the smallest number of students (15%) as compared to the rest of the profiles. 

2.2.6 Assessing/measuring self-regulated learning 

According to Winnie and Perry (2000), there are two ways of measuring self-

regulation. These are aptitude measures and event measures. Aptitude measures 

assume that the ability of a student to self-regulate is a relatively stable trait. Event 

measures consider student ‘ability to self-regulate as a dynamic thus changes 

depending on the prevailing circumstances such as study context, learning activity 

among others. Aptitude measures illustrate how students apply SRL strategies in a 

general way while event measures try to quantify students’ self-regulation during 

specific learning activities.  

Aptitude measures involve the use of self-reported instruments that require 

students to answer retrospectively. According to Roth, Ogrin and Schmitz (2016), self-

report instruments tend to examine students use of specific cognitive, metacognitive 

and motivational strategies. Self-report scales are stated in terms of declarations such 

as “I set standards for my assignments in online courses” (Barnard et al., 2008) or “I 

ask myself a lot of questions about the course material when studying for an online 

course” (Barnard et al., 2008). The students are always required to rate the extent to 

which the statements reflect their true behaviour using Likert scales. For instance, the 

Motivated Strategies for Learning Questionnaire (MSLQ; Pintrich et al., 1991) uses a 

seven-point Likert scale form 1=Not all true for me to 7=All true for me. There are 

several self-report instruments but a review of self-report instruments by Roth et al., 

(2016) revealed the following as the most often used instruments: Motivated Strategies 

for Learning Questionnaire (MSLQ) (Pintrich et al., 1991), Learning and Study 

Strategies Inventory (LASSI) (Weinstein & Palmer 2002), Inventory of Learning 

Styles (ILS) (Vermunt, 1998), Academic Self-Regulated Learning Scale (A-SRL-S) 

(Magno, 2009), Online Self-Regulated Learning Questionnaire (OSLQ), (Barnard et 

al., 2008), Self-Efficacy for Learning Form (SELF) (Zimmerman & Kitsantas, 2007), 

Self-Efficacy for Self-Regulated Learning Scale (SESRL) (Gredler & Schwartz, 1997; 

Garavalia & Gredler 2002), Self-Regulated Learning Interview Schedule (SRLIS) 

Zimmerman & Martinez-Pons, 1986). Some of these self-report instruments are 

discussed in detail below.  
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MSLQ (Pintrich et al., 1991) is designed to measure the motivational 

orientations of students and how they use the different learning strategies. The 

subscales for MSLQ include learning strategies (cognitive, metacognitive, resource 

management) and motivation (valuing, expectancy, affect). The MSLQ is used to 

assess students’ learning strategies and motivation in a specific class or course and the 

scales are designed in modules. Thus, the modules can be used together or individually. 

The MSLQ is the most used self-report instrument for measuring SRL (Roth et al., 

2016). OSLQ by Barnard et al. (2008) is designed to measure SRL strategies 

specifically in online learning environments.  Its sub-scales include environment 

structuring, goal setting, time management, help seeking, task strategies and self-

evaluation. LASSI (Weinstein & Palmer, 2002) is designed to assess students’ 

awareness about and use of study strategies in the learning process. LASSI measures 

SRL strategies in general associated with will, skill, and self-regulation. Its sub scales 

are skill (concentration, selecting main ideas and information processing), will 

(motivation, attitude and anxiety), and self-regulation (time management, study aids, 

self-testing and test strategies). According to Weinstein and Palmer (2002), LASSI 

scales focus on covert and overt thoughts, attitudes, motivation and beliefs. ILS is 

designed to assess students’ general learning strategies, orientations and mental 

models of learning. It is designed based on component-oriented approach thus does 

not consider the actual SRL process (Roth et al., 2016). A-SRL-S is designed to assess 

general SRL strategies based on the work of Zimmerman and Martinez-Pons’ work 

(1986; 1988). A-SRL-S is based on a component-oriented process and uses 

quantitative offline standards (Roth et al., 2016). SELF (Zimmerman & Kitsantas, 

2007) is designed to measure learners perceived self-efficacy as regards to how 

specific learning strategies are implemented as individual components.  The aim of 

SELF is to measure the extent to which students are confident about coping up with 

difficult learning situations (Roth et al., 2016) thus not course specific. The SESRL is 

designed to assess students’ self-efficacy beliefs about general SRL strategies and the 

use of specific SRL strategies. SESRL is based on a conceptual framework of 13 SRL 

categories derived by Zimmerman and Martinez-Pons (1986). SRLIS is an interview 

schedule designed to assess students’ SRL strategy use in both classroom and non-

classroom settings (Roth et al., 2016). The interview schedule contains a description 

of eight scholastic tasks and students are required to describe their learning activities 

in detail (Roth et al., 2016).  The SRLIS is open ended and the role of the student is to 
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rate the frequency of each of the listed strategies which are the categorized based on 

SRL strategies (Zimmerman and Martinez-Pons, 1986). The SRLIS is advantageous 

over the other self-reports because they give the student the opportunity to respond to 

many strategies even the ones not mentioned. Very few respondents might be willing 

to be interviewed because there is no anonymity and the time constraints.  

Event measures involve assessing self-regulation in real learning environments. 

The commonly used methods include direct observation, think-aloud protocols, 

microanalysis, structured diaries and trace methods (Winne & Perry, 2000). These are 

discussed in detail below. 

Direct observation involves the researcher observing students in an academic 

environment such as the classroom while making some notes about self-regulation 

occurrences (Perry et al., 2002). The results are immediate with no likely bias from the 

subject being observed. However, direct observation may be labour intensive when 

many participants are involved. Traces involve analysing blueprints of learning 

activities that student leave in a learning environment. Trace measures don’t interfere 

with the learning process and are free from reporting bias (Auvinen, 2016). Think-

aloud protocols is a more detailed way of assessing SRL strategies use during actual 

learning (Azevedo et al., 2005). The student is required to explain their thoughts and 

actions while undertaking their learning activities. The researcher then codes the 

transcripts to categorize the SRL strategies used (Azevedo et al., 2004).  Think-aloud 

protocols measure SRL is a very specific context with specific learning activities (Roth 

et al., 2016). According to Boekaerts and Corno (2005), think-aloud protocol makes 

learning activities visible because students’ thoughts and actions are recorded as they 

occur. On the other hand, it is assumed that participants may be overburdened and fail 

to explain their behaviour and actions due to high cognitive load (Branch, 2000). 

Learning diaries are used to measure SRL strategies in a specified period for instance 

daily or weekly (Schmitz et al., 2011). Learning diaries may be structured or 

unstructured (Lopez et al., 2013). Learning diaries also referred to as journals may be 

used for both assessment and monitoring the learning process. Diaries are 

advantageous because they may not require the researcher to be present and data is 

collected from a specific learning activity. Boekaerts and Corno (2005) also argue that 

students might be more transparent in expressing their thoughts and actions in diaries 

than any other available assessment methods. 
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 In conclusion, both aptitude and event measures can aid in understanding SRL 

although they may be appropriate in different study contexts. For example, aptitude 

measures or self-reports are suitable for studies involving a large sample since they’re 

cost effective. In addition, aptitude measures such as self-reports may be simple to 

conduct and requiring less time to be completed. On the other hand, students might not 

be accurate in assessing their SRL strategies thus some may over rate or under rate 

themselves (Winne & Perry, 2000). This may bias the results leading to false 

interpretations and poor conclusions. According to Dinsmore et al. (2008), it may not 

be clear the context that students had mind while self-reporting their SRL strategies. 

Thus, questioning the authenticity of the results is necessary. Despite this, Dinsmore 

et al. (2008) reported that self-reports are the most used instruments in measuring SRL. 

This may be attributed to the fact that SRL skills are personal and so best explained by 

the individual. On the other hand, event measures may be more time consuming 

although the results may be more objective. Event measures such as think aloud 

protocols interfere with the learning process (Greene & Azevedo, 2009) thus may 

influence and inconvenience learners. In addition, they don’t consider SRL activities 

that may be undertaken outside the learning activity. A review of literature on self-

report instruments revealed that no single existing instrument is comprehensive and 

good enough to measure all aspects SRL (Cascallar et al., 2006; Jansen et al., 2017) 

For instance, the MSLQ that has become a difacto instrument for measuring SRL is 

poor at measuring the self-evaluation and reflection which is the last phase of SRL 

based on Zimmerman’s cyclic SRL model. Nonetheless, the use of a given method 

largely depends on the goal of the research, study context, financial aspect, nature of 

assessment, and nature of the problem among others (Boekaerts & Cascallar, 2006; 

Cascallar et al., 2006; Van Hout Wolters, 2000). Winne and Perry (2000) advise 

researchers to measure self-regulation using mixed methods and then triangulate the 

results. Thus, weaknesses in one approach may be compensated by the strength in the 

other method. 

Since no single existing instrument is good enough to measure all SRL aspects, 

two self-report instruments including the MSLQ (Pintrich et al., 1991) and the OSLQ 

(Barnard et al., 2008) were used in the study. These were adopted because they are 

aptitude measures thus, cost-effective since large samples were involved. In addition, 

they are simple to conduct and require less time to be completed given the time 
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constraints on the research project. The MSLQ was chosen because according to Roth 

et al. (2016), it is comprehensive enough measuring, cognitive, meta-cognitive, and 

resource management SRL strategies; it is empirically tested; and is the most popular 

instrument used for measuring SRL. Thus, it measures most of the SRL strategies that 

were of interest to the study. The OSLG was selected because it was specifically 

developed for measuring SRL in online learning environments and measures the post-

performance phase of the SRL cycle which MSLQ is poor at measuring. 

2.2.7 Self-regulated learning and academic performance 

Students with high self-regulation skills tend to perform better than those with 

low SRL skill because they can plan, control and manage their learning process 

(Kizilcec et al., 2017). Literature indicates that there is a significant relationship 

between SRL and academic achievement (Azavedo & Aleven, 2013; Barnard-Brak et 

al., 2010; Broadbent & Poon, 2015; Cho & Shen, 2013; Kizilcec et al., 2017; Ning & 

Downing, 2015; Lawanto et al., 2014; Lyn, Cuskelly, O’Callaghan, & Grey, 2011; 

Zimmerman & Schunk, 2011; Zimmerman, 2008; Zimmerman & Pons, 1986). 

Students with high self-regulation skills outperform those with low SRL skills 

(Barnard et al., 2009; Schunk & Zimmerman, 2006; Azevedo, 2005; Zimmerman & 

Schunk, 2011). Prior studies also report that SRL is a significant predictor of course 

satisfaction and performance (Artino & McCoach, 2008; Paechter et al., 2010; 

Puzziferro, 2008). 

For instance, Bergin et al. (2005) examined the relationship between SRL 

strategies and performance of college students in an introductory programming course 

using the MSLQ scales. The findings showed that seven of the MSLQ subscales 

including planning, monitoring, regulating, time, effort, peer, total resource strategy 

were significant predictors of student performance. The regression results revealed that 

metacognitive strategies alone accounted for 27 % of the variance in students’ grades. 

Yip (2007) also evaluated university students’ use of SRL strategies using the Learning 

and Study Strategies Inventory (LASSI). The Grade Point Average (GPA) was used 

to cluster the students into high and low performers. The results indicated that the high 

performers applied more SRL strategies as compared to the low performers. In a 

similar study, Lawanto et al. (2014) also examined the use of SRL strategies among 

university students in a web-intensive engineering course. The results of hierarchical 

clustering revealed two clusters (high and low performing students). The high 
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performing students applied a significant number of SRL strategies such as goal setting 

and environment structuring strategies. Literature indicates that applying SRL more 

especially time management, metacognition, and effort regulation strategies improves 

academic performance (Azevedo & Aleven, 2013; Broadbent & Poon, 2015).  In 

another study, Barnard-Brak et al. (2010) examined SRL profiles among online 

students in a university setting using the Online Self-regulated Learning Questionnaire 

(OSLQ). The Latent analysis revealed five distinct profiles including super self-

regulators, competent self-regulators, forethought-endorsing self- regulators, 

performance/reflection self-regulators, and non- or minimal self-regulators. An 

analysis of the differences in grades among students in the different profiles revealed 

that students in minimal self-regulator profile had low Grade Point Averages (GPA) 

as compared to students in other profiles. Furthermore, Richardson et al. (2012) 

conducted a meta-analysis of studies on the relationship between using SRL strategies 

and academic performance. The findings revealed statistically significant relationships 

between SRL strategies and GPA including metacognition (r=0.18), critical thinking 

(r=0.15), elaboration (r=0.18), concentration (r=0.16), time management (r=0.22), 

help seeking (r=0.15) and peer learning (r=0.13). The studies discussed above point to 

the fact that SRL impacts student’s performance. Broadbent and Poon (2015) 

conducted a systematic review of studies examining the impact of SRL on academic 

achievement in online higher education environments. The studies reviewed were 

published between 2004 and December 2014. They found that time management, 

metacognition, effort regulation, and critical thinking had significant positive 

correlations with academic achievement in online higher education. 

Prior studies show that providing SRL support such as training, feedback, 

reminders, notifications, among others improve students’ SRL capabilities and 

academic achievement (Azevedo, 2005; Azevedo et al., 2008; Kim & Hodges, 2012; 

Kramarski & Michalsky, 2006; Zimmerman, 1989). SRL skills can be fostered and 

taught and to students and they become better self-regulators (Zimmerman, 1989). 

Since SRL skills can be fostered, (Drachsler, & Specht, 2015; Durall & Gros, 2014; 

Guerra, Hosseini, Somyurek & Brusilovsky, 2016; Kizilcec & Halawa, 2015; Jivet, 

2015; Tabuenca, Kalz; Zimmerman, 1989), coupled with the advances in online 

learning technologies, tools that foster SRL that can be designed to enhance SRL skills 

among online learners. Learners who can manage their learning process develop into 
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successful long-life learners. On the contrary, Learners with poor self-regulated 

learning skills are less motivated and rarely succeed in online learning environments 

(Tsai, 2009; Lee, Shen, & Tsai, 2008).  

2.2.8 Do students self-regulate differently? 

According to Zimmerman (1990), all students self-regulate to some extent, but 

not all are good at self-regulating. Different learners utilize different SRL strategies 

thus students with the same learning task may approach it differently. For instance, if 

two students are attempting a challenging learning activity, one student my try hard, 

persist, and research online for the solution while another student may try to seek help 

from their teacher. Both students are self-regulating their learning but using different 

strategies. The student who tries hard and searched online for a solution applied “effort 

regulation” while the student who sought help from the teacher used “help seeking”. 

Literature indicates that students differ in the way they self-regulate their learning in 

both online and offline learning environments (Kizilcec, Pérez-Sanagustín & 

Maldonado, 2017; Falkner, 2014; Greene & Azevedo, 2007; Lee, 2002; Zimmerman 

& Martinez-Pons, 1990). Student differences in self-regulation may stem from 

demographic characteristics such as age, gender, prior experience, educational level, 

employment status, year of study, study discipline, personality traits, and culture 

(Kizilcec et al., 2017; Falkner, 2014; Zimmerman & Martinez-Pons, 1990).  

Zimmerman and Martinez-pons (1990) investigated differences in self-regulated 

learning with several study variables including gender. The participants were students 

in the 5th, 8th, and 11th grades. The findings showed that male and female students 

utilized different SRL strategies. For instance, girls employed more planning, goal 

setting, environment structuring, and self-monitoring strategies as compared to the 

boys. Lee (2002) examined gender differences in SRL among university students in 

Korea. The results revealed significant differences in the use of SRL strategies. Male 

students employed more behavioural and motivational strategies as compared to the 

girls.  

Hood et al. (2015) examined how learners’ context such as educational level, or 

current profession, influenced the ability of MOOC learners to self-regulate their 

learning. They discovered that students with high educational levels exhibited high 

SRL skills as compared to those with low levels of formal education. Kizilcec et al. 

(2017) also investigated the differences in self-regulation based on demographic 



40 

characteristics such as age, gender, prior experience, employment status, educational 

level, and employment status and significant differences emerged among learners. For 

example, women were more associated with help seeking strategies that men. Student 

with high educational levels such as PhD holders exhibited high levels of SRL and 

were less willing to seek help as compared to those with low educational levels. 

Learners who had prior experience in with the course had strong SRL skills as 

compared to those without prior course experience. 

Similarly, Barnard-Brak, et al. (2010) took a person-centred approach and 

examined profiles in self-regulated learning among students of an online degree 

program in a university setting using the Online Self-regulated Learning Questionnaire 

(OSLQ). The Latent Profile Analysis (LPA) revealed five distinct profiles of self-

regulated learning including: super self-regulators, competent self-regulators, 

forethought-endorsing self- regulators, performance/reflection self-regulators, and 

non- or minimal self-regulators. They further examined the differences in grades 

among students in the distinct profiles. It was discovered that the minimal self-

regulators achieved low Grade Point Averages (GPA) than students in the other 

profiles.   

Aber and Loken, (2010) also investigated self-regulated learning profiles of high 

school students employing measures from the Motivated Strategies for Learning 

Questionnaire (MSLQ; Pintrich et al., 1991) and the Patterns of Adaptive Learning 

Scales (PALS; Midgley et al., 2000). The results revealed three distinct profiles of self-

regulated learning and these are high, low and average self-regulated learning. The 

three profiles differed in terms of goal orientation and study behaviours. For example, 

the high self-regulated learners studied learning materials for a longer period as 

compared to the rest of the groups.  

Heikkila et al. (2012) examined pre-service teachers’ profiles of cognitive-

motivational strategies focusing on their learning approaches, self-regulated learning 

and use of cognitive strategies. The cluster analysis results uncovered three profiles of 

self-regulated learning and these include: self-directed students, non-reflective 

students, and non-regulating students. 

Ning and Downing (2015) also conducted a latent profile analysis of university 

students’ self-regulated learning strategies. The findings from LPA revealed four 

distinct types of SRL profiles:  competent self-regulated learners, cognitive-oriented 
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self-regulated learners, behavioural-oriented self-regulated learners, and minimal 

self-regulated learners. The results also indicated that students from the competent 

SRL were highly motivated with low levels of test anxiety and the best academic 

performance. 

In contrast to the above noted studies, some studies did not show significant 

differences in SRL among students (Basol & Balgalmis, 2016; Yukselturk & Top, 

2013; Yukselturk & Bulut, 2009). Much as the results might be mixed, the review 

reveals that there are differences in how the students self-regulate their learning. One 

point to note is that majority of the studies have employed variable-centred approaches 

to understand differences in SLR and only a few studies have attempted to examine 

differences in SRL using the person-centred approach (Aber & Loken, 2010; Barnard-

Brak, et al., 2010; Heikkila et al., 2012). Variable-centred approaches entails 

measuring the relationship between independent and dependent variables so as to 

predict outcomes and assess intervention effects (Pastor, Barron, Miller & Davis, 

2007). Variable-centred approaches include Structure Equation Modelling, regression 

analysis, descriptive statistics, and correlations among others. On the other hand, 

person-centred approaches measure the relations among individuals with the aim of 

sorting individuals into groups with similar traits (Pastor et al., 2007). Person-centred 

approaches include cluster analysis, latent profile analysis and latent class analysis. 

One limitation with the variable-centred approach is that only a few aspects can be 

measured at the same time (Aber & Loken, 2010). There is scarcity of literature on 

how the different SRL aspects can be assessed at the same time and grouped to form 

sub-groups or profiles of SRL (Aber & Loken, 2010; Ning & Downing, 2015). If SRL 

considered a stable trait that can be assessed with aptitudes measures, taking a variable-

centred approach (Loyens, Magda & Rickens, 2008) may reveal some profiles or 

group-like differences. This calls for more research on understanding SRL differences 

using the person-centred approaches. 

Concluding most of the reviewed studies are not comprehensive enough 

considering, most focus on few aspects of the SRL process. In the studies that took a 

person-centred centred approach alone, some loopholes emerge. For instance, 

Barnard-Brak, et al. (2010) focused more on the behavioural aspects of SRL with less 

attention to the cognitive and metacognitive aspects of SRL. Aber and Loken (2010) 

measured SRL among high school students and some key SRL strategies such as self-
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evaluation, goal setting, and strategic planning among others were not measured. 

Heikkila et al. (2012) examined SRL among student teachers and measured only 

cognitive-motivational profiles and how they impacted teachers’ wellbeing in terms of 

exhaustion, stress, and lack of interest among others. Ning and Downing (2015) did 

not measure some of the key SRL aspects such as help seeking, goal setting, strategic 

planning, and environment structuring. Moreover, none of the studies attempts to point 

out what kind SRL support learners in the distinct identified sub-groups need. Owing 

to the fact that students self-regulate differently, there is need for identifying 

differences in the sub-groups and the kind of support they need. Because SRL 

differences among students or sub-groups call for targeted interventions or adaptive 

SRL approaches. In fact, prior studies point out the need for accounting for SRL 

differences when designing tools for fostering SRL (Barnard-Brak et al., 2010; Greene 

& Azevedo, 2007; Greene & Azevedo, 2009). What works for one student may not 

work for another. All in all, insights from the above review suggest that interventions 

for supporting SRL should be adaptive in nature to yield effective and efficient results. 

2.2.9 Fostering SRL in online learning environments 

It is evident that a significant relationship exists between SRL and students’ 

performance or academic achievement (Azavedo & Aleven, 2013; Barnard-Brak et al., 

2010; Broadbent & Poon, 2015; Cho & Shen, 2013; Kizilcec et al., 2017; Ning & 

Downing, 2015; Lawanto et al., 2014; Lyn et al., 2011; Zimmerman & Schunk, 2011; 

Zimmerman, 2008; Zimmerman & Pons, 1986). However, it is also evident that most 

of the students are not good at planning, managing and controlling their learning 

process. Thus, many learners have poor self-regulation skills. Given the autonomy in 

online learning environments, it remains imperative that students SRL are fostered to 

be able to take responsibility for their own learning (Dabbagh & Kitsantas, 2004). On 

the other hand, literature suggests that fostering SRL through various strategies 

improves academic performance and the overall students SRL capabilities (Azevedo 

et al., 2005; Goh et al., 2012; Hu & Driscoll, 2013; Dignath-van Ewijk, Fabriz, & 

Büttner, 2015). 

Various approaches have been proposed for supporting self-regulation in online 

learning environments. Some of the most commonly used methods include SRL 

training (Dabbagh & Kitsantas, 2005; Hu & Driscoll, 2013; Azevedo et al., 2010), 

prompts (Azevedo et al., 2010), text reminders (Goh et al., 2012, study logs/journals 
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(Dignath-van et al., 2015; Chang, 2007), and scaffolding (Azevedo et al., 2010; Choi, 

Land, & Turgeon, 2005) among others. For instance, Azevedo et al. (2010) designed 

Metatutor which is a hypermedia learning environment designed to detect, model, 

trace and foster students’ self-regulated learning. The tool was designed to work in 

two modes; non-adaptive scaffolding and adaptive scaffolding mode. The non-

adaptive scaffolding mode involves training students about SRL strategies by giving 

them learning materials. The adaptive scaffolding mode involves the use of a human 

tutor to provide personal support by encouraging them to plan, monitor and control 

their learning process.  

Winne et al. (2006) designed gStudy with tools to support self-regulated 

learning. The gStudy software delivers learning kits such as text, photos, and videos. 

The gStudy software has cognitive tools that allow students to make notes, create 

glossaries, label and index content, construct concept maps, search for information, 

chat, collaborate, and receive training. The gStudy software also tracks students’ 

activities and interactions which supports students in reflecting upon their learning 

process.  

Goh et al. (2012) also designed an intervention in the form of pervasive and 

motivational short message services (SMS) to improve university student SRL skills 

and performance. The impact of the intervention on improving university student SRL 

skills and performance was evaluated through a controlled experiment. Students in the 

treatment group received SMS messages that encouraged them to undertake their 

learning activities such as submitting assignments, attend lectures, tutorials and 

workshops. Students in the control group did not receive any text messages. SRL skills 

were measured at the beginning and the end of the term using the MSLQ, results from 

the post-test analysis revealed that students in the treatment group self-reported higher 

levels of SRL strategies including task-value, resource management and meta-

cognitive strategies in contrast to the control group. In addition, Goh et al., (2012) also 

reported that students in the treatment group attained higher grades as compared to 

those in the control group.  

Dignath-van Ewijk et al. (2015) also designed an intervention in form of study 

logs to foster students’ SRL skills. Students were required to establish and log their 

learning goals once a week detailing the time allocated to each goal, assignments 

completed, predict scores for upcoming tests, quizzes and other assessments. The data 
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would then be processed and availed to students for viewing and reflection each time 

they logged into the course. A quasi-experiment was designed to evaluate the impact 

of the SRL logs. Dignath-van Ewijk et al. (2015) reported that students who utilized 

the study logs to plan and monitor their learning process improved their metacognitive 

skills and time management skills.  

Zou and Zhang (2013) designed an intervention to foster SRL the form of 

feedback sheet in a web-based learning environment. Two feedback sheets were 

designed of which one was implemented as a traditional feedback sheet showing final 

scores or results. The enhanced feedback sheet was designed with additional features 

showing the subscales that make-up the final score, the students’ performance position 

“percentile position”, and a suggestion section on SRL strategies. A controlled 

experiment was conducted to assess the effect of the feedback sheet on students’ SRL 

strategies. The findings showed that students who used the enhanced feedback sheet 

greatly improved their SRL strategies. Insights from the above review reveal that 

fostering SRL can improve student SRL skills and academic performance. However, 

it also important to note that the effectiveness of a given SRL may largely depend on 

the context of use. This implies that a strategy that improved students SRL in one 

context may not work in another context. Caution should be taken while intending to 

apply any given strategy or intervention. 

2.3 USER-CENTRED DESIGN 

According to Norman and Draper (1986), User-Centred Design (UCD) 

originated in the area of human-computer interaction from the University of California 

in San Diego in the 1980s to improve usability of computerized systems. User-Centred 

Design is a design philosophy and a process where the needs, wants, preferences, 

expectations, and limitations of the users of a product take a central position at every 

stage of the design process (Hackos & Redish, 1998). A user-centred design approach 

describes methods of involving users at every stage of the design process through 

analysis and design evaluation (Abras, Maloney-Krichmar, & Preece, 2004; Preece et 

al., 2002). In its simplest form, UCD may involve consulting users about their needs 

and expectations of a given design solution during requirements analysis (Abras et al., 

2004). It entails involving users at all phases of the development process for a given 

design solution to ensure that needs are met. According to Abras et al. (2004), a UCD 

approach ensures a detailed understanding of the psychological, organization, social 
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and ergonomic needs of users of a given computer technology. Thus, a UCD puts the 

user at the centre of the design and development process of computing systems and 

applications. 

A UCD approach, ensures that all stakeholders such as researchers, designers, 

and end-users work together to create design solutions that are effective, efficient, and 

safe (Abras et al., 2004). Through user centred design, users and their unique needs, 

and preferences are identified which leads to design of products that are appealing 

resulting into positive user experiences. When users are involved early in the design 

phase of a product, it builds a sense of ownership hence improving on user satisfaction 

(Preece et al., 2002). Abras et al. (2004) point out that design solutions generated 

through a user-centred design approach are rarely affected by redesign issues and are 

often quickly accepted. On the other hand, when a design solution fails to meet the 

user’s expectations, usability and adoption issues may arise and in extreme cases, the 

product may be completely rejected. Taking a UCD approach to the design of 

information systems helps the design team to focus on user problems that a software 

solution will meet rather than focusing on technology affordances. Nonetheless, a user-

centred design approach may be more costly in terms of time, financial resources, and 

often require additional team members to the design team such as usability experts, 

psychologist, and sociologists (Abras et al., 2004). In addition, at times users may not 

be aware of their needs and may make unnecessary demands that may be difficult to 

translate into design solutions (Abras et al., 2004). The user centred design process 

involves three phases, and these include: pre-design analysis, creating the design 

solution, and post-design solution (Evans, 2002). In this study, the concern is with the 

pre-design analysis which involves identifying the needs, preferences and constraints 

of users as part of the requirements elicitation process. 

Why a user-centred design approach for student-facing learning analytics? 

While several prior studies have already advocated for the use of user-centred 

design (UCD) in the SFLA (Schumacher & Ifenthaler, 2018; Kitto et al., 2017; Bodily 

& Verbert, 2017; Schumacher & Ifenthaler, 2016; De Quincey et al., 2016; Scalter, 

2015), a recent review of 94 student-facing learning analytics reporting systems by 

Bodily and Verbert (2017) revealed that only six had conducted a needs assessment 

before design. This implies that user input into the design process of SFLA is still 

largely overlooked in contemporary practice. Involving users early in the design phase 
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of a system builds a sense of ownership and hence improves user satisfaction and 

positive user experiences (Preece et al., 2002). In a SFLA system, the student is the 

primary user and so UCD activities should revolve around the student else we risk 

designing tools that may not add value to the learning process or not adopted at all.  

2.4 TECHNOLOGY ACCEPTANCE MODEL (TAM) AND TECHNOLOGY 

READINESS (TR) 

In this section, the Technology Acceptance model, Technology readiness and 

the theoretical basis of their integration were discussed. 

2.4.1 Technology Acceptance Model (TAM) 

Various frameworks have been proposed to explain and understand peoples’ 

attitudes towards new technology. TAM by Davis (1989) and its various successors 

have been extensively used in literature to investigate information systems (IS) 

adoption and use. TAM has been a prominent model in predicting the uptake of new 

IS or technology innovations. Davis (1989) proposed TAM based on two psychology 

theories that is: the theory of reasoned action (TRA) (Fishbein & Ajzen 1975) and the 

theory of planned behaviour (TPB) (Ajzen, 1991). Davis (1989) developed TAM as 

presented in Figure 2.7 to explain the acceptance or rejection of basic computer 

technology applications.  

   

According to Davis (1989), perceived usefulness (PU) and perceived ease of use 

(PEOU) are the major predictors of people’s attitudes toward technology acceptance. 

Perceived usefulness is the “degree to which an individual believes that using a 

particular system would enhance his or her job performance”, whereas perceived ease 

External 

Variables 

Perceived 
Usefulness (PU) 

Perceived Ease 
of Use (PEU) 

Attitude 

Toward Use 

(A) 

Behavioral 

Intention to 

Use (BI) 

Actual Use 

(Usage) 

Figure 2-7. Original technology acceptance model (TAM). From “Perceived usefulness, 

perceived ease of use, and user acceptance of information technology,” by Davis, 1989, 

MIS Quarterly, 13(3), p. 319. https://doi.10.2307/249008.  
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of use is the “degree to which an individual believes that using a particular system 

would be free of physical and mental effort” (Davis, 1989, p.320).  

In this study, PU is the extent to which students believe that using students-

facing learning analytics (SFLA) will improve their academic performance and the 

overall learning process. PEOU is the extent to which students believe that using 

student-facing LA will be easy and free of physical and mental effort. PEOU is 

postulated to have a direct effect on PU. In addition, TAM has external variables, 

attitude towards use, behavioural intention to use, and actual use (AU). Attitude is the 

amount of affect for or against some objects or simply, feelings about doing target 

behaviors (Ajzen, 1991; Ajzen & Fishbein, 1977) whereas behavioural Intention (BI) 

it is a measure of the strength of user’s intention to perform a specific behaviour 

(Fishbein & Ajzen 1975). Thus, Behavioral Intention (BI) expresses the level of an 

individual’s attitude towards technology adoption/acceptance.  External variables may 

include social influence or subjective norm, facilitating conditions, and computer self-

efficacy among others. Actual use is the use of the system to perform a given task. 

TAM posits a relationship among users’ PU, PEOU, and attitude towards usage versus 

behavioural intention to use technology. Studies that examine the relationships 

between TAM constructs to adoption of new technology innovations are more often 

consistent. In the present study, the aim is to understand students’ perspectives on 

SFLA for supporting SRL and so TAM will be applied. 

TAM is a generic and robust model that has been used extensively to study user 

acceptance of information technology innovations in a variety of disciplines. In 

educational settings, many scholars have successfully applied TAM to investigate 

students’ perceptions and attitudes towards the use of various e-learning systems 

(Wook, Yusof & Nazri, 2017; Agudo-Peregrina et al., 2014; Sánchez & Hueros, 2010). 

What remains common among these studies is the focus on technology and 

environmental dimensions to examine technology adoption issues. Wook et al. (2017) 

acknowledges the scarcity of studies on individual personality dimensions towards 

acceptance of technology in educational settings despite the critical role it plays in 

influencing adoption of a given technology innovation. Prior studies have found 

individual personality dimensions to be key predictors of acceptance of new 

technology innovations (Chiu, Fang, & Tseng, 2010; Godoe & Johansen, 2012). 
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Godoe and Johansen, (2012) assert that integrating TAM and TR provides a 

comprehensive view of technology adoption (Godoe & Johansen, 2012).  

Although TAM is undeniably useful in understanding technology acceptance, it 

places emphasis on people’s perception of the system attributes but does not capture 

well people’s general personal beliefs about technology. On the other hand, students 

as individuals will make the decision to use or not to use SFLA thus individual 

personality factors will play critical role. SFLA are emerging learning technology 

innovations and students as the main potential users may harbor different perceptions 

and attitudes that may lead to acceptance or rejection. It is upon this background that 

students’ technology readiness (TR) was considered as one of the individual 

personality dimensions to examine students’ perceptions over SFLA for supporting 

SRL. The technology readiness index by Parasuraman (2000) is a popular framework 

for understanding the technology readiness of potential users and consequently has 

been integrated with TAM. 

2.4.2 Technology Readiness Index (TR) 

TR was originally developed by Parasuraman (2000) to understand individual 

attitudes towards technology-based services. TR is defined as ‘‘people’s propensity to 

embrace and use new technologies for accomplishing goals in home life and at work’’ 

(Parasuraman, 2000, p. 308). It is a state of mind that results from mental enablers and 

inhibitors to collectively determine a person’s attitude towards the use of new 

technology innovations (Parasuraman, 2000). Parasuraman (2000) developed the 

Technology Readiness Index to measure people’s general personality beliefs about 

technology. Thus, TR is a perception that can change or be improved over time. 

 A person can embrace or avoid a given new technology innovation based on 

their technology readiness index (TRI). A high TRI means that the person is likely to 

embrace new technology while a low TRI implies that the person will most likely reject 

new technology (Parasuraman, 2000). 

The theory posits four personality dimensions that are categorized into 

contributors/enablers and inhibitors and differ among individuals. Contributors are 

positive feelings towards a technology hence TR drivers because they draw people 

towards technology. Whereas inhibitors are negative feelings that may hinder adoption 

or deter people from using the technology. Thus, the four dimensions are optimism, 
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innovativeness, discomfort, and insecurity. Parasuraman and Colby (2015) refer to 

Optimism and innovativeness as contributors because they draw people towards 

technology while discomfort and insecurity are inhibitors because they hinder people 

from adopting a given technology innovation. According to Parasuraman and Colby 

(2015), a high score on the contributors increases the TR while a high score on the 

inhibitors reduces the overall TR. Optimism is a positive feeling that technology offers 

increased control, flexibility and efficiency to benefit their lives (Parasuraman, 2000). 

Innovativeness is a tendency of an individual to be a technology pioneer and thought 

leader (Parasuraman, 2000). Discomfort is a negative feeling of lack of control over 

the technology and the ability to make the technology work (Parasuraman, 2000). 

Insecurity is a feeling of distrust that technology can work accurately and the potential 

threats that result from use (Parasuraman, 2000). The findings on technology readiness 

factors will help us identify any SFLA features which may potentially be inhibitors or 

contributors. 

2.4.3 Integrating Technology Readiness and Technology Acceptance Model 

The approach of integrating TR and TAM is not peculiar to the present study. 

Godoe and Johansen (2012) argued that integrating TR and TAM provides a 

comprehensive view of technology acceptance. Accordingly, several studies have 

emerged studying TR and TAM as an integrated model for technology adoption (Lin 

& Chang 2011; Lin & Hsieh 2007; Walczuch, Lemmink & Streukens 2007). Literature 

reveals that TR and TAM have been integrated in two approaches: One approach 

involves examining the effects of TR as one construct on TAM variables (Lin & Chang 

2011; Lin & Hsieh 2007). Whereas the other involves examining the direct effect of 

each TR dimension (optimism, innovativeness, discomfort, and insecurity (Kuo, Liu, 

& Ma 2013; Lin &Chang, 2011; Walczuch et al., 2007; Wook et al., 2017). Generally, 

both approaches on the influence of TR on TAM predictors are reasonably represented. 

Additionally, several of these studies report significant positive influences of TR 

contributors (optimism and innovativeness) on PU and PEOU (Godoe & Johansen 

2012; Kuo et al., 2013), other studies have found a negative relationship between 

innovativeness to PU (Godoe & Johansen 2012). TR inhibitors (discomfort and 

insecurity) have been reported to have a significant negative influence on PU and 

PEOU (Kuo et al., 2013; Lin & Chang, 2011; Wook et al., 2017). However, only a 

handful of existing studies examine the direct effect of TR on behavioural intentions 
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(El Alfy1, Gómez & Ivanov 2017; Lin & Chang, 2011; Lin & Hsieh 2007). Several of 

these studies report positive influences of TR on behavioral intentions (Lin & Chang, 

2011), but studies examining the direct effect of each TR dimensions on behavioral 

intentions are apparently lacking. In fact, none of the reviewed studies reported the 

extent to which each TR dimension influenced behavioral intention. In a bid to 

understand students’ perceptions on SFLA for supporting SFLA, it would be 

interesting to know the degree to which each of the TR dimensions influence 

behavioral intention. Accordingly, a model was developed and tested as presented in 

Chapter 7.3.4, to understand students to adopt SFLA, to understand students’ willing 

to adopt SFLA for supporting their SRL process.  

2.5  SUMMARY AND IMPLICATIONS 

In this chapter, the theoretical frameworks that underpinned the study were 

presented. The frameworks and models discussed included the SRL models, user-

centred design, technology acceptance, and technology readiness. 

After reviewing existing SRL frameworks, Zimmerman’s (2009) model of SRL 

was utilized in this thesis because the model is comprehensible and broad enough to 

capture a good cross-section of self-regulation skills (Dignath & Büttner, 2008). 

Zimmerman’s (2009)’s model is of the most popular models of self-regulation 

(Panadero, 2017). From the review of SRL frameworks, it is evident that applying SRL 

strategies in the learning process improves academic achievement. Thus, students who 

use SRL strategies perform better than those who do not. However, literature shows 

that most of the students lack SRL skills thus are less skilled at planning, management, 

and controlling their learning process. It is evident from the review that SRL can be 

fostered which improves students' SRL skills and performance. Evidence suggests that 

all students self-regulate at one point in their learning process although different 

students may use different strategies in their self-regulation process. This implies that 

a strategy that worked for one student may not work for another. This calls for SRL 

interventions that are adaptive in nature. Advances in online learning tools present 

opportunities for designing better approaches for SRL support. For instance, online 

learning tools such as MOOCs, personal learning environments and learning 

management systems track data about students learning process and this data can be 

used to understand students SRL and act as a basis for offering SRL support. The 

autonomous nature of online learning coupled with the high attrition rates calls for 
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enhanced SRL approaches to empower online learners to take responsibility for their 

own learning. This will lead to exciting learning experiences while improving 

students’ academic achievement. 

A review of 94 student-facing learning analytics reporting systems by Bodily 

and Verbert (2017) revealed that only six out of the ninety-four had conducted a needs 

assessment before design. This implies that student's input in the design process of 

SFLA was largely over-looked. Therefore, the UCD approach was taken because it 

ensures that the design team focuses on user needs or problems that a software solution 

will meet rather than focusing on technology affordances. 

Since one of the research aims is to understand students’ perspectives of SFLA 

for supporting SRL, TAM, and TR were also applied in the study as theoretical 

frameworks. TAM is a generic and robust model that has been used extensively to 

study user acceptance of information technology innovations in a variety of 

disciplines. 
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Chapter 3: The current state of student-

facing learning analytics and 

design 

3.1 INTRODUCTION 

The aim of this chapter is to present an overview of the current state of literature 

on student-facing learning analytics (SFLA). Since SFLA are a subset of the broader 

field of learning analytics, this chapter consists of two sections. The first section 

presents an overview of learning analytics (LA) and the second section presents 

student-facing learning analytics and the current challenges in the design of student-

facing learning analytics (SFLA).  

This chapter is structured as follows: Section 3.2 gives an overview what 

learning analytics are. Section 3.3 presents the learning analytics process while section 

3.4 presents some of the benefits of LA. In section 3.5, presents an overview SFLA. 

Section 3.6 discusses how SFLA can support self-regulated learning (SRL). Section 

3.7 discusses current challenges in the design of SFLA. Section 3.8 evaluates the 

existing learning analytics design frameworks. Finally, section 3.9 presents the 

summary of the literature review and the research gap. 

3.2 WHAT ARE LEARNING ANALYTICS? 

 Learning analytics is commonly defined as ‘‘the measurement, collection, 

analysis and reporting of data about learners and their contexts, for purposes of 

understanding and optimizing learning and the environments in which it occurs’’ 

(Siemens, 2010, para. 6).  Analytics have been used in business for years to understand 

consumers and their behaviours and is oftentimes the basis of marketing and the 

formulation of strategic activities for organisations. However, analytics are relatively 

new in the education arena. It is the advent of the internet and online learning which 

has spawned the use of analytics in education (Scheffel, 2017). The massive amount 

of data generated in online learning platforms such as learning management systems 

(LMS), personal learning environments (PLE) and massive open online courses 

(MOOCs) together with advances in the use of digital tools in education has created 

opportunities for collecting data (e.g. time logged in, amount of downloaded content, 
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navigation patterns, assessment results etc), and understanding learners and their study 

contexts. For a long time, data generated in online learning environments laid idle 

despite the potential benefits identifying struggling students and offered learning 

support (Macfadyen, & Dawson, 2010; Siemens & Long, 2011).This data unlocks 

possibilities for understanding student learning processes and providing feedback 

about their learning behaviours (Young, 2016).  

 Referred to as learning analytics, they make it easy for educational stakeholders 

to track and report students learning activities. Feedback can then be provided to 

learners in form of visualizations, texts, recommendation. which can then enhance 

students’ metacognitive strategies. Learning analytics dashboards (LAD) are among 

the tools used that enable learners to visualize their feedback and quickly make sense 

of it (Few, 2013; Verbert et al., 2014). This real-time feedback creates awareness 

among learners, and they are able reflect and devise better learning strategies (Verbert 

et al., 2014). For that reason, providing feedback to learners through LAD is one way 

of enhancing their self-regulation skills and learners get the opportunity to monitor and 

reflect upon their own learning.  

The complexities of analysis and interpretation of data in order to understand 

learners and their behaviours requires specialist knowledge in computational methods 

and techniques and has fuelled the emergence of learning analytics as a field (Peña-

Ayala 2018; Qu & Chen, 2015). This definition was provided during the first Learning 

Analytics Knowledge (LAK) conference and since then, it was adopted as by the 

Society of Learning Analytics Research (SoLAR). However, several other attempts 

have been made to define LA and some of these are presented in Table 3.1. 
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Table 3-1 

Definition of learning analytics 

Reference Definition 

1st Conference on LAK 

(2011) and also 

adopted by (SoLAR, 2012) 

“Learning analytics is the measurement, collection, 

analysis and reporting of data about learners and 

their contexts, for purposes of understanding and 

optimising learning and the environments in which 

it occurs” 

(Elias, 2011) “Learning analytics is an emerging field in which 

sophisticated analytic tools are used to improve 

learning and education. It draws from, and is 

closely tied to, a series of other fields of study 

including business intelligence, web analytics, 

academic analytics, educational data mining, and 

action analytics” 

(Siemens, 2010) “Learning analytics is the use of intelligent data, 

learner-produced data, and analysis models to 

discover information and social connections, and 

to predict and advise on learning” 

EDUCAUSE Next 

Generation learning 

initiative; as cited in 

(Siemens, 2010) 

Learning analytics is “the use of data and models to 

predict student progress and performance, and the 

ability to act on that information” 

Horizon Report 2011 

(Johnson et al., 

2011) 

“Learning analytics refers to the interpretation of a 

wide range of data produced by and gathered on 

behalf of students in order to assess academic 

progress, predict future performance, and spot 

potential issues. Data are collected from explicit 

student actions, such as completing assignments 

and taking exams, and from tacit actions, including 

online social interactions, extracurricular 

activities, posts on discussion forums, and other 

activities that are not directly assessed as part of 

the student’s educational progress. Analysis 

models that process and display the data assist 

faculty members and school personnel in 

interpretation. The goal of learning analytics is to 

enable teachers and schools to tailor educational 

opportunities to each student’s level of need and 

ability” (p. 28) 

Although these definitions differ in some respects, they all agree that LA 

involves the assessment of learning process data to improve the teaching and the 

learning process. Regardless of formal definition, it is agreed that the aim of LA is 

enhancing the effectiveness of the teaching and learning process as well the overall 

learning experiences. In addition, the definitions also reveal that LA is 
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multidisciplinary as it draws from several areas such as psychology, learning sciences, 

technology and information visualization (Ferguson, 2012; Gasevic, Dawson, 

Mirriahi, & Long, 2015). According to Shirazi (2015), LA is similar to some fields 

such as Education Data Mining (EDM) and academic analytics, however, LA is more 

biased towards human-driven methods and techniques to understand and interpret 

education data unlike EDM which is focused on developing automated and advanced 

methods, techniques and models to explore learning process data. Ferguson (2013) 

differentiates between these fields by assigning a question to each of them as follows: 

“The emergence of learning analytics as a field meant that there were now 

separate groupings focusing on each of the challenges driving analytics research. 

• Educational data mining focused on the technical challenge: How can we

extract value from these big sets of learning-related data?

• Learning analytics focused on the educational challenge: How can we

optimize opportunities for online learning?

• Academic analytics focused on the political/economic challenge: How can we

substantially improve learning opportunities and educational results at

national or international levels?” (Ferguson, 2013, p. 8)

SFLA make use of visual tools to present feedback to students in visual forms 

such as charts, graphs, and network diagrams (Wise et al., 2016). These tools are 

known as learning analytics dashboards (LAD). A LAD is defined as “single displays 

that aggregate different indicators about learner(s), learning process(es) and/or 

learning context(s) into one or multiple visualisations” (Schwendimann et al., 2017, 

p.37). LAD is traced from business intelligence (BI) and executive information

systems (EIS) and they make it easy to detect and understand data or information at a 

glance which would otherwise be difficult (Teasly, 2017). LAD usually display 

individual students’ performance against class averages, and this quickens the process 

of identifying students that need urgent support. Since learners need timely and 

personalized feedback, learning analytics in the form of visualizations can be of great 

help (Shirazi, 2015). 

Early work on LAD focused on gaining insight into student learning to improve 

engagement and the overall student retention. Based on transactional data from LMSs, 

models were built to help educators identify at-risk students and those in need of 

learning support (Arnold & Pistilli, 2012). Purdue University’s Course Signal (Arnold 

& Pistilli, 2012) was among the first LA tools to be deployed extensively. Known as 
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“Early Warning Systems” (EWS) or “Early Alert Systems” (EAS), they are based on 

“risk algorithms” that classify learners based on their potential levels of risk of failure. 

For instance, Course signals used traffic light metaphors (green, yellow, and red) to 

indicate the risk level of the learner. A green signal meant that a student is on track 

and likely to perform well while a yellow signal meant that there is room for 

improvement even when a student is not on track or not performing well. A red signal 

meant that a student is at risk and must make serious changes to do well in the course. 

A student identified at risk was then contacted with an intervention. Early LA tools 

were designed for use by educators and other institutional stakeholders for the 

purposes of identifying at-risk students and predicting student achievement and 

engagement (Arnold & Pistilli, 2012) (e.g. Course signals at Purdue University).  

Early LA tools were targeted at educators such as administrators, program 

coordinators, course designers, and instructors for purposes of improving student 

learning outcomes, engagement and retention, the trend has changed and today many 

LA tools provide feedback directly to students (Roll & Winne, 2015). Such LA 

systems have been dubbed student-facing learning analytics (SFLA) systems. LA in 

the hands of learners enables them to gain insight into their own learning process and 

take several decisions and actions to improve their learning. Ferguson (2012) argues 

that LA go beyond measuring academic success and include other aspects such as 

satisfaction, enjoyment and motivation of learners. 

3.3 LEARNING ANALYTICS PROCESS 

From the definition presented in Table 3.1, it is evident that LA is a process that 

involves converting some form of input like learning activity data into outputs to 

enable informed decision making. LA as a process involves several stages such as 

selecting and collecting the data, analysing and interpreting the data and then reporting 

the information. In the next paragraphs, some LA processes available in literature are 

presented.  

Chatti et al. (2012) presented a three-step learning analytics cycle as illustrated 

in Figure 3.1 and these are data collection and pre-processing, analytics and action, 

and post-processing. Data collection and pre-processing: This is first step and it 

involves collecting data from several learning environments and systems. As some 

data collected may not be required or contain unnecessary detail, data pre-processing 
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activities such as data cleaning and transformation may be required. Analytics and 

action: This stage involves exploring data to discover hidden patterns. LA methods 

are used to analyse the data to meet the needs of the users. Some information 

visualization techniques may be used to simplify the interpretation of the data and 

enable quick decision making and action. These actions may include monitoring, 

analysis, prediction, intervention, assessment, adaptation, personalization, 

recommendation, and reflection. Post-processing: This entails making continuous 

improvements based on the results from previous iterations.  It may involve improving 

on data quality by collecting data from new sources, refining data sets, adding new 

indicators, modifying variables, and or identifying new analytics methods.  

Figure 3-1. Learning analytics process. From “A reference model for learning 

analytics,” by Chatti et al, 2012, International Journal of Technology Enhanced 

Learning”, 4(5), p. 318–331. http://dx.doi.org/10.1504/IJTEL.2012.051815. 

Copyright 2012 by Inderscience Enterprises Ltd. 

Elias (2011) also proposed an analytical process by comparing it with the 

‘knowledge continuum’ as applied by Baker (2007). The knowledge continuum 

consists of four units and these are data, information, knowledge, and wisdom. These 

units are transferred from one component to another in a linear way. For instance, 

information ‘meaning facts are transformed into knowledge’ to be used for a particular 

purpose. Elias (2011)’s model consists of three cycles as illustrated in Figure 3.2. 

Image removed
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Figure 3-2. Learning analytics continuous improvement cycle. From “Learning 

analytics: Definitions, Processes and Potential,” by Elias, 2011, Learning, p. 1-22. 

Retrieved from 

http://learninganalytics.net/LearningAnalyticsDefinitionsProcessesPotential.pdf. CC 

BY-NC-ND 

Data gathering: This involves capturing and selecting from educational settings. 

Information processing: This is about aggregating data and predicting to enable 

users make decisions and take action.  

Knowledge application: This involves using the information and refining the 

whole process based on the outputs. According to Elias (2011), a combination of tools, 

actors, theories and organizations are used to complete this process.  

In addition, Verbert et al. (2013) presented four distinct stages in their learning 

analytics process model as illustrated in Figure 3.3. These include awareness, self-

reflection, sense making and impact.  

Figure 3-3. Learning analytics process model. From “Learning analytics 

dashboard applications”, by Verbert et al., 2013, American Behavioral Scientist, 

57(10), p. 1500-1509.  https://doi.org/10.1177/0002764213479363. Copyright 2013 

by Sage. 

Image removed

Image removed
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The awareness stage involves visualizing data from in activity streams, tabular 

overviews. Self- reflection then follows which involves addressing user’s queries. 

Sense-making then follows to answer users’ questions from the self-reflection step. 

The last stage is impact and its purpose are to induce change in behaviour or meaning. 

Lastly, Clow (2012) proposed the learning analytics cycle based on Kolb’s 

experiential learning cycle, Schön’s work on reflective practice, and Laurillard’s 

conversational framework (Kolb 1984; Schön 1984; Laurillard 2001). Deviating from 

the other authors, Clow (2012) LA starts with learners. Clow’s LA cycle starts with 

learners since they are at the centre of the learning activity and this is followed by 

converting data into metrics that are used to prepare interventions that may have effects 

to learners. Learning analytics dashboards may be used to enable users visualized the 

data. 

Figure 3-4. The learning analytics cycle: closing the loop effectively by Clow, 2014. 

From “Proceedings of the 2nd International Conference on Learning Analytics and 

Knowledge,”2012, p. 134. https://doi.org/10.1145/2330601.2330636. Copyright by 

The Open University. 

3.4 LEARNING ANALYTICS BENEFITS 

Learning analytics are useful in all instructional settings including traditional 

face-to-face, blended learning, and online learning. Siemens (2013) states that LA has 

gained attention in educational setting because of the need for deeper understanding 

of teaching, learning, intelligent content, personalized learning, and adaptive 

Image removed
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learning. According to Stewart (2017), LA have potential benefits that can support 

student success and retention in educational institutions.  In gaining insight into how 

students learn, it enables evidenced-based decisions about instructional methods. 

Ifenthaler (2016) presented a matrix of LA benefits and these are: Understanding 

students’ learning habits; obtaining real - time feedback and real - time insight; making 

efficient interventions, modifying content to be aligned with students’ desire, 

increasing student engagement, student success modelling, and promoting student 

success. Dinu et al. (2017) also stated that LA may be used to for predicting students’’ 

performance, personalization of learning, increasing retention rates, improving 

eLearning, and boosting cost efficiency. In addition, de Freitas et al. (2015) suggests 

that LA can be used to improve learning design, reduce the drop-out lots, predict the 

risk of failure and issue early warnings and again, enrich personalized learning. Lu, 

Huang, Huang and Yang (2017) further stated that LA are good tools for enhancing 

student’ engagement and predicting learning outcomes more especially in MOOs 

collaborative environments. Papamitsiou and Economides (2014) also presented some 

objectives of LA these may include; performance prediction, self - awareness, and self 

- reflection, drop out prediction, feedback improvement, sources recommendation, and

assessment services as objectives of learning analytics, while they were also 

considered as benefits of learning analytics. Conde and Hernandez (2015) pointed out 

that LA are very useful to both teachers, students and institutional leaders for making 

evidence-based decisions. Avella et al. (2016) suggested that LA may be useful in the 

following ways: identifying target course; curriculum improvement; student learning 

outcome and behaviour; personalized learning improved instructor performance; post 

- educational employment; learning analytics practitioners and research community.

Dietz and Hurn (2013) suggested that LA can enable instructors in improving 

accountability in the learning process and predicting students’ learning outcomes. 

Since learners have SRL skills, providing feedback on possible learning outcomes can 

enable them to devise strategies for improvement.  In addition, Reyes (2015) pointed 

out that LA can benefit instructors in identifying knowledge gaps, curriculum 

modification, and improving teaching strategy, monitoring students’ activities and 

taking appropriate measures. Measures can include recommendation of learning 

materials, links to additional learning resources to as to fill knowledge gaps. Greller 

and Drachslrer (2012) also noted that LA are potential tools that enable instructors 
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gain insight into learners’ levels of knowledge and identify gaps so as come-up with 

appropriate interventions.  

Furthermore, Siemens et al. (2011) also claimed that LA improve the 

effectiveness of learning and some of the benefits may include:  

• “Customization of the learning process and content;

• Provide students with information about their performance and of their

colleagues and suggesting activities that address identified knowledge gaps;

Provide the teacher with information of students whom need additional help, 

which teaching practices are having more effects that are positive” (P.).  

Lastly, van Harmelen and Workman (2012) highlight the potential benefits of 

LA as follows: “identify students at risk so as to provide positive interventions 

designed to improve retention; provide recommendations to students in relation to 

reading material and learning activities; detect the need for, and measure the results 

of pedagogic improvements; tailor course offerings; identify teachers who are 

performing well, and teachers who need assistance with teaching methods; assist in 

the student recruitment process” (p.5). 

While literature claims many potential benefits for LA, little evidence exists on 

the actual effects of LA systems. The results of implementations of LA are mixed 

(Matcha, Gasevic & Pardo, 2019). Empirical research on the effectiveness of LA 

systems is very limited, and many only examine the system from the perspective of 

usability (Jivet et al., 2018; Torrisi-Steele, Wang & Galaige, 2019; Matcha et al., 

2019). 

3.5 STUDENT-FACING LEARNING ANALYTICS 

In the present study, the focus is on LA systems that collect learning activity data 

and provide feedback directly to students known as student-facing learning analytics 

(SFLA) systems. SFLA are tools that automatically track students’ interaction data 

in online learning environments and report it directly to students in form of text 

feedback, visualisation, dashboard, and recommendation (Bodily & Verbert, 2017). 

Data may be reported in form of text, recommendation, visualization or dashboards 

(Bodily & Verbert (2017). Given the fact that LA are multidisciplinary, SFLA systems 

are dispersed in several educational technology fields such as intelligent tutoring 
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systems, educational recommender systems, educational data mining systems, and 

learning analytics dashboard systems (Bodily & Verbert, 2017).  

The reason for the burgeoning interest in SFLA is their potential to empower 

students to take responsibility for their own learning process, improve learning 

experiences and outcomes, (Charleer et al., 2016; Dural & Gros, 2014). According to 

Bodily and Verbert (2017), learning analytics reporting systems have two major aims 

and these are: “helping students understand what has happened (through feedback or 

visualizations)” and “helping students know what to do because of what they know 

(through recommendations)”, (p. 416). SFLA use both visual and abstract 

representation to provide feedback to learners which require students to use some 

analytical skills and connect the information to specific actions (Corrin & De Barba, 

2014). The argument for the use of SFLA runs like this: potentially, SFLA enable 

students to become more overtly aware of their learning processes, behaviour, and 

performance (Charleer et al., 2016). With real-time awareness of their learning 

processes, learners can exert more conscious control over how they learn thereby 

improving their self-regulatory learning skills and learning outcomes (Greller & 

Drachsler 2012; Few 2013). This enables students to plan their learning and make well-

informed learning decisions, hence becoming better learners. Feedback can provide a 

basis for taking further actions by educators such as recommendations which may lead 

to a change in students learning behaviour (Ferguson, 2014; Fritz, 2011; Greller & 

Drachsler, 2012). It is argued that SFLA have the potential to enhance sense-making, 

metacognition, and reflection skills among learners (Galaige & Torrisi-Steele, 2019; 

Kitto, Lapton, Davis & Water, 2017; Kruse & Pongsajapan, 2012; Wise, 2014).  

As metacognitive tools, SFLA systems can support awareness, self-reflection, 

and sense-making which may improve learning performance (Durall & Gros, 2014; 

Verbert et al., 2013). SFLA offer features enabling learners to track progress towards 

their learning goals, receive just-in-time feedback, compare and optimize learning 

paths, and receive personalized support (Fritz 2011; Reimers & Neovesky 2015; 

Marzouk et al., 2016). Real-time feedback on personal performance metrics empowers 

learners to take responsibility for their own learning process, hence fostering self-

regulated and self-directed learning and yet this may also increase their motivation to 

succeed (Bodily& Verbert, 2017; De Quincey et al., 2016; Durall & Gros, 2014; Fritz, 

2011; Galaige & Torrisi-Steele, 2019; Kitto et al., 2016; Pistilli & Arnold, 2010). This 
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is very important in higher education, and more so in online learning environments 

given the autonomy and flexibility in the learning process. Real-time feedback such as 

alerts on potential risks in the learning process and notification on upcoming learning 

activities, empowers learners to make monitor their learning and make informed 

decisions about the learning process (Arnold & Pistilli 2012; Reimers & Neovesky, 

2015). In the next section, a discussion of how SFLA can support SRL is presented 

with examples. 

3.6 SUPPORTING SELF-REGULATED LEARNING WITH STUDENT-

FACING LEARNING ANALYTICS 

Self-regulated learning skills are essential for lifelong learning given the current 

information and knowledge society. With good self-regulated learning skills, learners 

can control their metacognitive, motivational, cognitive, emotion and behavioral 

aspects of the learning process. Thus, learners are actively involved in their learning. 

Goal setting, task analysis, plan implementation and self-evaluation are among the 

many activities that learners undertake in a bid to self-regulate their learning (Durall 

& Gros, 2014). With the proliferation of online learning characterized with high levels 

of autonomy, having SRL skills is a must for online success. As earlier noted, not many 

learners have the necessary SRL to thrive online. As a result, educators are turning 

unto the use of technology to foster SRL among learners. Durall and Gros, (2014) 

argues that digital learning environments can be designed in ways that enables learners 

to plan, organize, control and evaluate their learning process. At the same time, 

educators can explore how learning takes place given the massive amount of data 

generated. Steffens (2011) argues that for technology –enabled learning environments 

to foster SRL, they should enable students to plan their learning, provide feedback for 

monitoring and control and the criteria for evaluation.  This is on the premise that 

feedback gives awareness to learners about their learning behaviour thus the ability to 

make better and informed decisions. Galaige and Torrisi-Steele (2019) argue that 

enabling learners’ access data about their learning activities makes them conscious 

about unproductive and problematic learning practices hence improving their learning 

behaviours. Fritz (2013) argues that real-time feedback increases awareness through 

reflection and the performance gap between the high achievers and struggling students 

may influence a change in learning behaviour, motivation and performance. This is 

also acknowledged in self-regulated literature that performance deviations between 
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peers triggers a change in learning behaviour (Barry Zimmerman, 2013; 2001; 1992). 

According to Hattie and Timperley (2007), feedback for fostering self-regulation 

should create awareness, enhance self-monitoring, trigger and direct future action. 

Durall and Gros (2014) points out that LA offer endless opportunities for 

learners to self-reflect and enhance their metacognitive skills through real-time 

feedback hence fostering SRL. SFLA afford more possibilities for tracking learner 

activities during the learning process and immediate feedback which increases 

metacognitive awareness. According to Jivet (2017), feedback is key tool for 

addressing the discrepancies between the students’ current achievements and their 

desired performance. For decades, learning feedback has been considered an essential 

tool for students to gain insight into the learning process and reflect upon their 

learning. Butler and Winne (1995) point out that feedback is an essential element of 

SRL because it creates self-knowledge which is a metacognitive skill for SRL. In 

addition, the feedback allows students to explore their past learning experiences and 

behaviour which inform future behaviour and at the same time the strategies to 

enhance performance. 

Although early LA systems were targeted at educators as primary users, 

increasingly, a range of LA systems have been designed and developed for direct use 

by students. Below is a discussion of how SFLA can support SRL with specific 

example tools found in literature. 

Enhance time management skills for instance, notifying students on time spent 

online, tasks completed, and time taken to complete learning tasks. Such information 

can aid task completion, time management and enable learners to self-track and 

monitor their learning process. For example, Tabuenca et al. (2015) developed the 

LearnTracker, a mobile interface tool to explore the effects of tracking and monitoring 

time-logs to foster self-regulated learning in online environments. The LearnTracker 

was designed on the assumption that lifelong learners’ study in a variety of scenarios 

and keep changing from one setting to another using personal devices as mediators. 

The tool enabled students to track and record their study-time across different 

scenarios. Feedback was provided on time devoted to learning activities was provided 

based on the time logs using visualization tools such as pie-charts and line graphs. The 

tool was evaluated using graduate students from three different online courses and the 

students used their own mobile devices to record how much time they devoted to 
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learning activities for a period of four months. For instance, students can record 

offline-learning activities such as watching a lecture video during bus waiting time by 

checking in and out or taking a quiz while on a coffee break. The students’ SRL skills 

were measured using the Online Self-Regulated Learning Questionnaire and Time 

Management Questionnaire during the course. The results revealed the positive effects 

of tracking time on time management skills and suggested hints on how mobile 

notifications should be designed to promote student self-regulated learning skills in 

online learning environments. Tabuenca et al. (2015) also investigated how variation 

in the channel, content and timing of mobile notifications could foster reflective 

practice. The results revealed that students prefer notifications that encourage them to 

(pre-) “plan ahead” their learning day rather than (post-) “look backward” or (in-

action) “plan” at any moment of the day. The findings further indicated that 

notifications in form of LA resulted into higher score on time management skills as 

compared to other notifications. 

SFLA are potential feedback tools that encourage learners to self-reflect upon 

their learning and act. For instance, Jivet (2016) designed and implemented an 

interactive widget to enable Massive Open Online Courses (MOOC) learners to 

visualize their learning behaviour and compare it with behaviours of previous 

successful learners of the same course with the intent of enhancing their self-regulated 

learning skills. Following the design-based research methodology, the widget was 

designed in two iterations over a period of six months. Low-level data was extracted 

from edX log traces which included number of quiz questions attempted, number of 

videos watched, time on the platform, time watching videos, ratio video-time/total-

time, timeliness of submission, time-on-task, number of forum sessions, 

sessions/week, average length of a session and average time between sessions. The 

spider chart was used to visualize the data and so learners were able to view their own 

(i) their own learning behaviour and the behaviour of last year’s graduates up to until

the beginning of a current week.  

The widget was evaluated in live MOOCs offered by TU Delft on the edX 

platform with intent of understanding the impact on learning and the learning process. 

The results revealed that learners who accessed the widget were likely to complete the 

course as they attempt more quiz questions and submit their work on time. The overall 
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results by Jivet (2016) indicated that giving feedback to learners about their learning 

process is likely to change their overall learning behaviour.   

In another study, Govaerts, Verbert, Duval & Pardo (2012) developed the 

Student Activity Meter (SAM), a learning dashboard to track and visualise learner 

actions to support awareness and self-reflection in online learning environments. SAM 

tracks time spent on learning activities, resources use, forum views and post actions 

and feedback are visualized through bar charts, line charts and parallel coordinates. 

SAM was implemented in Flash to enable access through both web and desktop 

applications. Govaerts et al. (2012) applied the design-based methodology and the 

dashboard design went through four iterations of rapid prototyping and the evaluations 

took over 24 months with several surveys and interviews.  The SAM was initially 

evaluated for usability, use and usefulness using the system usability scale (SUS) with 

students undertaking a Human Computer Interaction (HCI) course. SAM was targeted 

at both students and teachers and so the first iteration involved students while the three 

iterations focused on teachers. The evaluation with students indicated that the tools is 

easy to learn, useful and the students pointed out that the pie chart and parallel 

coordinates were the most useful. 

Alerting students on potential problems/risks of failing a course is another way 

SFLA can support SRL. This can help students in adjusting their learning and task 

strategies and then improve their metacognitive self-monitoring. It can enable students 

to devise plans and task strategies to improve before it is late. Arnold and Pistilli (2012) 

developed Course Signals to provide real-time feedback to students about their 

learning while utilizing the power of LA. Course signals predict students risk levels 

through a variety of data sources such as student performance in the course, learner 

interaction with the Learning Management System, past academic history (e.g, GPA 

and background) and demographics (e.g, age and residency). The student feedback is 

delivered through various channels such as email, text, face-to-face meetings, and 

referrals to academic supervisors and traffic signal metaphors. The traffic light signals 

are used to illustrate how the student is performing and three risk-levels are displayed: 

red indicates a high likelihood of failing to complete the course; yellow indicates 

potential success; green illustrates likelihood of success. Arnold and Pistilli (2012) 

evaluated course signals with around 24000 students and results revealed improved 

academic performance more especially the final course grade as well as the overall 
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student retention rates at the university. The evaluation of both students and teacher 

perspectives over course signals revealed positive attitudes towards course signal 

although some students did not like the over penetration of messages from the different 

channels delivering the same message. 

Guerra et al. (2016) designed Mastery Grids System and was implemented as an 

intelligent interface for accessing learning content for an introductory programming 

course. The system was designed by combining an open learner model, adaptive 

navigation support and social comparison technologies to support self-regulated 

learning and enable students to monitor their learning progress.  The tool enabled 

learners to access practice content while tracking their usage characteristics such as 

problem attempts, problem solved, success rate, examples viewed, animations viewed, 

time spent on the system, time by session and activity by session among others. The 

use of Mastery grids was evaluated in two classroom studies by analysing log data and 

survey responses. The findings showed the interaction effects of Mastery Grids on 

gender and achievement-goal orientation as well as student engagement, performance 

and motivation. The results further revealed a possibility of social comparison to 

negatively impact on diversity of student motivation resulting into students behaving 

more less the same way. Guerra et al. (2016) recommended that social comparison and 

personalized recommendation should be combined to reduce on the unifying effect 

while maintaining value of engagement. The system was evaluated for its usability and 

usefulness and student feedback revealed that it was usable and useful. They therefore 

recommended the use of social comparison and intelligent interfaces for giving 

students access to practice content. 

Ott et al. (2015) developed an infographic as shown in Figure 3.10 for providing 

feedback to students undertaking an introductory programming course to support self-

regulated learning. To identify the key performance indicators, previous course data 

was examined to reveal the predictive power on academic performance and pre-course 

grades, number of submitted laboratory tasks, time of submission, mid-semester exam 

result were selected. The infographic was implemented as part of the laboratory book 

to provide students with information that illustrates course demands and performance 

indicators to make informed decisions about their commitment to the course, study 

practices and learning efforts. A learning analytics approach was taken, and summaries 

of previous course offerings were used to illustrate the relationship between final 
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exams and other performance indicators such as pre-course grades, number, and time 

of assignment submissions and mid-term exam result. The infographic was then tested 

with over 200 students enrolled in an introductory programming course with the aim 

of understanding the impact of feedback provided on students’ attitudes towards 

diagnostic course data. The results indicated that the infographic was a good tool for 

informing students about the course characteristic, task difficulty and workload and 

majority of the students appreciated the information warning them about possible risks 

based on pre-course grades and mid-semester examination. However, such 

information did not influence further actions such as attendance and submission and 

so the student study behaviour or learning outcomes did not change. 

SFLA offer a promising approach for empowering students to take responsibility 

for their own learning process, hence fostering self-regulated learning. For instance, 

supporting learners in setting their learning goals and tracking progress on goal 

achievement can improve strategic planning. One design strategy is providing 

templates for setting learning goals and tracking progress on achievement. This 

approach has been shown to be successful in enhancing students’ autonomy, as well 

as goal setting behaviours. For example, Marzouk et al. (2016) provided learners with 

goal setting templates to support study planning. Students’ learning activities were 

tracked and evaluated based on their set goals. The authors concluded that helping 

students set learning goals was useful in enhancing students’ autonomy, persistence in 

attaining their learning goals and overall engagement. Setting learning goals can direct 

students’ actions and efforts towards goal achievement by enabling them to plan and 

monitor their achievements and identify performance gaps. This also enhances 

academic achievement since prior studies associate goal setting with high academic 

achievement (Lee, Choi, & Kim, 2013). In another study, Konert, Bohr, Bellhäuser 

and Rensing (2016) designed and implemented a Peer Learning Analytics (PeerLA) 

tool to enhance students self-regulated learning skills. A sample diagram of peer 

learning analytics is shown in Figure 3.11. PeerLA was grounded in the self-regulated 

learning model by Zimmermann and Campillo (2003) to support learning in both 

formal and informal learning scenarios. PeerLA was implemented as a plugin for 

Learning Management Systems (LMS) and allows students to set learning goals, track 

progress on goal achievement and time dedicated to learning while providing feedback 

in form of visualizations. The tool also enables learners to make comparisons with 
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peers of similar goals and levels of knowledge. The tool was evaluated with 83 

students undertaking an online mathematics preparation course for over four weeks 

with the goal of understanding students’ attitudes towards the usefulness of the tool. 

The results indicated that students appreciated the visualization features related to 

tracking progress on their knowledge levels and time investments as well as comparing 

with peers. Konert et al. (2016) concluded that based on the results, PeerLA is a 

promising approach towards supporting online learners with self-regulating their 

learning more especially goal planning. 

Students emotional wellbeing is another area where SFLA can support SRL. 

Emotional wellbeing is now very pertinent to student’s survival given the current 

Covid-19 pandemic. Prior studies have pointed out that issues concerning students’ 

emotional state have so far received little attention in LA applications (Montero & 

Suhonen, 2014). They further argued that analysing students’ digital data without 

considering emotional aspects is a narrow view of the learning process and yet both 

positive and negative emotional aspects may impact learning or the learning process. 

A study by Galaige, Binnewies, Torrisi-Steele and Wang (2018a) revealed that 

students are concerned about their emotional state and that tracking students’ 

emotional data was very important to them. SFLA can be designed with features that 

enable learners to report their emotional state about the course such as stress, anxiety, 

happiness improves learners’ emotional aspects. Ruiz et al. (2016) designed and 

evaluated a visual dashboard for capturing and visualizing students’ emotions. The 

dashboard was an extension module to the PresenceClick system (Ruiz, Urretavizcaya, 

Fernández-Castro & López-Gil, 2015) called the EmotionModule. The 

EmotionModule was developed based on the Twelve Emotions in Academia Model 

(TEAM) which is composed of twelve emotions both positive and negative that may 

impact student learning and performance. The emotions include the six positive 

emotions (enjoyment, hope, pride, confidence, excitement and interest) and six 

negative ones (anxiety, anger, shame, hopelessness, boredom and frustration). The tool 

enabled learners to record their emotions, compare their moods with peers and self-

reflect.  They argue that tracking student emotions felt in class is critical in discovering 

emotion patterns that may indicate risks of failing a course. They also claimed that 

knowing student’s emotion states in the classroom could enable educators make 

informed teaching and learning decisions based on classroom moods. The tool was 
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evaluated in two iterations and involved 15 students, one teacher and one observer. 

The results revealed that boxplots were the best techniques for visualizing student 

emotions and over 50% of the students believed that tracking emotions can positively 

impact their learning behaviour. The students found the tool useful and interesting 

because they were able to track, visualize and reflect on their own emotions. The 

results also suggested that emotions have an impact on student learning outcomes thus 

timely information about a learner’s emotions enables teachers to implement early 

interventions to improve performance. 

Corrin and de Barba (2014; 2015) designed and implemented a learning analytics 

dashboard to examine how students interpret feedback delivered via dashboards and 

the impact of feedback on students self-regulated learning skills. Students’ data such 

as assessment results and interaction data were extracted from the LMS and populated 

in the dashboard. Students’ motivations and personal goals were established through a 

survey and they were later presented with a dashboard showing their engagement and 

performance data. The ‘think aloud’ interview technique was then used to request to 

share how they interpreted the information presented and the possible actions based 

on their interpretations.  The results revealed that students were able to interpret the 

feedback, identify gaps and devise strategies to improve their learning contrary to 

concerns in literature such as MacNeill, Campbell and Hawksey, (2014). Although 

Corrin and de Barba (2014; 2015) also note that at times student were not sure of their 

interpretations of feedback and how to link it to their learning strategies. They 

recommended that students should be provided with support resources each time a 

dashboard is implemented. The findings also show that student motivation towards the 

subjects increased as a result of receiving this form of feedback. The authors concluded 

that there is need for more research on the type of feedback to be provided via learning 

analytics dashboards since different forms feedback may be subject to different 

interpretations.  

Grann and Bushway (2014) developed the Competency map, a learning 

analytics dashboard that allows students to visualize the status and progress of their 

competences based on their performance in learning activities. The competency map 

was provided to enable students to conceptualize their academic performance, share 

achievements and plan their future learning activities. The tool was also developed to 

allow instructors and advisors enhance student engagement with their courses. The 
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tool was developed and evaluated in several iterations and it is believed that students 

prefer performance data which is comparative to current course offerings and so the 

competency map was comparable to a specific course. The pilot results revealed that 

students found the competency map relevant and helpful in knowing their progress of 

their competences. The results further indicated that students who utilized the 

Competency map demonstrated a higher-level of competences and persisted 

throughout the course as compared to those who did not access the dashboard even 

though the influence was not statistically important. 

Tan, Yang, Koh and Jonathan (2016) developed and evaluated WiREAD web-

based collaborative and LA tool with the goal of promoting critical reading, self-

regulated and support the creation knowledge collaboratively in English learning for 

both formal and informal learning time. A design-based research approach was taken 

together with the quasi-experimental design were taken to design the WiREAD. The 

Student dashboard made-up of four components which include: My ‘Reading 

Achievement’ which contains feedback related to students reading grades; ‘My 

Learning Attitudes and 21C Skills’ which is data bout students self-reports of their 

21C learning depositions; My WiREAD Critique and Discussion Profile which 

contains data on student online engagement; My Social Learning Network Map which 

shows students position and influence within the WiREAD learning network. The tool 

was implemented for sixteen weeks among high school students to examine the 

benefits and problematics associated with its use. The results indicated that students 

valued learning outcomes and skill acquisition more than the social learning 

connections. Tan et al. (2016) concluded that there is need for educators to enlighten 

learners on the power of social networking skills for successful learning and working 

in the current knowledge and networked society. 

SFLA can be used to support peer learning. The vast amounts of learning data 

tracked in online learning environments can be analysed to cluster students based on 

their learning activities. This kind of information can enable students to identify peers 

with similar learning interests or good at some topics.  For instance, Potts et al. (2018) 

developed a dating app style algorithm called RiPPLE (Recommendation in 

Personalised Peer-Learning Environments) to support peer learning and reciprocal 

peer recommendation. The system pairs students with their peers based on similar 

competencies, preferences and knowledge gaps. Students can select among different 
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options such as I can help (learning support), I need help (seeking learning support) or 

I am looking for a study partner (finding study partners) after answering a set of 

multiple-choice questions regarding the topic materials. When a students’ learning 

network is established, they can be advised to seek support from peers who are better 

than them or good at some topics in the learning materials. 

SFLA can be used in seeking and providing learning support when a difficult 

task is encountered which enhances the help seeking skill. For instance, identifying the 

specific kinds of help and the people to help with their contact details such as tutor, 

peers. This can be done thorough automated emailing, instant messaging and chats. 

This can improve on students’ help seeking skills. Diana et al. (2017) introduced a 

dashboard for real-time analytics in interactive programming assignments that enabled 

instructors to spot students that needed help. The student where identified through a 

live learning analytics dashboard while working on real programming tasks. It was 

reported that students were able to receive timely help positive insight into how 

learning analytics can be used to foster SRL support.  

Frome the above review, it is evident that SFLA are potential tools for supporting 

SRL, however, some challenges were also evident from the example interventions 

discussed above. For instance, the majority of the tools were designed in ‘one size fit 

all’ thus students’ differences in self-regulation were rarely addressed. This same 

challenge was pointed out by Teasly (2016). Even though many student learning 

analytics dashboards are grounded in SRL theory, many of them support the self-

evaluation phase of SRL while the planning and monitoring phases are rarely 

addressed (Jivet et al., 2017). Besides, only a handful of studies consider the theoretical 

frameworks that formed the basis of their design in evaluation of the tools (Jivet et al., 

2017). In the next section, some of these challenges are presented and discussed in 

detail. 

3.7 CURRENT CHALLENGES IN THE DESIGN OF STUDENT-FACING 

LEARNING ANALYTICS SYSTEMS 

To identify the current challenges in the design of SFLA systems, literature was 

reviewed. The literature review revealed several challenges related to learning 

analytics that may be addressed as technical, educational, design, and implementation 

among others. However, in this study, the key focus was design related challenges. 

These challenges are related to the human process undertaken before the actual 
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development of the systems for instance needs/requirements analysis. The systematic 

review revealed several challenges in the design process of SFLA and these are: 

systems designs are not grounded in learning science theories; poor student 

involvement, poor needs analysis/assessment; ‘one size fits all’ design approach; focus 

on social comparison; SFLA systems based one form of data; ethics and privacy issues; 

and poor evaluation. These challenges are discussed in detail as follows:  

The designs of student-facing learning analytics systems are not theoretically 

driven or informed. A review of LA dashboards targeted at students by Jivet et al. 

(2017) revealed that only 26 out of the 95 dashboard designs were grounded in learning 

sciences. This implies that these tool designs are catalysed by the massive learning 

data available at a click and not to impact learning.  In addition, other scholars also 

report that many of the designs are informed by theories from information and data 

visualization and not learning sciences (Joksimović et al., 2015; Ram et al.2016; 

Shirazi, 2015). While such theories may be informative from the usability perspective, 

undermining learning science theories will result into ineffective instructional and 

intervention practices that hinder learning. Since LA are about learning their designs 

should be grounded in learning sciences and educational psychology to improve 

learning and enhance learning experiences (Gašević et al., 2015; Wise et al., 2014).  

Else there is risk of developing LA tools that hamper learning rather than improving 

it. Therefore, an interdisciplinary approach to the design of LA tools should be taken 

to ensure concerns from all the involved fields such as information visualization 

(Chatti, Dyckhoff, Schroeder, & Thüs, 2012), learning sciences (Saywer, 2014; Ram 

et al., 2016; Siemens, 2012), software engineering (Martinez-Maldonado et al.,2017) 

and human-computer interaction (Verbert et al., 2013) among others are addressed. 

Principles that inform the design and evaluation of LA tools should be derived from 

learning science theories. This will ensure that LA tools enhance teaching practices 

and student learning outcomes hence improving the overall learning experiences. 

Kelly, Thompson and Yeoman (2015) suggested that the use of first principles by 

beginning with theory and using the theory to establish the function, structure and 

behaviour of the artefact can enable designs grounded in learning science theory. This 

is called innovative design as it begins with using a theory to establish first principles 

and the tool is developed through an abductive process. 
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Poor needs analysis is another challenge in the design process of SFLA. Needs 

analysis refers to the process of understanding user needs and expectations from a 

system (Kinzie, Cohn, Julian & Knaus 2002). Needs assessment enables designers to 

examine stakeholder needs hence getting a clear idea of the problem to be resolved. 

However, literature indicates that the design and development process of SFLA lacks 

needs assessment (Bodily & Verbert 2017; De Quincey et al. 2016). Bodily and 

Verbert (2017) reviewed SFLA reporting systems and results revealed that out of the 

93 reviewed articles, only 6% of described or reported their needs analysis. Even many 

traditional LA tools have not been designed around the needs of their users, but rather 

are designed around the technical capabilities and the vast amount of data available at 

a click (Schumacher & Ifenthaler 2018; Kruse & Pongsajapan, 2012). Not only is there 

a lack of SFLA designs revolving around student needs, but student needs also remain 

poorly understood. Marzouk et al. (2016) noted the scarcity of empirical research on 

what students expect from SFLA even though they are major beneficiaries. Bodily and 

Verbert (2017) concluded that the design and development process of SFLA reporting 

systems lacks rigor. It is no surprise that Jivet et al. (2017) review of LA dashboards 

targeted at students revealed that many were designed to foster awareness and self-

reflection. Designing LA dashboards to simply make students aware of their learning 

may not trigger action or impact students learning thus specific students’ needs should 

drive the design of SFLA. Successful SFLA design and implementation lies in 

understanding student needs, and failure to do so may result in tools that hinder the 

learning process and demotivate learners (Schumacher & Ifenthaler, 2018). One way 

to understand user needs is taking a user-centred design approach, however, literature 

indicates that students as end-users of LA are rarely involved in the design and 

development process (De Quincey et al., 2016; Marzouk et al., 2016; Kruse & 

Pongsajapan 2012). 

Limited student involvement in the design process is yet another major 

challenge. User involvement in the design of information systems has been shown to 

have a positive impact on adoption and usability of artefacts (Abras et al., 2004). Thus, 

failure to understand students’ needs may result into usability and adoption issues and 

in the long run even complete failure of an information system. Though SFLA are for 

use by students, current methods employed in designing and implementing SFLA 

focus on availability of data and technical capabilities with little student involvement 
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(Bodily & Verbert, 2017). A review of LA dashboards by Schwendimann et al. (2017) 

revealed that only 4 out of the 55 articles reported involving students in the design 

process by gathering requirements from them and evaluating the LA tool with them. 

Input from students as users of SFLA is very important to avoid leaving out key 

features (De Quincey et al., 2016). User-centered design (UCD) dictates that needs, 

wants, preferences, expectations, and limitations of the users of a computer technology 

product take a central position at every stage of the design process (Hackos & Redish 

1998). A UCD approach aims to ensure a detailed understanding of the psychological, 

organizational, social, and ergonomic needs of end-users of a given computer 

technology (Abras et al., 2004).  

Student-facing learning analytic have been designed majorly in one-size-fits-all 

design approach.  Shirazi (2015) notes that individual differences are known to play 

a significant role in explaining the variations in students’ learning processes. Students 

may differ in terms of achievement goals (Elliot et al., 2005), epistemic beliefs 

(Bromme et al., 2010), study approaches (Biggs, 1987) and culture among others. As 

regards to the use of LA, these constructs may influence how students interpret and 

reflect on the feedback provided and the overall impact on their learning (Shirazi, 

2015). In addition, learning is known to be personal, self-directed and learners are the 

major drivers in the learning process (Chatti et al., 2012). This implies that learners 

have different needs and therefore learning analytics systems as pedagogical tools 

should be designed to address the varying needs. However, literature indicates that the 

one-size-fits-all approach has been taken to the design of LA systems (Jivet et al., 

2018; Shirazi, 2015; Teasly, 2017). The one-size-fits-all approach means that all 

students’ learning data is analysed by the same algothritm and feedback provided to 

the students is in the format (Teasly, 2017).  Learning analytics as pedagogical tools 

should support differentiated instruction rather than increase the gap between 

achieving students and struggling students (Tan et al., 2016). Students’ differences 

influence how students interpret feedback such as social comparative data. Evidence 

suggests that students who compare themselves with poor performing peers feel 

superior and motivated (Major et al., 1991) while comparison with better performers 

induces negative affect and lower academic self-concept (Dijkstra et al., 2008). Corrin 

and de Barba (2014) explored how students interpret feedback delivered through 

learning analytics dashboards and reported that students with high achievement goals 
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who were slightly above the class average misinterpreted that they were doing well. 

Teasly (2017) points out that personalized learning analytics dashboards can be 

designed by integrating data from both student information systems and LMS data 

with the assessment algorithms. Designing customizable and interactive learning 

analytics dashboards that do not require programming experience is one way to address 

the issue of one-size-fits-all approach. A good example in literature is by Ji, Michel, 

Lavoué and George (2014) who created an interactive dashboard called DDART that 

allowed students to choose parameters, create new indicators and select their own 

visualization method with no need of computer programming experiences. Answering 

some questions such as who should see what? When? And how? Can help in 

addressing specific need of learners. Therefore, integrating adaptation and 

personalization techniques in the design of SFLA systems can enable designers to 

address the different learner needs. 

Many learning analytics systems have focused on social comparison 

features. Review of learning analytics dashboards targeted at students by Jivet et al, 

(2017) revealed that social comparison was a common reference frame among all the 

tools. This implies that majority of the LA dashboards benefit performance-oriented 

learners and neglect learners with mastery preferences (Jivet et al., 2017). From 

learning science literature, two major theories including the social comparison theory 

(Festinger, 1954) and achievement goal orientation (Elliot & McGregor, 2001) justify 

the use of social comparison. However, many LA tools that have social comparison 

features do not ground their design in any of these theories. For instance, Jivet et al, 

(2017) reported that only three studies grounded and validated their design in social 

comparison theories. Social comparison theory posits that we establish our self-worth 

by comparing ourselves to others in the absence of objective means of comparison 

(Festinger, 1954). While social frames of reference may positively impact some 

learners such as promoting healthy peer pressure and informal competition (Tan et al., 

2016), others may be negatively influenced (Corrin et al., 2015). This is attributed to 

the fact that most of the reference frames are based on comparison with peers and 

averages that may be skewed by diversity of student learning goals and data of learners 

that are not active (Jivet et al., 2017). For instance, a study by Wise et al., (2014) 

revealed that showing class averages in online discussions revealed mixed responses 

as some students were motivated while others felt stressed and intimidated. Jivet et al. 
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(2017) cautions that social frames of references should be implemented cautiously to 

avoid the negative outcomes.  

Guidelines/frameworks to support the design process of learning analytics 

are scarce. While extensive research exists demonstrating the value of LA such as 

Ferguson (2012b) and Siemens and Baker, (2012) and how learning experiences and 

outcomes can be enhanced. Martinez-Maldonado et al. (2017) recognizes the dearth of 

research exploring frameworks that can systematically guide the design, evaluation 

and deployment of effective LA tools. Martinez-Maldonado et al. (2017) notes that at 

such a time when LA are just emerging with no standards yet, effective LA are needed 

and approaches to speed-up the design of such tools are critical. It is argued that the 

design, validation and deployment of LA tools for both instructors and students 

remains a challenge because it requires techniques and methods from several 

disciplines such as software engineering, human–computer interaction (HCI), 

computer graphics, educational design, and psychology with each having their own 

design methodologies (Martinez-Maldonado et al. 2017). For instance, software 

engineering can address the requirements analysis and the iterative design of LA tools 

while visualization and computer graphics can guide the design of visual interfaces 

(Thomas & Cook, 2006). In the same way, human and user experience (UX) can 

address the needs and usability analysis (Hartson & Pyla, 2012).  However, given the 

fact that LA are about learning, these methodologies alone cannot support the design 

of effective LA tools. Thus, the need for frameworks that can consider the learning 

context.  

Learning analytics tools are heavily based on tracking learning data from 

one source specifically learning management systems (LMS).  Literature indicates 

that many learning analytics solutions are based on one source of data, basically log 

analysis from LMS (Bodily & Verbert, 2017; Jivet et al., 2018; Schwendimann et al., 

2017). Shirazi (2015) also reported that many LA visualizations focus on quantity of 

data rather than the quality and as such, many present raw data in form of frequencies, 

artefacts produced, and resources accessed. Shirazi (2015) argues that much as the 

frequency and timing of interactions is important, feedback on the quality of artefacts 

and interaction is equally important. In fact, a review of SFLA reporting systems by 

Bodily and Verbert (2017) revealed that only 15% justified the kind of data they 

tracked. This is evident enough that LA systems focus on available data and not what 
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is needed to enhance student success in the learning process. It is true that SFLA 

reporting systems are context dependent and so users are unique with different needs 

and goals (Bodily & Verbert, 2017). However, to have a comprehensive view of the 

learning process, some questions such as what type of data is available? What type of 

data is needed? What type of data/functionality will lead to student success? This also 

calls for data integration and considering multiple forms of data. 

Evaluation of learning analytics tools is not focused on learning impact, 

design goal or grounded in learning science theory. Literature indicates that very 

few studies examine the effectiveness of LA systems in higher education settings and 

so mixed results are reported on the actual impact of visualizations on student learning 

(Bodily & Verbert, 2017; Charleer et al., 2014; Jivet et al., 2018; Leony et al., 2012; 

Shirazi, 2015; Schwendimann et al., 2017; Teasly, 2017). A study by Jivet et al., (2018) 

revealed that only half of the 95 articles reviewed mentioned evaluating their artefact. 

Jivet et al. (2018) also notes that even those that validate their tools focus on measuring 

student perceptions of the tools rather than the actual effects. It is indicated in literature 

LA evaluations do not match the design goals and are rarely grounded in learning 

science theory (Jivet et al., 2018; Shirazi, 2015). On the other hand, Shiraza (2015) 

points out that the few evaluations reported are based on mock-ups or working 

prototypes. Some are used in controlled experiments so students cannot make clear 

judgement about the effectiveness of the tools since these are not actual learning or 

course context. Therefore, little evidence is available to justify the idea that LA tools 

enhance the effectiveness and efficiency of the learning process despite the claims. A 

review of LA dashboards by Bodily and Verbert (2017) also reported that only 11% 

of the articles reported conducting a usability test and the few who claimed to do so 

only asked students whether the system was user-friendly or easy to use. This is not 

desirable as it may lead to rejection of LA reporting system. Bodily and Verbert (2017) 

argues that usability tests are more than examining the user-friendliness and ease of 

use and so should be rigorous. Rigorous usability tests may include: (1) an assessment 

on how easily students could find information in the system, (2) an assignment to see 

whether students could accomplish tasks within the system, or (3) a validated system 

usability survey (Brooke, 1996). Bodily and Verbert, 2017 state that rigorous usability 

tests may be conducted using standard usability surveys, think-aloud interviews and 
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or usability experts. To improve the design and effectiveness of SFLA reporting 

systems, comprehensive and systematic evaluation approaches should be taken.

3.8 LEARNING ANALYTICS DESIGN FRAMEWORKS 

A handful of frameworks have been proposed to guide the design, development 

and evaluation of LA systems. A systematic literature review was conducted to have 

an insight into how the analysis and design of learning analytics tools is perceived. 

Two research questions were proposed to guide the literature review: 

1. What learning analytics frameworks are available in literature to guide the

analysis and design process of student-facing learning analytics for supporting

self-regulated learning?

2. To what extent do these frameworks address the current challenges in the

design of student-facing learning analytics for supporting self-regulated

learning?

To address the above questions, the researcher conducted a systematic literature 

review using Cooper’s (1988) approach for synthesizing the literature. The approach 

consists of problem formulation, data collection, data evaluation, data analysis and 

interpretation, and results in presentation and organization. 

The purpose of data collection was to explore LA design frameworks available 

in literature and assess the extent to which they can address the current challenges in 

the design of SFLA for supporting self-regulated learning (SRL). A search strategy 

was defined to collect and identify relevant studies as follows: i) scholarly peer-

reviewed articles; ii) articles full text is available in English iii) articles that were 

published in 2011 to 2018; and iv) articles describes a framework or model; v) The 

article illustrated with an example of  how the framework can be used. Based on 

previous reviews, the following databases were selected for review: Journal of learning 

analytics (JLA), ACM Digital Library, IEEEXplore, SpringerLink, Science Direct, 

Wiley Online Library, Web of Science and EBSCOhost, Scopus, ProQuest, Sage, 

Emerald Insight and ACM to capture additional computer science articles. To capture 

articles in other sources, Google Scholar, learning analytics and knowledge (LAK) 

conference and Educational Data Mining (EDM) conference were also searched. In 

Google scholar, the number of retrieved results was limited to 120. The key search 

words were: “learning analytics frameworks” OR “learning frameworks” OR 
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“learning analytics models” OR “frameworks for designing learning analytics tools” 

OR “Models for designing learning analytics tools” OR “frameworks for designing 

student-facing learning analytics” OR “Models for designing student-facing learning 

analytics systems” OR principles for designing student-facing learning analytics 

systems” OR “principles for designing learning analytics tools” OR “frameworks for 

designing student-facing learning analytics dashboards” OR “models for designing 

student-facing learning analytics dashboards” OR “frameworks for designing 

learning analytics dashboards” Or “models for designing learning analytics 

dashboards”. 

The search yielded 266 papers. The title and the abstract were examined to assess 

relevance, reducing the number of articles to 60. The paper was further assessed by 

examining the introduction/purpose of the study, the framework, model or any artefact 

presented and conclusion. If the article was not about LA design, principles, 

development, adoption, implementation and evaluation, it was dropped. Only 10 out 

of the 60 papers were retained for further review. A detailed review (evaluation & 

analysis) of each of the papers was conducted in order to identify the purpose of the 

framework/model/process and determine whether the framework described, evaluated, 

and or illustrated. Papers were then categorized based on which phase of system 

development life cycle they addressed. As presented in Figure 3.6, only two papers of 

the initial 10 relevant papers, addressed the design learning analytics whether it was 

targeted at teachers, learners or both. One paper that stated the principles for SFLA 

was also retained. A further analysis was then done on the two papers to ascertain the 

extent to which the frameworks/processes/guidelines presented can address the current 

challenges in the design of SFLA systems as presented in Figure 3.5. The process for 

the systematic literature review is presented in Figure 3.5. 
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What learning analytics frameworks are available in literature to guide the 

analysis and design process? 

A review of literature revealed several frameworks and models addressing issues 

related to design, development and evaluation of learning analytics systems. These 

frameworks were reviewed to identify frameworks that focused on the design process 

of learning analytics systems. A broad understanding of each of the frameworks is 

given in this section 3.9.12, a deeper critical analysis of the extent to which the 

frameworks address current design challenges is conducted 

3.8.1 A Generic Framework for Learning Analytics 

Greller and Drachsler (2012) recognized the need for a framework to guide the 

design of learning analytics. They argued out that majority of research on learning 

analytic is technology-centred with majority of researchers addressing issues such as 

compatibility of datasets, tools and the efficiency of processing algorithms. They 

pointed out that research on “softer” issues in LA such as adoption, human factors, and 

the impact of LA is scarce. They proposed a LA framework with six: stakeholders, 

objectives, data, instruments, external constraints and internal limitations. They argued 

that these dimensions should be addressed during design to ensure that LA tools 

improve teaching and learning.  

Greller and Drachsler (2012) illustrated how the framework can be used with a 

use case using specific examples that related to the design of the SNAPP tool by 

Dawson (2008), Dawson, Bakharia and Heathcote (2010), and Macfadyen and 

Dawson (2010). The use case is presented in Table 3.2.  

The tool was used to conduct a social network analysis of student involvement 

in a discussion forum. Although the framework was illustrated with a use case and a 

possible value for each dimension, it does not provide a step-by-step guideline on how 

design activities should be addressed. They mentioned that their aim was not to 

develop a process or work-flow oriented model but a framework that can be upgraded 

into a domain model or ontology. Therefore, the framework is good as a starting point 

for understanding the different aspects of LA in general that should be considered 

during design but not how they should be addressed. 
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Table 3-2  

Examples of critical dimensions of learning analytics. From “Translating learning 

into numbers: A generic framework for learning analytics,” by Greller & Drachsler, 

2012, Journal of Educational Technology & Society 15 (3), p. 42–57.  

Dimension Values 

Stakeholders Data subjects: a group of learners. 

Data clients: tutor, discussion moderator. 

Objective Reflection: Analyse student interactions in a forum 

discussion, identify network connections between 

students, and identify isolated students to bring them 

back into the discussion. 

Data Protected dataset: Student interactions and posts in the 

discussion forum of the LMS. 

Relevant indicators: Posts published; posts replied to. 

Time scale: what time frame is applied to the analysis? 

Instruments Pedagogic theory: socio-constructivist, hypothesis is 

that active participants in a discussion show better 

learning outcomes. 

Technology: Social Network Analysis (SNA), statistics. 

Presentation: network diagram visualisation, stats table. 

External limitations Conventions: (1) Privacy: is the analysis in accordance 

with privacy arrangements, are the students properly 

informed? 

(2) Ethics: What are the dangers of abuse/misguided use

of the data?

Norms: Are there e.g., legal data protection or IPR issues

related to this kind of use of student data?

Time scale: will the students still be able to benefit from

the analytics outcome? Is the analysis post-hoc or just-

in-time?

Internal limitations Required competences: (1) Interpretation: Do the data 

clients have the necessary competences to interpret and 

act upon the results? Do they understand the 

visualisation or presentation of the information? (2) 

Critical thinking: Do they understand which data is 

represented and which data is absent? How will they use 

this information? 

On the other hand, the generic framework for learning analytics by Greller and 

Drachsler (2012) is very comprehensive in conceptualizing learning analytics. They 

author clearly stated the need for having clear objectives with respect to the different 

stakeholders, instruments, data, external and internal constraints.   
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3.8.2 The Evaluation framework for Learning Analytics (EFLA) 

Scheffel (2017) recognized the lack of evaluation instruments to measure the 

quality of learning analytics tools as well as comparing their impact on educational 

practices on both teachers and learners. Scheffel (2017) addressed the gap by 

developing and validating an evaluation framework to help standardize the evaluation 

of LA tools and enable comparison of different tools based on their impact on teaching 

and learning. Inspired by the System Usability Scale (SUS) by (Brooke, 1996, p.1), 

Scheffel (2017) developed an evaluation framework in four iterations ending with 

three dimensions including Data, Awareness & Reflection, and Impact with a total of 

eight items with two versions, one for students and another for teachers. To evaluate a 

tool using the EFLA, items are rated on a scale form 1 for ‘strongly disagree’ to 10 for 

‘strongly agree’. The items are subjective statements about the LA tool by the users 

that help in obtaining general ideas about the overall quality of a tool. The EFLA 

framework is presented in Figure 3.6. 

 

 

 

Scheffel (2017) work was an important step towards standardizing the evaluation 

process of evaluating LA tools by identifying quality indicators for LA tools, creating 

an evaluation instrument based on the indicators and validating the evaluation 

instrument. 

Figure 3-6 Evaluation framework for learning analytics. From ‘The evaluation 

framework for learning analytics,” by Scheffel, 2017, PhD thesis, Open Universiteit, 

Heerlen, The Netherlands. Retrieved from 

http://dspace.ou.nl/bitstream/1820/8259/1/PhDthesis_MarenScheffel.pdf 

Image removed
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3.8.3 Learning Analytics Implementation Model 

McKee (2015) identified the lack of evidence-based guidelines to support 

instructors in the implementation of LA to support at-risk students to improve learning 

experiences and outcomes. They noted a dearth of research on human process that can 

assist meaningful adoption of LA. To address the gap, McKee (2015) developed and 

validated a model to guide instructors in the implementation of LA tools for supporting 

academically at-risk students as presented in Figure 3.7. The model is made-up of two 

dimensions: adoption and caution. Adoption includes six aspects including LA as 

evidence, reaching out, frequency, early identification/intervention, and self-

reflection. Caution is composed of three aspects and these are: scepticism, fear of 

overdependence, and question of usefulness. 

The model was evaluated for completeness, usefulness, effectiveness, efficiency, 

and learnability of the model using a Delphi panel consisting of LA experts. A Delphi 

panel is a group of experts that are surveyed and relied on to work out a decision. They 

concluded that the model can be generalized and applied to several learning 

environments and LA tools. The instructor LA implementation model by McKee 

(2015) identifies key issues pertinent to the implementation of LA tools more 

especially for supporting at-risk students. This is a big step towards building models 

and frameworks that advance the emerging field of learning analytics.  

 

 

 

Figure 3-7. Instructor Learning Analytics Implementation Model. From “The Construction and 

Validation of an Instructor Learning Analytics Implementation Model to Support At-Risk 

Students,” Doctoral dissertation,” by McKee, 2015, Retrieved from 

https://nsuworks.nova.edu/cgi/viewcontent.cgi?article=1983&context=gscis_etd. Computer 

Sciences Commons.  

Image removed
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3.8.4 Learning Analytics Acceptance Model (LAM) 

Ali, Asadi, Gašević, Jovanović and Hatala (2013) designed and validated a 

Learning Analytics Acceptance Model (LAAM) in a bid to understand the factors that 

may influence adoption of learning analytics tools. They focused on educators’ beliefs 

such as ease of use and usefulness and their relationship with the intention to adopt the 

tool. They studied how pedagogical knowledge and information design skills of 

educators, educators' perceived utility of a LA tool, and educators' perceived ease-of-

use of a learning analytics tool may affect adoption beliefs.  They reported that such 

factors are likely to influence whether instructors adopt LA tools or not. This is an 

important step towards developing theories for adoption of learning analytics.  

3.8.5 Framework for LA Implementation in Relation to Student Retention 

To offer education institutions a structured approach for discussing and how LA 

should be implemented West et al. (2016) developed a framework for implementation 

of LA in relation to students’ retention as shown in Figure 3.8. The “let’s talk learning 

analytics” framework is presents factors relevant to the institutional implementation 

of learning analytics for student retention purposes. The framework is composed of six 

key domains that institutions should address when implementing LA for student 

retention. These include institutional context, transitional institutional elements, LA 

infrastructure, transitional retention elements, LA for retention, and intervention and 

reflection. 

Because the framework is meant for stimulating discussions about 

implementation of LA across institutions, the authors provided discussion questions 

for each of the domains. This framework is a useful tool for guiding planning and 

decision making concerning the use of LA for student retention purposes given the 

multi-disciplinary nature requiring input from various disciplines. 
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Figure 3-8. Framework for LA Implementation in Relation to Student Retention. 

From “Let’s talk learning analytics: A framework for implementation in relation to 

student retention,” by West et al., 2016, Online Learning Journal, 20(2), p. 30-50.  

http://dx.doi.org/10.24059/olj.v20i2.792. Copyright 2016 by Online Learning 

Journal. 

3.8.6 Research and policy in development programme (RAPID) outcome 

mapping approach (ROMA) framework. 

Macfadyen and Dawson (2012) identified the need for integrating LA into 

institutional strategic planning processes. It is argued that wide institutional 

implementation of LA results into challenges given the fact that institutions are stable 

systems and there can be resistance to change (Ferguson et al., 2014). They addressed 

the gap by developing a framework to offer practical guidance to enable systematic 

development of strategy and policy for LA implementation in institutions. The RAPID 

(Research and Policy in Development Programme) Outcome Mapping Approach 

(ROMA) Framework was adapted to offer a systematic approach to institutional 

implementation of LA. The framework was grounded in case studies from the United 

Kingdom and Australia. The ROMA framework is a seven-step model (Ferguson et 

al., 2014) and supports the development of holistic understanding of context both 

internal and external, political and cultural context, and the links between actors and 

other mechanisms that may influence how policies are implemented (Young & 

Image removed
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Mendizabal, 2009). The framework is presented in Figure 3.9 and its seven steps are 

presented as follows: 

Step 1: Define a clear set of overarching policy objectives 

This step involves specifying the objectives for adopting LA and what the 

institution intends to achieve.  

Step 2: Map the context 

This involves examining the barriers to adoption in the local context. For 

instance, the people, institutions and processes that may hinder change and 

investigating whether evidence exists to justify the need for change.  

Figure 3-9. The RAPID Outcome Mapping Approach (ROMA). From “Setting 

learning analytics in context: Overcoming the barriers to large-scale adoption,” by 

Ferguson et al., 2014, Journal of Learning Analytics,1(3), p. 120–144. 

https://doi.org/10.18608/jla.2014.13.7. CC BY-NC-ND. 

Step 3: Identify the key stakeholders 

This step entails identifying stakeholders to inform strategic planning and design 

of approaches for informing, supporting and training. Since LA tool’s strategies, tools 
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and process may be designed to serve multiple stakeholders, is important that key 

stakeholders are identified.  

Step 4: Identify LA purposes 

The purpose for implementing LA should be specified in advance.  Given the 

fact that stakeholders have different need and goals, stakeholders’ needs should be 

identified and aligned to the institutional goals. Some of the LA purposes may include 

learner awareness, reflection and research, monitoring and tracking, evaluation and 

planning and reporting and communication. 

Step 5: Develop a strategy 

This step entails developing a strategy to ensure that LA purposes are fulfilled. 

Institutions have specified what needs to be done to ensure that multiple stakeholder 

needs are met.  

Step 6: Analyse capacity and develop human resources 

An evaluation of whether the institution has the capacity to implement the 

planned strategy should conducted. Given the multi-disciplinary nature of LA, 

identifying skill gaps that may hinder successful implementation and addressing these 

gaps is important.  

Step 7: Develop a monitoring and learning system 

Once LA have been implemented, institutions must iteratively map, plan and 

review to ensure effectiveness, learn and make improvements.  

Ferguson et al. (2014) illustrated how the framework can be applied with 

multiple case studies in different institutions in the United Kingdom and Australia. 

Thus, the framework is adaptable to different environments or LA tools.  

3.8.7 The Student Tuning Model and the Align Design Framework 

Wise (2014) and Wise et al. (2016) identified the challenge of failure not 

designing interventions based on output from LA tools. They pointed out that the 

design of LA is critical to their effective implementation given the prevalence in 

learning environments.  They proposed some key questions that can guide the design 

of interventions: when in the teaching and learning process should analytics be 

consulted; who should be accessing analytics; why are they being consulted; and most 

importantly, how the use of the analytics articulates with the rest of the teaching and 
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learning practices taking place. Wise (2014) addressed some of these questions by 

presenting framework composed of four principles to guide the design of pedagogical 

LA interventions. These include: Integration, Agency, Reference Frame, and 

Dialogue. Wise (2014) further described three core processes within the four principles 

including Grounding, Goal setting, and Reflection. The framework was extended and 

improved by Wise et al. (2016) resulting into two frameworks. The Student Tuning 

Model and The Align Design Framework. The student Tuning Model was presented 

as a model for student use of LA as part of a self-regulatory cycle of grounding, goal 

setting, action and reflection. The Student Tuning Model suggests that students 

continually plan, monitor and adjust their learning strategies as they are informed by 

learning analytics as shown in Figure 3.10. 

Figure 3-10. The Student Tuning Model. From “Developing Learning Analytics 

Design Knowledge in the" Middle Space": The Student Tuning Model and Align 

Design Framework for Learning Analytics Use,” by Wise et al., 2016, Online 

Learning, 20(2), p. 155-182. http://dx.doi.org/10.24059/olj.v20i2.783. Copyright 2016 

by Online Learning Journal.  

The Align Design Framework was provided with four principles for pedagogical 

design to support student use of analytics as presented in Figure 3.11. These four 

principles are Integration, Agency, Reference Frame, and Dialogue/Audience. The 

principle of integration states that instructors should situate student analytics use as an 

integral part of the learning process. They also gave suggestions on how integration 

can be achieved. Agency is another principle that states that students should take 

ownership of their learning process. Thus, LA should enable students to take 

responsibility for their own learning.  Learners should set their learning goals to self- 

Image removed
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evaluate and reflect upon their learning and devise improvement strategies. The 

principle of Reference Frame states that comparison points should be provided to 

students. Reference frames refer to individual or group reference where students can 

compare their level of activity with their priority, or where students compare their 

activity with a benchmark provided and or where students compare their progress with 

other students in the course. The comparison points may differ depending on the intent 

of the instructor or intervention and should be integrated into the use of LA. They point 

out the instructor should always choose the appropriate reference frames based on the 

goal of the intervention. The last principle is Dialogue/Audience that states that an 

environment should be created that supports the discussion of feedback or LA provided 

to enable proper interpretation. This enables dialogue to take place between student 

and instructors to encourage positive attitude towards LA to avoid tension and distrust 

among students.  

Whereas the above frameworks presented by Wise (2014) and Wise et al., (2016) 

are a good starting point while thinking about the design of LA as pedagogical tool. 

The frameworks put emphasis on data presentation and action based on analytics and 

not the LA design process. Nonetheless, the principles provided could be useful in 

developing a framework to guide the design process of SFLA tools.   

Figure 3-11. The Align Design Framework. From “Developing Learning Analytics 

Design Knowledge in the" Middle Space": The Student Tuning Model and Align 

Design Framework for Learning Analytics Use,” by Wise et al., 2016, Online Learning 

Journal, 20(2), p. 155-182. http://dx.doi.org/10.24059/olj.v20i2.783. Copyright 2016 

by Online Learning Journal.  

Image removed
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The student tuning model and the align design framework by Wise (2014) and 

Wise et al. (2016) is very suitable when thinking about the design of LA as pedagogical 

tools. However, the frameworks put emphasis on data presentation and action based 

on analytics and not the LA design process. Nonetheless, the principles provided could 

be useful in developing a framework to guide the design process of SFLA tools. 

3.8.8 The Information, Representation, Affordances and Change (IRAC) 

Framework 

Jones, Beer and Clark (2013) realized that most LA applications were outside 

the performance zone and so not likely to improve the teaching and learning process. 

They pointed out that most LA tools focus on data analysis, interpretation and 

representation and thus the need for mindful adoption. The IRAC framework is 

presented in form of questions that should be answered based on a given context and 

specific tasks to enhance the impact of LA on teaching and learning. The questions are 

presented as follows: 

Is all the relevant Information and only the relevant information available? 

Because LA is driven by enormous amount of data, much of the data may not be useful 

to the task. Therefore, specific questions must be answered as regards to data to be 

collected and used. Questions such as, is the information required technically and 

ethically available for use? How is the information to be cleaned, analysed and 

manipulated? Is the information enough to fulfil the needs of the task? Does the 

information captured provide a reasonable basis upon which to "contribute to the 

understanding of student learning in a complex social context such as higher 

education" (Lodge & Lewis, 2012, p. 563)? These questions should be understood and 

answered to achieve the task at hand.  

Does the Representation of the information aid the task being undertaken? 

The way the information is presented is important because it impacts on interpretation 

and reflection. Given the fact that many LA feedback is based on visualization 

features, it is critical that representation is thoughtful to avoid the possibility of users 

misinterpreting the information. 

Are there appropriate Affordances for action? 
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The affordances of a given tool and how it will support action are important to ensure 

that use is not hindered. Learning is a complex process and implementing a poorly 

designed tool may instead hinder learning. Therefore, the affordances of the tool must 

enable action and at the same time be fit for the context, the individuals and the task. 

How will the information, representation and the affordances be changed? 

This question is about taking an evolutionary approach to the design of LA. The 

incremental approach to development enables the implementation of change as well 

the participation of users in the design process. Questions such as “who is able to 

implement change? Which, if any, of the three prior questions can be changed? How 

radical can those changes be? Is a diversity of change possible?” (Jones et al, 2013, 

p.448).

Jones et al. (2013) claim that the IRAC framework can be used to improve the 

analysis and design of LA tools and interventions. However, a deeper analysis of the 

proposed questions shows that these questions are more suited to the implementation 

process rather than the analysis and design process. For instance, they proposed that 

questions such “Is the information sufficient to fulfil the needs of the task?” This is 

one of the questions suggested to address the guideline question of “Is all the relevant 

Information and only the relevant information available? Although they talk about the 

information being enough to fulfil user needs, they don’t discuss how user needs may 

be assessed. In the other question of “Does the Representation of the information aid 

the task being undertaken?”  They add that this question focuses on how easy the users 

can interpret and understand the feedback provided by learning analytics. An issue that 

is related to usability testing when the tool has already been designed. Therefore, the 

IRAC cannot holistically support the analysis and design process of SFLA but provides 

useful guidelines that can be used as a checklist during implementation and evaluation 

of a LA tool. For instance, they emphasize the continuous improvement of LA tools 

based on user and institutional needs and mindful innovation that appreciates context. 

This is likely to enhance the use and effectiveness of LA although they don’t give a 

detailed account on how these can be achieved.  

3.8.9 A General Framework for Design of Automated Discourse Analysis (ADA) 

Instruments and Representations from First Principles 

Kelly, Thompson and Yeoman (2015) developed a general framework for the 

design of ADA instruments from first principles to enable mindful design or connect 
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theory with the design process. Their framework is presented in Figure 3.12. Kelly et 

al. (2015) argue that by drawing first principles from theory, designers can conduct 

theory-led design. They define theory-led design as a form of innovative design that 

begins by generating first principles from the theory and these principles inform the 

design process by suggesting the function, structure and behaviour of tool. The 

proposed framework for the process of theory-led design. The framework addressed 

what first principles are, how they are developed and used as illustrated in Figure 3.24. 

The framework was proposed based on Gero (1990) three reformulations of function, 

behaviour, and structure to illustrate the process of theory-led design. The framework 

consists of three processes as presented below. 

Establishing Function. This involves engaging with theory throughout the 

design process to establish the function of the tool to be developed (Kelly et al., 2015).  

It entails identifying objectives of the tool, stakeholders and establishing first 

principles from theory. 

Establishing Behaviour and Structure. This process is about establishing the 

expected behaviour of the tool based on the function. It involves identifying the things 

that designers should address to ensure that the function of the tool is achieved (Kelly 

et al., 2015). Therefore, the behaviour of the tool may refer to the features that a tool 

should have to achieve the objectives of the tool. The structure intends to create an 

artefact that can meet the expected behaviours. In a learning analytics tool, the 

elements of the structure may include data sources, methods of analysis, and methods 

of representation. 

Iterating through Evaluation and Reformulation. This involves iterating the 

three processes by revising the function, behaviour and structure. The evaluation 

process triggers the reformulation by comparing the expected behaviours with the 

actual behaviours (Kelly et al., 2015). In a learning analytics tool, reformulating the 

structure may involve updating the processing algorithm to improve the performance 

of the tool. 
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Figure 3-12. A general framework for design of ADA instruments and representations 

from first principles. From “Theory-led design of instruments and representations in 

learning analytics: Developing a novel tool for orchestration of online collaborative 

learning,” by Kelly et al., 2015, Journal of Learning Analytics, 2(2), p. 14–43. 

https://doi.org/10.18608/jla.2015.22.4. CC BY-NC-ND. 

Kelly et al. (2015) claims that this framework can guide the design of LA tools 

based on first principles. They further illustrated the framework with an example of 

developing a tool for assisting instructors with the orchestration of online groups in 

real-time. It is noted that Kelly et al. (2015) framework for theory-led design is an 

important step towards addressing the challenges of LA not being grounded in theory. 

However, they only state that a relationship should be established between the theory 

and objectives of the tool. They state that designers should establish first principles 

and use them to establish the relationship between theory and the objectives of the tool. 

In addition, there several challenges for surrounding the design of SFLA and what 

Kelly et al. (2015) try to address is one of them. Thus, their framework alone cannot 

guide the successful design process of SFLA. 

3.8.10 Learning Awareness Tools — User experience (LATUX) 

Martinez- Maldonado et al. (2015) recognized the challenge of designing, 

validating and deploying LA tools for both teachers and students given the fact that it 

involves the use of techniques and methods from different disciplines such as software 

engineering, human-computer-interaction and learning science among others. They 

further pointed out that there is no acceptable approach for designing LA tools while 

addressing the requirements from the different disciplines. To address the gap, 

Martinez- Maldonado et al. (2015) proposed a five-stage iterative workflow 

underpinned in pedagogy to design, deploy and validate awareness tools in 

technology-enabled learning environments. Their framework was inspired by 

“Human-centred design for interactive systems” standard — ISO 9241-210 (2009) a 

widely accepted standard for developing user interfaces. 
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The workflow is called LATUX (Learning Awareness Tools — User 

experience) with and its stages include problem identification, low-fidelity 

prototyping, higher fidelity prototyping, pilot studies, and classroom use as presented 

in Figure 3.13. Each stage is made-up of specific steps that should be undertaken to 

ensure that the learning process and pedagogical requirements are addressed during 

the development process of visualization tools to enable instructors make informed 

pedagogical decisions or intervention strategies. The LATUX workflow was 

illustrated in a case study of an awareness tool for instructors to observe small group 

interactions in a classroom. They reported that by following the LATUX, they were 

able to design valuable LA interfaces for learning and teaching. 

Figure 3-13. Conceptual Representation of the LATUX Workflow for Designing 

and Deploying Awareness Tools. From “LATUX: An Iterative Workflow for 

Designing, Validating, and Deploying Learning Analytics Visualizations,” by 

Martinez-Maldonado et al., 2015, Journal of Learning Analytics, 2(3), p. 9-39. 

https://doi.org/10.18608/jla.2015.23.3 CC BY-NC-ND  

They concluded that this work was an initial step towards addressing the pressing 

need for frameworks to address the design of LA awareness tools to improve teaching 

and learning experiences. The LATUX framework provides a good start when thinking 



97 

about the design of LA tools, it is more biased with the designer’s context rather than 

the users and theoretical context. For instance, they focus so much on prototyping and 

providing guiding questions that designers should address during design rather that 

what designers should do to address the different questions or design aspects. In 

addition, they focused on design of awareness tools to guide instructors rather than LA 

tools for students use. 

3.8.11 Comparison of learning analytics frameworks 

The learning analytics frameworks discussed above have differing points of 

focus, some offer general guidelines for implementing learning analytics while others 

focus on a few design aspects. As presented in Table 3.3, 7/10 reviewed frameworks 

focus on addressing the implementation of LA tools and only 4/10 address some design 

issues. This is evident that the design process of LA tools has been given little attention 

by LA analytics researchers in general. This concurs with prior studies that reported 

that the design and development process of SFLA has been given little attention 

(Bodily & Verbert, 2017; Martinez- Maldonado et al., 2015). Thus, the necessity for 

LA researchers and practitioners to undertake research targeting the design and 

development process rather than focusing on final LA tools. 

Although 4/10 reviewed frameworks address the design of LA tools, only 2/4 of 

the frameworks offer some process-oriented design guidelines. Notably, none of the 

frameworks specifically addresses the analysis and design of SFLA for supporting 

SRL. 
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Table 3-3 

 Comparison of the learning analytics frameworks 

Framework & Author General 

guidelines 

Design Implementation Evaluation 

A Generic Framework for 

Learning Analytics (Greller 

& Drachsler (2012) 

✓

(Learning Awareness Tools 

— User experience (LATUX) 

(Martinez- Maldonado et al., 

2015) 

✓

The Evaluation framework 

for Learning Analytics 

(EFLA) (Scheffel, 2017) 

✓

Learning Analytics 

Implementation Model 

(McKee, 2015) 

✓

Learning Analytics 

Acceptance Model (LAM) 

(Ali et al., 2013) 

✓

Research and Policy in 

Development Programme 

(RAPID) Outcome Mapping 

Approach (ROMA) 

Framework (Macfadyen & 

Dawson, 2012) 

✓

Principles for the adoption of 

LA tools (Dringus, 2012) 

✓ ✓

The Student Tuning Model 

and the Align Design 

Framework (Wise, 2014 & 

Wise et al., 2016) 

✓

The Information, 

Representation, Affordances 

and Change (IRAC) 

Framework (Jones, Beer & 

Clark, 2013) 

✓ ✓ ✓ ✓

A general framework for 

design of ADA instruments 

and representations from first 

✓ ✓ ✓
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principles. (Martinez- 

Maldonado et al., (2015) 

3.8.12 Review of learning analytics design frameworks in addressing SFLA 

design challenges 

In this section, an examination of the two frameworks; the general framework 

for design of automated discourse analysis (ADA) instruments and representations 

from first principles (Kelly et al., 2015) and the learning awareness tools — user 

experience (LATUX) (Martinez- Maldonado et al., 2015). These frameworks were 

found to offer some process-based guidelines for designing LA tools as discussed in 

section 3.8. In this section, a review of how these two frameworks address the current 

challenges in the design of SFLA for supporting SRL is presented. 

To what extent do existing LA design frameworks address the current challenges 

in the design process of student-facing learning analytics for supporting self-regulated 

learning? 

The identified challenges as presented in section 3.8 include: poor needs 

analysis, poor student involvement, designs are not theoretically driven, poor 

evaluation, one size fits all design approach, focus on social comparison and scarcity 

for design frameworks. 

Martinez- Maldonado et al. (2015) presented the learning awareness tools — 

user experience (LATUX) to support the design, deployment and evaluation of LA 

tools. They specify a set of processes and questions that designers should address 

during the design and development process of LA tools. The LATUX workflow 

provides a good starting point when thinking about the deployment and evaluation of 

a proposed tool although the authors focussed on design of awareness tools to guide 

instructors rather than LA tools for students use. However, the workflow does not 

provide detailed guidelines for the early stages of analysis and design as the framework 

is evaluation oriented rather than analysis oriented. Notably, the workflow consists of 

five stages of which the first stage is problem identification and the other four are 

evaluation stages. 

In addition, although Martinez- Maldonado et al. (2015) state questions to be 

addressed at each stage of the workflow, they do not state specific guidelines to address 

each of the proposed questions. Furthermore, they focus so much on prototyping a 
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challenge already mentioned by which Shiraza (2015) affecting the design quality of 

LA systems. For that reason, this framework focuses on evaluation of several 

prototypes to ensure usability, other than critical issues in the analysis and design of 

SFLA for supporting SRL. Design issues such as poor grounding in learning science 

theory, one size fits all, focus on social comparison, and poor needs analysis are not 

given much attention. While Martinez- Maldonado et al. (2015) stated that at the 

problem identification stage that the teaching approach or intended pedagogy should 

be considered thus linked to the context which may suggest identifying theory. The 

authors do not explicitly mention anything to do with grounding LA systems design in 

learning science. Even though they mention that requirements should be identified in 

their question “what are the requirements?” assessment of user needs is more than just 

identifying requirements. Abras et al. (2004) asserts that user needs should drive all 

the design activities during the design and development process of technology 

artefacts. This is attributed to the fact that when a design solution fails to meet user 

expectations, usability and adoption issues may arise and, in extreme cases, the product 

may be completely rejected (Abras et al., 2004; Preece et al., 2000). In the design and 

development process of SFLA, the student is the primary user and so design activities 

should revolve around the student, else, there is a risk of designing tools that would 

not add value to the learning process, impede learning and or be rejected by the 

students. Given the fact that users more especially learners have different needs, 

interests and preferences, addressing their differences during analysis and design is 

important if LA are to impact teaching and learning practices. Therefore, the LATUX 

workflow alone cannot guide the successful analysis and the design process of SFLA. 

Kelly et al. (2015) illustrated how theory-led design can be conducted as a form 

of innovative design that starts with theory to establish first principles and then develop 

the artefact through an abductive process. They proposed some questions as guidelines 

to designers in conducting LA design based on first principles. The questions are: What 

are these first principles? How are they developed and how are they used? A general 

framework was then proposed to enable both researchers and practitioners address 

these questions during the design of new tools. The framework distinguishes between 

function, behaviour, and structure as forwarded by Gero (1990) and how the first 

principles fit into the design process. According to Kelly et al. (2015), the first 
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principles are used to establish the function, behaviour and structure of the proposed 

tool. 

While the framework proposed by Kelly et al. (2015) can enable designers and 

educators in conducting theory-led design, it does not address other challenges such as 

the one size fits all design approach, the focus on social comparison, poor needs 

analysis and user involvement among others. Poor grounding LA in learning science 

theory is just among the many challenges surrounding the design of SFLA for 

supporting SRL. A summary of the two existing frameworks by Kelly et al. (2015) and 

Martinez- Maldonado et al. (2015) address the current challenges in the design of 

SFLA for supporting SRL is presented in Table 3.4.  

Table 3-4 

Summary of how Kelly et al. (2015) and Martinez- Maldonado et al. (2015) 

frameworks address the current SFLA design challenges 

Frameworks learning awareness tools — 

user experience 

(LATUX) 

A general framework for design 

of ADA instruments and 

representations from first 

principles 

SFLA analysis and design Challenges 

LA tools not 

theoretically driven 

or informed 

They state that the teaching 

approach or intended pedagogy 

should be considered thus 

linked to the context. From our 

own understanding, this may 

imply grounding the design in 

theory. 

However, the authors don’t 

mention anything about the 

design being theory driven or 

grounding the LA in learning 

science 

They provided the questions that 

can guide theory-led design and 

illustrate them with a framework 

on how they can drive the design 

activities. They provided an 

example of how first principles 

can inform the design process of 

tools for ADA of group learning. 

Hence a good starting point when 

thinking about theory-led design 

of SFLA systems. 

Needs analysis Question one is problem 

identification is “what are the 

requirements?” 

They compressed the whole 

analysis phase into problem 

identification 

They mention about identifying 

the stakeholders but not clear how 

stakeholder needs should be 

examined  

Student 

involvement 

They cited that identifying 

stakeholders is a step for 

successful design. However, 

stakeholder or student 

involvement is emphasized in 

evaluation of prototypes on 

They mention about identifying 

the stakeholders but no details on 

how stakeholders should be 

involved in the design 

process/how they should drive the 

design and development process 
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several iterations and no in the 

problem identification or 

analysis phase. This is very 

important as user needs should 

be understood before 

development and evaluation 

‘One size fits all’ 

design approach 

Although they mention about 

identifying the stakeholders 

and iterative evaluation, they 

are silent about addressing 

users in this case 

student/learner differences. 

These differences may be 

addressed to meet specific 

needs through personalization 

or adaptation 

Nothing is said about addressing 

learner differences in the analysis 

and design phase 

Focus on social 

comparison 

Nothing was mentioned about 

social comparison 

Nothing is said about social 

comparison 

Learning analytics 

tools are heavily 

based on one source 

of data i.e. LMS 

data 

They state that different 

sources of data should be 

considered rather than learning 

logs although they don’t state 

how to determine the most 

appropriate data to be tracked 

and reported 

They state that data source should 

be identified but no details what 

and how? 

Scarcity of design 

guidelines  

Compresses the analysis and 

design phase into problem 

identification and then puts 

emphasis on iterative 

evaluation of the prototypes a 

challenge that has already been 

pointed out into literature 

concerning the development of 

LA tools 

The framework is a good starting 

point in addressing the issue of 

poorly grounded LA tool designs. 

However, the framework is too 

simplistic towards addressing the 

rest of analysis and design issues 

of LA tools. This is attributed to 

the fact that they focused so much 

on grounding the tool but paid 

little attention to other critical 

analysis and design issues such as 

user differences and needs 

analysis are not stressed 

3.8.13 Review limitations 

 It is important to mention that the above review of LA frameworks may have 

some limitations: To begin with, the review was limited to specific key works and 

databases and so some related articles may not be included. We also limited our review 

to only papers whose full text was written in English. Lastly, some relevant articles 

were excluded because of failure to access them in full text.  
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Nonetheless, it is important to note that SFLA are here to stay and so we need to 

address issues of rigor in the design and development process to ensure that they 

impact the teaching and learning process. 

3.9 SUMMARY AND IMPLICATIONS 

While current research on LA is immersed in developing and deploying 

artefacts, there is a need for a shift towards developing theories, models, and 

frameworks to address the broader research issues so as to ground the emerging field 

of LA. Learning analytics researchers such as Bodily and Verbert, (2017), Martinez- 

Maldonado et al. (2015), and Bodily et al. (2018) assert the need for research 

addressing the design and development of SFLA reporting systems arguing that this 

will likely increase rigor in design while enhancing their quality and impact. To 

respond to Bodily and Verbert's (2016) call for research targeting the design and 

development process of SFLA, literature was reviewed, and an exploratory study was 

conducted to identify the most common and pressing challenges in the analysis and 

design of SFLA systems. From both literature and the explorative study among 

learning analytics experts, several challenges were revealed, and these include a poor 

grounding in learning science theory; poor needs assessment; poor student-

involvement; focus on social comparison; one-size-fits-all design approach; the 

scarcity of design frameworks/guidelines; poor evaluation; and the heavy reliance on 

LMS data. A systematic literature review was then conducted to identify existing 

frameworks, models, and approaches that can possibly guide the design and 

development of SFLA. Two frameworks were found to be applicable to the analysis 

and design of LA tools and were examined further to find out the extent to which they 

addressed the current challenges in the design of SFLA for supporting SRL. These 

included the LATUX workflow (Martinez- Maldonado et al. 2015) and the general 

framework for the design of ADA instruments and representations from first principles 

(Kelly et al. 2015). 

While the LATUX framework can guide designers in conducting quick 

evaluations to determine the usability of the tool, it falls short in addressing critical 

issues in the analysis and design of SFLA for supporting SRL. For instance, needs 

analysis, one-size -fits-all, focus on social comparison, and the lack of theory-led 

design among others. On the other hand, the framework by Kelly et al. (2015) 

addresses the issues of theory-led design but doesn’t give attention to other important 
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issues such as needs analysis, one-size-fits-all, and focuses on social comparison 

among others. Moreover, this framework does not address the design of SFLA for 

supporting SRL. To design effective SFLA systems that will foster SRL, enhance 

learning experiences and outcomes, it is important that all the issues identified in the 

literature concerning the analysis and design phase of SFLA systems are addressed. 

From the above discussion, it is evident that the frameworks reviewed can 

address some of the issues in the analysis and design phase of SFLA systems from 

different perspectives. However, none of the frameworks is comprehensive enough to 

address the current issues surrounding the design of SFLA for supporting SRL. To 

begin with, evidence suggests the need for an interdisciplinary approach to the design 

of LA so as to establish a connection with other fields such as Human-Computer 

Interaction (HCI), Learning Sciences, Information Visualization, and Computer 

Graphics among others (Balacheff & Lund, 2013; Chatti et al. 2012; Duval, 2011; 

Martinez- Maldonado et al. 2015; Siemens, 2012). Literature indicates that the design 

of LA tools demands so many challenging interdisciplinary processes separate from 

the other, yet they must achieve one design goal (Martinez- Maldonado et al. 2015). 

Given the fact that learning is a complex process and LA are about learning, there is a 

need for systematic processes to guide the design of successful SFLA to foster student 

SRL. 

However, there is a dearth of research exploring the human processes that can 

systematically guide the analysis and design of LA systems to support self-regulated 

learning despite the evident need (Martinez- Maldonado et al. 2015). This cannot be 

ignored at such a time when the field is moving towards maturity and the demand for 

effective tools is obvious. This calls for the design of interdisciplinary approaches, 

frameworks, and models as a foundation for developing usable SFLA that will support 

SRL and enhance the teaching and learning practices. This study addresses this gap by 

proposing an approach in the form of design guidelines to support the design of SFLA 

for supporting SRL. It is believed that this will be an important step towards 

contributing to the burgeoning need for methods, approaches, frameworks, principles, 

and guidelines for designing LA systems. Since LA is a new field, Shirazi, (2015) 

asserts that there is a need for developing a body of knowledge to address the design, 

development, and implementation issues in LA systems in general. 
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In this study, the focus was on how the design of SFLA for supporting SRL can 

be improved by addressing the key issues identified in section 3.6 such as poor 

grounding in learning science theory, one-size-fits-all approach, poor needs analysis, 

and limited students’ involvement. Therefore, establishing students SRL support needs 

while considering learning science theory and SFLA preferences is crucial in 

addressing the above gap. 
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Chapter 4: Exploratory study with learning 

analytics experts 

4.1 INTRODUCTION 

The purpose of this chapter is to present the exploratory study that was conducted 

with learning analytics experts to ascertain the relevancy and urgency of the research 

problem. 

To solve a research problem, there is need for first understanding the problem 

context to determine the specific need/problem to be addressed. Hevner (2004) points 

out that the significance of the research largely depends on the views of the 

practitioners in the problem domain. Getting views from specific practitioners or 

experts in each problem situation unveils the significance of the research problem. It 

is on this premise that an explorative study was conducted to demonstrate relevancy 

of and gain deeper understanding of the research problem. The exploratory study was 

conducted among learning analytic experts including learning analytics designers, 

learning analytics researchers, learning analytics educators and other learnings 

technical experts. This gave insight into current issues in the design of student-facing 

learning analytics (SFLA), what can be done to address them and ascertained whether 

learning analytics experts recognize the need for guidelines to support the design of 

SFLA for supporting self-regulated learning (SRL). 

This chapter is structured as follows: Section 4.2 presents the survey design 

while section 4.3 presented the study results. In section 4.4, summary insights from 

the exploratory study are presented. Finally, section 4.5 presents the conceptual 

framework proposed after synthesizing findings from literature about SFLA design 

issues and results from the explorative study.  

4.2 SURVEY DESIGN 

This section presents the aim of the survey, the instrument design and validation, 

the target respondents, survey questionnaire, sample size, sampling methods and 

procedure as well as the limitations of the survey. 
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4.2.1 Aim of the survey 

The main aim of the explorative survey was to investigate the challenges 

surrounding the design and development process of SFLA. 

The LA stakeholder survey instrument (Appendix B) was developed based on a 

literature review and the research question to be answered. The survey was designed 

in SurveyMonkey. The aim of the survey was to answer the following research 

questions. 

1. What issues are evident in the design of student-facing learning analytics

for supporting self-regulated learning?

2. What can be done to improve the design process of student-facing

learning analytics for supporting self-regulated learning?

3. Do stakeholders recognize the need for guidelines to support the design

of student-facing learning analytics for supporting self-regulated

learning?

4.2.2 Instrument design and validation 

A self-administered questionnaire was designed in surveyMonkey based the 

research questions, review of literature, and the researcher’s personal experience in 

online learning and learning analytics. The questionnaire was composed of 

demographics questions, and open and closed-ended questions about learning 

analytics design issues and possible solutions (See Appendix B). To begin with, an 

open-ended questionnaire was designed and tested among learning analytics experts. 

The questionnaire was sent to fifteen (15) LA experts but response was obtained from 

eleven (11) experts. The responses from the eleven experts were then reviewed, coded 

and used to formulate possible responses to majority of the closed-ended questions in 

the questionnaire.   Therefore, the insights gained from the responses of the eleven LA 

experts formed the basis for refining the first questionnaire for instance, converting the 

open-ended questions into closed questions. The instrument was then validated by 

three (3) LA expert including a researcher and two designers. Based on their feedback, 

the instrument was further refined and then used to conduct the actual explorative 

survey (See B.1 and B.2). 
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4.2.3 Sampling procedure and sample size 

The target population in the survey were learning analytics experts including 

researchers, designers, educators and LA students. As discussed in chapter three, it 

was not easy to estimate the actual size of the population of LA experts since they were 

our target respondents. First, a list of 100 learning analytics scholars together with their 

email addresses was generated from 30 journal articles that were reviewed by Bodily 

and Verbert (2017) on student-facing learning analytics reporting systems. And 40 

Learning Analytics and Knowledge (LAK) conferences papers presented between 

2016 and 2018. All these studies discussed/reported on the design, development and/or 

evaluation of a learning analytics dashboard, tool or system for student use. Although 

many scholars had presented LA tools targeted at student, only those ones that that 

belonged to research groups that had published several papers on LA tools, dashboards 

and or systems were considered. The list of LA experts was generated this way because 

it was assumed that these scholars had reasonable experience in learning analytics and 

so no need to inquire whether they were learning analytics experts or not to participate 

in the study. From the list, 50 participants were then randomly selected staring from 

expert number 1 on the list and then skipping the second person until up-to the 100th 

person. 

4.2.4 Data collection and analysis 

Ethical clearance was obtained from the Human Resources Ethics Committee 

(GU Ref No: 2017/271) to conduct the study. An email request for participation in the 

online survey was then sent containing a link to the survey. The survey was open for 

two months and three remainders were sent to the participants at the end of the two 

months, 33 out of the 50 responded. This was a response rate of 66% which is adequate 

because according to Livingston and Wislar (2012), a response rate of 60% in 

surveys/questionnaires is recommended to reduce the risk of bias and maintain 

statistical significance. However, it should be noted that learning analytics experts 

were purposively sampled being an exploratory study. 

The collected data was then analysed using Statistical Package for the Social 

Sciences (SPSS) version 24. Descriptive statistics were used to interpret the data, and 

this enabled us to identify the most pressing challenges in the design of SFLA and the 

candidate solutions. The findings are discussed in section 5.2 of this chapter. 
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4.2.5 Limitations of the survey. 

Since learning analytics is an emerging field, it was challenging to decide who 

is an expert and who is not, or who is a designer and who is not. It can only be assumed 

that authors of several papers on the design, development and or evaluation of a LA 

tool, systems or dashboard had some expert knowledge in the current state of LA 

design. Therefore, the results presented largely give preliminary insight into issues 

surrounding the design of LA systems in general and the breadth of issues that LA 

scholars should deal with to advance the promising field of LA and SFLA design. 

4.3 RESULTS 

The survey findings are classified and discussed into four subsections, i.e. (i) 

participant demographics, (ii) challenges in the design of student-facing learning 

analytics systems, (iii) recommendation from learning analytics experts on how the 

design of SFLA systems should be improved, and (iv) the need for a framework to 

guide the design of SFLA systems.  

4.3.1 Sample characteristics 

As shown in Table 4.1 below, the results revealed that 60.6% of the respondents 

were male whereas 39.4% were female. The most common age groups for respondents 

was 25-34 and 35-44 years constituting 36.4% & 36.4% respectively. The rest of the 

respondent were in the 45-54 years age group and that is 27.3%. It was also observed 

that majority of the respondents were learning analytics researchers (51.5%).  This 

result implies that the respondents were in position to understand the issues 

surrounding the design of learning analytics systems. The learning analytics 

developers constituted 36.4% while the rest were learning analytics educators or 

teachers (12.12%).  

Table 4-1 

Sample characteristics 
Student 

Demographics 

Frequency % Student Demographics Frequency % 

Gender LA Expert category 

Female 13 39.4 Researchers 17 51.5 

Male 20 60.6 Designers/developers 12 36.36 

Age group Educators/Teachers 4 12.12 

18-24 0 0 LA experience 

25-34 12 36.36 Less than 5 years 0 0 

35-44 9 36.36 2-5 years 13 39.39 

45-54 9 27.27 6-10 years 16 48.48 

55-64 0 0 More than 10 years 4 12.12 
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The  respondents were then asked to state any other issues that surround the 

design of SFLA systems. “What issues are evident in the design process of student-

facing learning analytics for supporting self-regulated learning?” The themes arising 

are summarised in Table 4.3. 

Table 4-3 

 Current issues in the design of SFLA for supporting SRL 

Question Responses Theme derived 

“What issues 

are evident in 

the design 

process of 

student-facing 

learning 

analytics 

systems? 

many designers just focus on generating 

prototypes without proper analysis to get 

detailed user needs. currently not many 

designers follow scientific methods to 

design LA tools 

Many design solutions lack rigor. Not fully 

researched and grounded in proper 

methods 

Lack of rigor in design of 

SFLA systems 

many designers focus on visualization 

features 

focus on visualisation features 

Focusing on only visualisation but not 

interpretations 

Many designers focus on visualisation 

features instead of the purpose 

Designers have focused on enhancing visual 

features with little attention to how learning 

would be impacted. 

Too often there is a focus on dashboard as a 

central application that is accessed 

separately. LA should be embedded in 

collaborative tools and areas within the 

LMS. Smaller apps (even single 

visualisations) might be more practical to 

get students to focus on interpreting the 

data and acting upon it. 

Focus on visualization 

features 

Designers focus on technical requirements 

and less attention is given to the student 

needs 

Over focusing on technical issues 

Frequently the design process is dominated 

by what is computationally acceptable or 

Techno-centric design 
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tractable rather than being intertwined with 

the pedagogical design. 

usually students are not advised on what 

action to take after getting feedback 

 The dashboards should provide actionable 

insights to students, something that will 

cause 

them to change and improve their 

behaviour 

many people focus on how learners are 

performing but they don't help them what 

they can do to 

improve 

focus on providing feedback alone but not 

how students should use the feedback 

No proper guidelines to 

students on what actions to 

take after getting the 

feedback 

No actionable feedback 

Some tools are not easy to use SFLA tools are not user-

friendly 

students may not be able to interpret the 

feedback 

many visualisations yet students can't 

interpret 

One type of feedback is always given to all 

learners despite the differences 

Student differences are rarely considered. 

Student are not supported enough to take 

action after getting feedback 

One size fits all approach 

Many learning tools are being designed for 

individual courses 

The focus is on individual courses, but 

students have multiple courses at the same 

time. The systems should take more holistic 

view of their schooling, as different level of 

engagement in one course is often caused 

by the focus on another course.  

Course specific 

The survey findings presented in Table 4.3 and Table 4.4 revealed several 

challenges related to the design of learning analytics that may be addressed as 

technical, educational, design, and implementation. Since this study focuses on 

challenges related the human process undertaken before the actual development of the 

systems. The following challenges were considered eminent from the LA expert 

perspective: lack of frameworks to address the design and development process; 

students are not involved in the design process; there is no proper needs analysis; 
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SFLA designs are not grounded in learning science theories; learner differences are 

not addressed in the design process; SFLA are designed based on one source of data; 

most SFLA systems focus on social comparison features; evaluation of SFLA does not 

focus on the learning impact. These results are in line with the findings presented in 

literature in section 3.8.  

4.3.3 Key considerations in the design process of SFLA 

The respondents were asked how the key challenges in SFLA design should be 

addressed propose important considerations in the design process of SFLA systems. 

“In your view, how should the above issues be addressed during the design process of 

student-facing learning analytics?” “In your view, what do you believe are important 

considerations in the design process of student facing learning analytics?” 

The respondents gave several recommendations on how the issues in the design 

of SFLA systems should be addressed and pointed out the most important 

considerations in the design of SFLA systems. The responses from the respondents are 

presented in Table 4.4. 

Table 4-4 

Key considerations in the design process of SFLA 

Question Responses Theme derived 

In your view, 

how should the 

above issues 

be addressed 

during the 

design process 

of student-

facing learning 

analytics?”. 

An approach for addressing the design process of 

SFLA will be helpful 

some guidelines that can help designers while 

conducting design can possibly solve some issues 

Designers should be given design guidelines 

Some steps to address the challenges can help 

there is need for proper approaches to help designers 

address the design process 

Some guidelines should be given to help designers 

Some guidelines in form of a framework might help 

designers 

The need for 

specific 

guidelines to 

support the 

guide design 

process of 

SFLA 

“having a multi-disciplinary design team and taking a 

user -centred design approach 

Having an interdisciplinary design team 

Designers have to work hand in hand with education 

experts while involving students at large 

Different stakeholders such as students, designers and 

education experts should be involved. 

Multi-

disciplinary 

team 
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user-centred design approach can solve some of the 

problems like poor student involvement and poor 

needs analysis 

Students should be the centre of all the design 

activities 

Human centred design approach should be taken 

A learner centred design approach should be taken 

A learner centred approach should be taken while 

designing 

a learner centred design should be taken 

students should be involved, and their needs should be 

examined 

Taking a human centred design approach will help in 

addition to focusing on improving the overall learning 

process student needs should be assessed and taking a 

user centred design approach will be useful. 

User-centred 

design approach 

Consider theory while designing 

There should be more student involvement and theory 

grounding 

The pedagogical nature of the student context needs to 

be considered, and in particular specific learning 

tasks. Many issues are associated with a focus on the 

artefact rather than the pedagogical dimension of the 

task. 

Pretty much it was answered by the questions: 

1) More theoretical foundation,

2) More involvement of students in the design

(especially of UI) and

3) Better assessment of student needs.

I think learning theories should guide the design of 

student-facing learning analytics since they are about 

improving learning. 

Theory-driven 

design 

students should be guided on what to do next so as to 

improve their learning 

Learners should be supported to interpret feedback 

Actionable 

feedback 

Short-term evaluation for tools. I think evaluation of 

the impact of tools should be done in longitudinal 

studies. 

Evaluation 

“In your view, 

what do you 

believe are 

important 

systematic scientific methods in software development 

should be followed 

Rigor in design 

and 

development 

process 
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considerations 

in the design 

process of 

student facing 

learning 

analytics?” 

the design team should have members from various 

disciplines 

Interdisciplinary 

team 

Students should be allowed to customise their LAD 

features 

Addressing 

learner 

differences 

students should be involved in design and trained to 

use SFLA 

Training 

Some constructs in adoption models should be 

considered during design 

Adoption issues 

user needs should drive the design activities 

Student needs 

I think student needs should drive the design of 

student-facing learning analytics 

User needs should form the basis of design and 

creating awareness among students and the 

design team is important 

The goal or purpose of the learning analytics tool is 

important 

improving the teaching and learning should be the 

driving force in all the design activities 

Needs 

assessment 

do students have the skills to interpret feedback 

Give students some skills on data literacy 

Awareness and 

sensitization 

Multiple sources of data should be included not only 

LMS data 

data from different sources should be applied in 

designing and implementing the student analytics 

Multiple sources 

of data 

All stake holders should be identified and involved 

from the start to end. And then generic 

approaches should be built to support the designers in 

the design process 

All stake holder involvement is still lacking 

involving students and other key stake holders 

all stakeholders should be involved in the design 

process 

all stake holder involvement is important in addressing 

some of the above issues 

Stakeholder 

involvement 

Learning based theories should form the basis of all 

design activities 

Learning science theory and training students in data 

literacy 

Theory-driven 

design 
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Learning theory, an understanding of Learning 

analytics implementations, evaluations of prototypes, 

helping students interpret analytics and take informed 

actions. 

Well established principles should form the basis for 

the design of learning analytics 

It should be focused on actual learning, not some 

related aspect. Outcomes must be actionable by 

the student. There is no point providing analytics that 

are of no use to the student for their own 

learning 

Involvement of students, good assessment of student 

needs, good orchestration of different data 

sources across institution, provision of actionable 

feedback 

Actionable 

feedback 

The respondents were then asked if guidelines to support the design process of 

SFLA are needed. “Q11: Guidelines to support the design process of student-facing 

learning analytics for supporting self-regulated learning are needed”. The results 

presented in Figure 4.1 showed that 72.73% strongly agreed and 18.8% agreed that 

guidelines are needed to support the design process of SFLA for fostering SRL. 

Figure 4-1. LA experts’ level of agreement to the need for guidelines for SFLA 

design  

The respondents were further asked whether guidelines to support the 

design process of SFLA for supporting SRL if existed would be useful. The results 

presented in Figure 4.2 showed that 66.7% strongly agreed and 27.3% agreed that if 

guidelines es existed to support the design process of SFLA, they would be useful to 

them. 
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Figure 4-2. LA experts’ level of agreement to the usefulness of design guidelines for 

SFLA design 

Lastly, the respondents were asked to state any additional information that they 

believe would be useful to guide the design process of SFLA for supporting SRL. 

As shown in Figure 4.3, respondent 1 suggested that SFLA systems design is not 

about data available but issues that affect students while respondent 4 stated that user-

centred design approaches should be taken. Respondent 5 suggested that SFLA should 

be implemented where they can improve learning with minimal interruptions. Lastly, 

respondent 7 argued that taking software engineering design approaches could 

improve the design of SFLA for supporting SFLA. 

Figure 4-3. LA experts responses on additional information to guide the design of 

SFLA for SRL support 
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4.4 SUMMARY OF INSIGHTS FROM THE EXPLORATORY STUDY 

The aim of the explorative study was to demonstrate the relevancy of the 

research problem and gaining further insight into the research problem. The insights 

gained are summarised below, as responses to the three key questions posed: 

1. What issues are evident in the design of student-facing learning analytics

for supporting self-regulated learning?

The results presented in section 4.3.2 revealed several challenges surrounding the 

design of SFLA for supporting SRL. These challenges can be related to the design of 

learning analytics that may be considered as technical, educational, design, and 

implementation among others. However, in this thesis, the focus was on challenges are 

related to the human process undertaken before the actual development of the systems 

for instance needs/requirements analysis and these are: lack of proper frameworks to 

address the design and development process; students are not involved in the design 

process; there no proper needs analysis; SFLA designs are not theoretically driven or 

grounded in learning science; learner differences are not addressed in the design 

process; SFLA are designed based on one sources of data; most SFLA systems focus 

on social comparison features; evaluation of SFLA does not focus on the learning 

impact.  It is important to note that the challenges identified through the explorative 

survey are like those identified in the literature review. This demonstrates that LA 

practitioners are aware of the current issues in the design of SFLA thus worth 

addressing. 

2. What can be done to improve the design process of student-facing

learning analytics for supporting self-regulated learning?

The results presented in section 4.3.3 revealed several recommendations for 

improving the design process of SFLA. The LA experts suggested that SFLA designs 

should be grounded in learning science theories. They also highlighted that learners 

are different and so learner differences should be addressed during the design and 

implementation stages. They pointed out that adopting systematic design 

methodologies could improve the rigor in the design and development process of 

SFLA. The LA experts emphasized that taking a user-centred design approach such as 

needs assessment and involving students in every design activity could improve the 

design process of SFLA for supporting SRL. They also add that creating awareness 
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and sensitizing students about the benefits of SFLA and how they can improve their 

learning process could improve student’s willingness to towards using SFLA to 

support their learning process. The LA experts further emphasized that the design team 

should be composed of people with multidisciplinary skills since LA is an 

interdisciplinary field. The LA experts also advised that students should be provided 

with feedback that encourages learners to take some form of actions and improve their 

learning process. Finally, they argued that understanding students’ perceptions 

towards using SFLA to support their learning process could improve the usability and 

acceptance of SFLA tools.  

3. Do stakeholders recognize the need for guidelines to support the design

of student-facing learning analytics for supporting self-regulated

learning?

The results presented in Figure 4.2 and 4.3 revealed that majority of the learning 

analytics experts recognize the need for guidelines to support the design of SFLA for 

supporting SRL. This demonstrates the relevancy of the research problem thus the 

need for study.  

From the insights gained through the explorative study among learning analytics 

experts, a conceptual framework for optimal design of SFLA for supporting SRL was 

proposed and presented in the next section. 

4.5 CONCEPTUAL FRAMEWORK FOR THE OPTIMAL DESIGN OF 

STUDENT-FACING LEARNING ANALYTICS FOR SUPPORTING 

SELF-REGULATED LEARNING  

The student context positions the user as the stakeholders and in this case the 

learners. The needs and preferences of students should be determined through 

appropriate needs analysis and student participation. Students’ differences should be 

examined to meet the individual user needs rather than taking a one-size-fits-all 

approach. In this case, it is important to check the student's view of SFLA to resolve 

any concerns, usability, and other adoption issues that may arise. 
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The design context is intended to ensure that designers follow the specific design 

methodologies to ensure that the function, structure, and behaviour of the SFLA are 

clearly established and incorporated into the design solution. 

Therefore, the optimal design is achieved when a given SFLA design is 

comprehended in the three contexts. The student needs should be informed by learning 

science theory to understand the learning need in terms of theory and identify the most 

effective way to meet the learning need. Learning science theories shape the way 

learning environments, tools, and resources are designed and used from a wide range 

of perspectives. Thus, a good start in identifying the specific learning needs a given 

SFLA tool should address. Once the learning need is understood in the context of 

learning science theory, the function and behaviour of the SFLA can then be 

established by the designers. 

The present study focused on addressing the user context and theoretical context 

to improve the design of SFLA for supporting SRL. This is attributed to the fact that 

the findings from literature and the explorative study with LA experts attested to the 

fact that the current SFLA designs are data-driven and techno-centric thus designer 

centric. Therefore, the designer context is reasonably addressed in the current design 

of SFLA supporting SRL unlike the user and theoretical context. 

The research questions driving the study reported in this thesis stem from the 

conceptual framework for the optimal design of SFLA presented in Figure 4.5. RQN 

1 (What are the students’ self-regulated learning support needs based on the self-

regulated learning theory?) was designed to identify and understand students' SRL 

support needs while grounding in Zimmerman's self-regulated learning theory. RQN 

2 (What are the students’ perspectives of student-facing learning analytics?) was 

intended to identify SFLA features that can address the SRL support needs identified 

in RQN 1 and the students' concerns towards SFLA. RQN 3 (What student-facing 

learning analytics features are appropriate to support students’ self-regulated 

learning?) was aimed at ensuring that SFLA offer features that best support SRL by 

aligning the user context with the theoretical context. In the next chapter, the methods 

adopted to address the research questions above are presented. 
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Chapter 5: Methods 

5.1 INTRODUCTION 

This purpose of this chapter is to describe the methods that were adopted to 

achieve the research aim and answer the three research questions below:   

RQN 1 What are the students’ self-regulated learning support needs based on 

the self-regulated learning theory? 

RQN 2 What are the students’ perceptions of student-facing learning analytics? 

RQN 3 What student facing learning analytics features are most appropriate to 

support students’ self-regulated learning? 

The chapter is structured as follows: Section 5.2 discusses the research paradigm. 

Section 5.3 presents the research method adopted for the study. Section 5.4 presents 

the research design. Finally, section 5.5 discusses the ethical considerations of the 

research and its problems and limitations. 

5.2 RESEARCH PARADIGM 

There are three popular research paradigms applied in information systems 

research, and these include the pragmatic, interpretivist, and positivist research 

approaches. 

The Interpretivist research paradigm involves studying things in their natural 

settings, attempting to make sense of, or interpret, phenomena in terms of the meanings 

people bring to them (Randolph, 2007). Interpretivist aims at “revealing how 

individuals create, modify and interpret the world in which they find themselves”. 

Interpretivist research makes the researcher an active participant in the research 

process thus the theory comes from the data collected and analyzed through meaning-

making. The interpretivist researcher aims at discovering themes and relationships. 

Thus, it assumes a real-life research context where the interpretation of a human 

problem is contextually dependent and considers the use of research methods such as 

personal accounts and participant observation. 

Positivist is a scientific research paradigm and method that involves finding 

scientific knowledge based on careful observation and numerical (statistical) 
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measurements (Creswell, 2009). In the positivist approach, the researcher starts out 

with a theory and formulates a hypothesis that can be proved or disapproved. The 

positivist paradigm is applied when the major aim of the researcher is to find out cause-

effect relationships to confirm or falsify the empirically tested hypothesis. Thus, it 

assumes a controlled research environment with a single or a couple of controlled 

variables. Since the positivist approach requires researchers to take a scientific 

approach to study a given phenomenon and the interpretivist research paradigm 

demands studying things in their natural settings, they are not appropriate for this 

study. Because the study intended to solve a practical problem by focusing on what 

works best rather than focusing on what is objective or true. 

Therefore, the pragmatic approach was adopted for this research. A pragmatic 

paradigm was considered most appropriate for this research because according to 

Creswell (2009), it focuses on addressing a real-world problem while applying 

methods and techniques that fit a given context. The study sought to explore what is 

required to design successful student-facing learning analytics (SFLA) for supporting 

self-regulated learning (SRL). Achieving this aim required employing different 

methods that are most appropriate to answer the three different research questions. 

The pragmatic view arises from action, situations, and consequences. It entails 

finding scientific-based solutions to real-world problems (Creswell, 2009) by applying 

methods that work or what works best to achieve the desired results. It involves the 

design, implementation, and evaluation of viable and relevant technological solutions 

involving interactions of human, social, cultural, and technical aspects. According to 

(Reeves, 2000), the pragmatic research paradigm involves solving complex real-world 

problems while giving the researcher the autonomy to select methods, techniques, and 

procedures that work. The pragmatic research paradigm posits that researchers should 

apply methods that work at a given point in time to find scientific solutions to real-

world problems (Bassoli et al., 2007). This paradigm gives autonomy to the researcher 

to apply methods, techniques, and tools that fit in each social, historical, or political 

research environment (Creswell, 2009). The Pragmatic research paradigm focuses on 

the ‘what’ and ‘how’ of the research problem using all the available approaches to 

understand and solve a real-world problem. The pragmatic research paradigm allows 

the use of mixed methods thus is suited to the use of multiple methods and different 

forms of data collection and analysis. Therefore, a researcher can mix qualitative and 
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quantitative research methods in a single study. In this study, some of the questions 

could be best answered using quantitative methods while others using qualitative 

methods. Thus, the pragmatic philosophy underpinning the study allowed for the 

systematic application of both qualitative and quantitative methods to address each of 

the specific research questions. 

5.3 RESEARCH METHOD 

The pragmatic research paradigm was adopted in this study because it allows the 

use of multiple methods and different forms of data collection and analysis. Mixed-

method research underpinned the study. The mixed-method research as a 

philosophically underpinned method of inquiry which combines both qualitative and 

quantitative research method to enable the mixing of results and knowledge in a 

meaningful way which would otherwise be difficult to achieve independently 

(Creswell, 2009). The mixed-methods approach was used in the present study because 

the research adopted a user-centred approach to generate design guidelines based on 

user perspectives. Applying this method enabled us to examine the qualitative 

elements and get an in-depth understanding of the attitudes and perceptions of the 

respondents. What's more, there was limited evidence of what kind of SRL support 

was needed by students with different SRL profiles. There was also limited evidence 

on students’ perspectives of SFLA since most researchers have concentrated on 

developing and implementing tools rather than understanding student needs. This 

coupled with the need to understand the relationship between students SRL profiles 

and SFLA preferences called for the application of both qualitative and quantitative 

methods. 

5.4 RESEARCH DESIGN 

In the present study, the survey research design was adopted to gather data and 

answer the research questions. The survey research design involves “acquiring 

information about…groups of people…by asking them questions and tabulating their 

answers” (Leedy & Ormrod, 2010, p. 187). It entails selecting a relatively large sample 

from a pre-defined population of interest, collecting data from the sample, and then 

using the information from the sample to make inferences about the broader population 

(Kelley et al., 2003). Survey research was adopted in this study because according to 

Jones, Baxter, & Khanduja (2013), surveys enable the gathering of large quantities of 



125 

data from a wider population which enhances the statistical power. Mathers, Fox & 

Hunn (2009) argue that surveys are practical, flexible, and cost-effective in exploring 

a range of topics. The present study investigates a wide range of topics to propose 

practical guidelines for designing SFLA for supporting SRL. Specifically, the study 

sought to understand students SRL needs, what students think about SFLA, and what 

they want from SFLA. Survey research was also adopted because of ethical 

considerations. Mathers et al. (2009) pointed out that surveys rarely use invasive 

techniques that expose respondents to privacy issues. 

The surveys were cross-sectional because the study intended to investigate what 

students do in terms of SRL strategies and what they think and want as regards to 

SFLA at just one point in time. The survey was conducted in three phases and each 

phase addresses a major research question as presented in Table 5.1. 

Table 5-1 

 Research phases based on research questions 
Phase Input Output 

Phase 1 

Aim: Identify students 

SRL support needs 

RQ1: What are the 

students self-regulated 

learning support needs 

based on the self-

regulated learning 

theory? 

• Literature review

• Survey with 

online students 

• Data analysis 

using SPSS 

version and 

WEKA version 

• Self-regulated learning clusters/

profiles

• SRL profile characteristics

• Self-regulated learning support

needs

Phase 2 

Aim: Identify SFLA 

features that can 

support SRL and 

students concerns over 

SFLA 

RQN 2. What are the 

students’ perceptions of 

student-facing learning 

analytics? 

• Literature review

• Survey with 

undergraduate 

students 

• Data analysis 

using SPSS and   

• Kinds of user data students consider

important

• SFLA features that students

consider important

• Student concerns over SFLA

• Students readiness and willingness

to adopt SFLA for supporting SRL

Aim: Identify the best 

SFLA features that will 

best support students’ 

self-regulated learning  

• Experiment with

undergraduate

students

• Data analysis

using

• SPSS and WEKA

• Relationship between students SRL

profiles and SFLA preferences

• SFLA features that best support

SRL for each of the profiles

• SRL profile specific guidelines for

SFLA design.
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RQN 3. What student 

facing learning 

analytics features are 

most appropriate to 

support students’ self-

regulated learning?   

• A framework for designing SFLA

for supporting SRL

5.4.1 Data collection methods 

There are different ways of collecting survey data including face-to-face 

interviews, telephone/video interviews, and questionnaires. But in this study, 

questionnaires were used to collect data. Jones et al., (2013) point out that 

questionnaires are one of the most important survey tools because they allow 

researchers to investigate a large sample of the population with minimum efforts. 

Kelley et al., (2003) also maintain that questionnaires are essential and popular survey 

tools because they enable the collection of standardized survey data. 

According to Neuman and Kreuger (2003), a questionnaire is where a researcher 

prepares a set of questions for the respondents to answer. One of the reasons why a 

questionnaire was used is because student-centred learning analytics are just emerging 

unlike the teacher-centred and so students would not be in a position to give detailed 

views about SFLA. The study was conducted in four phases and so four sets of 

questionnaires were used, and they were composed of both qualitative and quantitative 

questions. Because surveys may not enable respondents to explain why they think or 

behave in a certain way, some of the questionnaires were designed with both closed-

ended and open-ended questions. This enabled the collection of both quantitative and 

qualitative data. 

5.4.2 Sampling design and procedures 

Surveys involve gathering information from a portion of a wider population. 

This means that random samples are drawn from the potential population and so, both 

probability and non-probability sampling methods were used to select samples for the 

study at two levels. Probability sampling is where every item in the population has an 

equal chance of being selected whereas non-probability sampling is where there is no 

random selection of items (Onwuegbuzie & Collins (2007). Probability sampling is 

commonly used in studies that involve drawing statistical conclusions whereas non-

probability sampling is commonly used in exploratory studies (Saunders et al., 2009). 

At level one, non-probability sampling was applied while probability sampling 
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methods were used at level two. Purposive sampling is sampling with a purpose in 

mind (Trochim, 2006). It involves hand-picking a sample for the research because the 

researcher has some knowledge about the samples and they are able to provide the 

most helpful and required data (Denscombe, 2008). In this study, purposive sampling 

was used because the researcher wanted to get samples that were relevant to the study 

as according to Stake (1995), selecting samples relevant to the study is easy 

considering time, money, location, and availability. Purposive sampling was therefore 

applied to determine the category of study participants while simple random sampling 

methods were applied to hand-pick the respondents for the specific phases of data 

collection. A summary of the target population and sample size considered at each 

phase is presented in Table 5.2. 

5.4.3 Participants 

The study participants included learning analytic experts, online students, and 

undergraduate students studying information and communication technology at a 

public university in Australia. Further details about study participants are presented 

below for each phase below. 

At phase 1, the target population was students undertaking fully online courses. 

By fully online, it means those courses did not involve any face-to-face interaction as 

opposed to blended courses. The reason why fully online courses were considered was 

that learners from around the globe can enroll with no geographical limitations hence 

culturally diverse student populations. Furthermore, restricting the study to only online 

populations assists with creating a more controlled research environment. 

At phase 2 and 3, the target population under study were undergraduate students 

enrolled in the School of Information and Communication Technology (ICT) and the 

Business School at an Australian public university. It was believed that they were able 

to provide the required data as the potential users of SFLA. In addition, undergraduate 

students are already undertaking blended courses that involve the use of online 

learning platforms to support different learning activities. Furthermore, undergraduate 

students enrolled in Business or ICT were considered because including students from 

so many different disciplines would raise issues of interdisciplinary differences. A 

summary of the target population and sample size considered at each phase is 

presented in Table 5.2. 
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Table 5-2  

Target population and sample size 

Phase Target population Target 

participants 

Actual 

participants 
Phase 1 

Aim: Identify students SRL 

support needs 

The main aim of the survey was 

to explore what self-regulated 

learning profiles (if any) exist 

among online learners, what 

characteristics define each of 

these profiles? And on that basis 

make recommendations on the 

kind of SRL support that can be 

given to students in each of the 

profiles. 

RQ: What are the students self-

regulated learning support needs 

based on the self-regulated 

learning theory? 

Online students undertaking business 

courses at an Australian public 

university through the Open 

Universities Australia 

400 301 

Phase 2 

Aim: Understand Students 

perspectives on SFLA 

RQ: What are the students’ 

perceptions of student-facing 

learning analytics?  

Undergraduate students enrolled in the 

School of Information & 

Communication Technology and the 

Business School 

500 306 

Phase 3 

Aim: Identify the most 

appropriate SFLA features to 

support students’ self-regulated 

learning  

RQ: What student facing 

learning analytics features are 

most appropriate to support 

students’ self-regulated 

learning?   

Undergraduate students enrolled in the 

School of Information & 

Communication Technology and the 

Business School 

70 52 

5.4.4 Instrument design and validation 

The study was conducted in three phases and accordingly, four research 

instruments were used in the data collection as follows:  
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Phase 1 

There are various approaches for assessing SRL and these include self-report 

questionnaires, observations or traces, interviews, think-aloud protocols, cognitive 

traces, learning diaries, and recordings. But in the present study, a self-report 

instrument was used because it is cost-effective and time conserving when dealing 

with large samples (Roth, Ogrin & Schmitz, 2016). Self-reporting was also deemed 

appropriate given that the study targets online learners in higher education who were 

believed to have the capability of interpreting the questions as regards to their learning 

process. 

There are several self-report instruments for measuring SRL as discussed in 

Chapter 2, section 2.2.6 but in this study, the MSLQ (Pintrich et al., 1991) and OSLQ 

(Barnard et al., 2008) were adapted and used to establish the SRL support needs in 

online learning environments. As discussed in Chapter 2, section 2.2.6, the MSLQ was 

chosen because it is comprehensive measuring, cognitive, meta-cognitive, and 

resource management SRL strategies; it is empirically tested; and is the most popular 

instrument used for measuring SRL (Roth et al., 2016). Thus, it measures most of the 

SRL strategies that were of interest to the study. The OSLG was selected because it 

was specifically developed for measuring SRL in online learning environments and 

measures the post-performance phase of the SRL cycle which MSLQ is poor at 

measuring. Measurement items were drawn from the two instruments because Jansen 

et al. (2017) pointed out that no single instrument is good enough to measure SRL. For 

instance, the MSLQ doesn’t appropriately measure SRL strategies in the self-

reflection/post-performance phase of the SRL cycle. This was addressed by measuring 

the post-performance phase of the SRL cycle using measurement items from OSLG. 

A total of 67 measurement items were drawn from both MSLQ and OSLG and 

adapted to the study context. The items were measured on a 7-point-scale ranging from 

1=” not all true of me” to 7=” very true of me”. The questionnaire items are categorized 

based on the three phases of the SRL cycle by Zimmerman and Campillo (2003) and 

the self-regulated online learning questionnaire by Jansen, et al. (2017). The SRL 

strategies measured are presented in Table 5.3 below. 
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Table 5-3 

SRL strategies measured 
Code Construct Code Construct 

GS Goal setting ER Effort regulation 

SP Strategic planning MS Metacognitive Self-Regulation 

GO Goal orientation TS Task strategy 

SE Self-efficacy R Rehearsal 

ES Environment structuring E Elaboration 

TM Time management O Organization 

HS Help-seeking SR Self-evaluation 

PL Peer learning UD Undecided 

After generating the items from the literature as highlighted above, there was a 

need to understand whether the items measure the constructs appropriately to ensure 

stability and consistency. In this study, the Q-sort method was chosen to assess the 

validity and reliability of the instrument as it requires few participants and is, therefore, 

cost-effective. According to Brown (1980), Q-sorting is “a modified rank-ordering 

procedure in which stimuli are placed in an order that is significant from the 

standpoint of a person operating under specified conditions” (p. 195). Nahm, Solis-

Galvan, Rao, and Ragu-Nathan, (2002), show how to use the Q-sort technique to test 

items once they have been generated from literature prior to the pre-testing stage. 

According to Nahm et al. (2002), the Q-sort technique is simple but also effective in 

examining the reliability and validity of the constructs under study. This method was 

applied as follows: 

A Q-sort questionnaire was designed in a spreadsheet where the study constructs 

formed column headings and the survey items formed row headings. An extra column 

heading was added and named ‘Undecided’ for items where a judge could not decide 

on the construct it belongs to. Two Ph.D. students were chosen as judges to gain insight 

into how future participants would interpret the questions. The judges were provided 

with a definition of all the 15 constructs and the instructions for completing the Q-

sorting. Their task was to map the Q-sort questionnaire items to constructs by 

indicating X in the construct column in the spreadsheet. It is believed that a reliable 

and valid item will be placed in the intended construct by both independent judges. 

According to Moore and Benbasat (1991), the extent to which both judges place 

all the items in the correct construct is calculated by dividing the number of correct 

placements by judges by the total number of possible placements. Although Nahm et 

al. (2002) note that it is only by chance that both judges agree, it is believed that a 
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reliable and valid item will be placed in the intended construct by both independent 

judges. To measure the joint agreement between judges without considering chance 

agreement, Cohen’s Kappa coefficient is used. Cohen’s Kappa coefficient assumes 

that units are independent, nominal scale categories are independent and mutually 

exclusive, and judges undertake to sort independently of each other (Nahm et al., 

2002). 

Therefore, to calculate the Cohen’s Kappa coefficient, three values must be 

known and these include: (1) the total number of items which both judges place in the 

same, but not necessarily correct, construct; (2) the total number of placements made 

in the correct construct by judges and (3) the total number of items. 

The three values required to calculate Cohen’s Kappa were as follows: 

i. Total number of items which both judges placed in the same construct though

not necessarily correct was 57

ii. The total number of placements made in the correct construct by judges was

95

iii. Total number of items is 67.

The above values were inserted into the Equation and yielded a value of 0.84 for 

Cohen’s Kappa which is an excellent agreement. 

k = N*Xii – Ʃ (Xi+X+i) 

       N2 – Ʃ (Xi+X+i) 

K= 67*57-95= 3724/4394 =0.85 

67*2-95  

Where: 

N: total number of items     Xii
 : number of items agreed on by two judges 

Xi+: total number of placements made in the correct construct by judges.

Landis and Koch (1977 as cited in Nahm et al., 2002, p.2) suggest the guidelines 

for interpreting Kappa as follows: (1) Excellent Agreement: Kappa = 0.76 - 1.00; (2) 

Fair to Moderate Agreement: Kappa = 0.40 - 0.75 and (3) Poor Agreement: Kappa = 

0.39 or less. The above values were inserted into the Equation and yielded a value of 

0.84 for Cohen’s Kappa which is an acceptable agreement since Landis and Koch 
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(1977) as cited in Nahm et al., 2002, p.2) guidelines show that a kappa value between 

0.76 - 1.00 means excellent agreement.  

The researcher bases on the Kappa values from the first stage to improve the Q-

sort items before the second pair of judges sort the items and this process is repeated 

until satisfactory Kappa values are obtained hence agreement. 

The instrument was then tested for reliability and all variables had a Cronbach 

alpha coefficient above 0.7, hence our measurement scales were reliable based on 

Nunnally’s rule of thumb (Nunnally, 1967). The principal component analysis was 

conducted to find the best items that measured the study constructs. All items with 

factor loadings below 0.5 were dropped as suggested by Churchill (1979) and those 

above 0.5 were kept. In addition, the Kaiser Mayer Olkin (KMO) measure of sampling 

adequacy and the Bartlett test were used to test for the factorability of the data. The 

value of Kaiser-Meyer-Olkin (KMO) was 0.809 which is above the acceptable limit 

and Bartlett’s Test of Sphericity χ2 = 8623, df =561, p<.000 indicating that the sample 

size was acceptable. The principal component analysis results, the exploratory factor 

analysis, descriptive statistics, and Cronbach’s alpha are presented in Table 5.4. All 

items had factor loadings above 0.5 and all variables had Cronbach alpha coefficient 

above 7 hence our measurement scales were reliable based on Nunnally’s rule of 

thumb (Nunnally, 1967). The questionnaire is attached in Appendix C. 

Table 5-4 

Descriptive statistics, factor loading, and reliability test (n=301) 
Code Construct/items Mean Standard 

deviation  

Factor 

loading 

Cronbach’

s alpha 

G1 I set short-term (daily or weekly) goals as well as long-term goals (monthly 
or for end of course) 

5.46 0.445 0.806 0.870 

G3 I set goals to help me manage my study time for this online course. 5.24 1.384 0.802 

G4 I set realistic deadlines for my learning in this online course 5.21 0.534 0.786 
SP1 I set study strategies such as summarizing learning materials and discussing 

with classmates, to help me achieve my learning goals in this online course  

4.14 0.907 0.701 0.701 

SP2 I think of alternative ways to solve a problem and choose the best one for 
this online course  

3.11 1.486 0.723 

TS1 I ask myself questions about what I am to study before I begin a task for this 

online course 

4.47 0.784 0.715 0.795 

TS3 I read beyond the core course materials to improve my understanding 4.43 0.659 0.855 

TS4 I use online applications (e.g. You Tube, Google Scholar, etc.) as resources 

that aid task completion  

4.98 0.576 0.759 

ES1 I have a regular place set aside for studying for this online course to avoid 

distractions 

5.31 0.901 0.754 0.721 

ES3 I engage in off-task behaviours e.g chatting online with friends and social 
networking on Facebook, Twitter etc when studying to this online course 

3.12 0.873 0.934 

ES4 I choose a time with few distractions for studying for my online courses 4.98 0.683 0.956 

TM1 I have a schedule (every day or every week) to study for this course 4.41 0.683 0.709 0.777 
TM3 I set realistic deadlines every assignment in this online course 3.23 1.205 0.741 

TM5 I organise my study time to accomplish my goals to the best of my ability in 

this online course 

3.07 1.355 0.709 

HS1 When I do not understand something in this online course, I ask others for 

help 

4.96 0.719 0.754 0.808 
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HS2 I seek help from my instructors to get help me with challenging coursework 

or learning content for this online course 

3.73 0.764 0.729 

HS6 Even if I am having trouble learning, I prefer to do the work on my own 3 20 0.928 0.765 
PL1 When studying for this online course, I often set aside time to discuss the 

learning material with other students (e.g. social networks, via messaging, 

chats, emails, in person, etc.) 

2.44 0.483 0.762 0.701 

PL2 I try to work with other students to complete assignments for this online 

course 

2 34 0.682 0.763 

PL3 I review other students' posts before starting my own discussion posts for 
this online course 

3.87 0.951 0.734 

MS2 I try to determine which concepts I don’t understand well in this online 

course 

5.01 1.344 0.700 0.854 

MS3 When I become confused about something I’m reading for this online 

course, I go back and try to figure it out. 

5.64 1.335 0.766 

MS6 I try to think through a topic and decide what I am supposed to learn from it 
rather than just reading it over when studying 

4.79 0.613 0.763 

ER1 Even when materials in this online course are hard, I keep trying until I 

finish 

5 93 1.183 0.807 0.831 

ER2 I work hard to do well in this online class even if I don't like what we are 

doing 

5.75 1.417 0.736 

ER3 When I begin to lose interest for this online course, I push myself even 
further. 

5 13 0.529 0.795 

E2 When I am learning for this online course, I combine different sources of 

information (for example: lecture videos, lecture notes, e-books, web sites, 
printed material) 

5.69 1.378 0.731 0.812 

E3 When reading for this online course, I try to relate the learning material to 

what I already know or previous experience 

5.85 1.264 0.703 

E4 I try to translate new information into my own words while studying for this 

online course 

5 24 0.626 0.773 

O1 I make simple charts, diagrams, or tables to help me organize course 
material for this online course 

3.42 0.863 0.763 0.889 

O2 I go through my notes and make an outline of important concepts for this 

online course 

3 93 0.863 0.713 

O3 When studying for this course, I make notes to help me organize my 

thoughts in this online course 

3 25 0.770 0.736 

R1 I memorize key words to remind me of important concepts in this online 
course 

5 20 0.594 0.682 0.700 

R2 When studying for this online course, I read course content over and over 

again 

4 52 0.795 0.815 

SF1 I know how well I have learned once I have finished a task in this online 

course 

3.40 1.407 0.700 0.890 

SF3 I evaluate study strategies that I use to see if they are still effective for this 
online course 

4 24 0.864 0.846 

SF5 I make corrections and improvements to my assessments based on 

instructor's feedback for this online course. 

3.88 1.377 0.826 

G=goal setting, SP=strategic planning, TS=task strategy, ES= environment structuring, TM=time management, HS=help 

seeking, PL=peer learning, MS=metacognitive strategy, ER=effort regulation, E=elaboration, O=organization, R=rehearsal, 

SF=self-evaluation 

5.5.3 Phase 2 

At phase 2, the instrument design and validation were conducted in three steps. 

The first step involved reviewing literature and generating a list of possible SFLA 

features ad data tracked in learning analytics systems. This was followed by 

identifying or creating a corresponding sample image/screenshot to demonstrate each 

of the SFLA features. A sample image demonstrating the SFLA feature “Alerts on 

potential problems/risks of failing a course” is attached in Figure 5.1 below.  
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Figure 5-1. Alerts on Potential Problems/Risks of Failing a Course. From “Learning‐

analytics‐at‐rio‐salado‐college.aspx “RioPACE,” 2017. 

http://www.riosalado.edu/riolearn/Pages/RioPACE.aspx. Rights reserved. 

The second step involved validating the SFLA features through a pilot study 

expert review. The third step involved adding another section of the questionnaire by 

adapting validated items from the expert survey to the present study. These items were 

to measure perceived usefulness, perceived ease of use, behavioural intention and 

technology readiness. Lee and Hubona, (2009), recommend that previously validated 

measures can be used if they are measuring the same construct. Moreover, Boudreau, 

Gefen and Straub, (2001) assert that using previously validated measures improves the 

reliability and validity of the measurement model. The items that measured perceived 

usefulness, perceived ease of use and behavioural intention to use were derived from 

Venkatesh et al. (2003) and Davis (1989). Items measuring technology readiness (TR) 

dimensions (optimism, innovativeness, insecurity and discomfort) were derived from 

Parasuraman and Colby, (2015) and Parasuraman (2000). The four dimensions of TR 

including optimism (OPT), innovativeness (INN), discomfort (DISC) and insecurity 

(INS) have a direct influence on perceived usefulness (PU), perceived ease of use 

(PEOU) and behavioural intention (BI) to use SFLA. In addition, PU and PEOU will 

influence behavioural intention to use SFLA. Accordingly, a research model (Figure 

7.1) and fifteen (15) hypothesis were proposed as presented in Figure 5.2. 

Image removed
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Figure 5-2. Proposed research model 

H1: Optimism positively influences students’ perceived usefulness of SFLA; 

 H2: Innovativeness positively influences students’ perceived usefulness of SFLA 

H3: Discomfort negatively influences students’ perceived usefulness of SFLA 

 H4: Insecurity negatively influences students’ perceived usefulness of SFLA 

 H5: Optimism positively influences students’ perceived ease of use of SFLA 

 H6: Innovativeness positively influences students’ perceived ease of use of SFLA 

 H7: Discomfort negatively influences students’ perceived ease of use of SFLA 

 H8: Insecurity negatively influences students’ perceived ease of use of SFLA 

 H9: Optimism positively influences students’ behavioural intention to use SFLA 

 H10: Innovativeness positively influences students’ behavioural intention to use SFLA 

 H11: Discomfort negatively influences students’ behavioural intention to use SFLA; 

H12: Insecurity negatively influences students’ behavioural intention to use SFLA; 

H13: Perceived ease of use positively influences students’ perceived usefulness of 

SFLA 

 H14: Perceived ease of use positively influences students’ behavioural intention to 

use SFLA 

 H15: Perceived usefulness positively influences students’ behavioral intention to use 

SFLA. 

A literature review on SFLA identified 10 kinds of user data/actions commonly 

tracked by SFLA and 37 possible SFLA features. Two LA experts and two experts in 

online learning were identified to validate the kinds of user data and the SFLA features. 

The experts were tasked to rate the kinds of user data and SFLA features on a 3-point 

Likert scale (1= Not relevant, 2 = Relevant, 3 = Very relevant).  
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From the experts’ evaluation, all 10 kinds of user data were retained and 

presented in Table 5.5 below.  

Table 5-5  

Kinds of User Data Tracked in SFLA 

User data Source 

Assessment data such as test results and quiz 

scores and resource usage such as number of 

downloads of course content or lecture videos 

Bodily and Verbert (2017), Santos, 

Govaets,Verbert and Duval (2012) 

Emotional state about the course, for example, 

stress, anger, happiness, anxiety 

Montero and Suhonen (2014), Ruiz et al. (2016) 

Time spent learning activities such as watching 

lecture videos and artefacts produced such as 

posts on blogs 

Arnold and Pistilli (2012), Bodily and Verbert 

(2017), Santos et al. (2012) 

Access to buildings or card swipes to lecture 

rooms, library, computer laboratories or 

learning centres 

Bodily and Verbert (2017), Sclater (2015) 

Demographic information such as age and 

gender (Arnold and Pistilli 2012; Marzouk et al. 

2016) 

gaze data such as capturing eye movements 

during a lecture, while doing a quiz or reading 

course materials  

(Njeru and Paracha 2017) 

Social interaction data such as the number of 

replies to forum posts  

(Bodily and Verbert (2017), Santos et al. (2012) 

Geo-location data such as your location while 

around campus  

(Sclater, 2015). 

From the expert evaluation, 29 out of the 37 SFLA features were retained as presented 

in Table 5.6.  

Table 5-6 

SFLA features 
SFLA feature Source 

Alerts on potential problems/risks of failing a course Arnold and Pistilli (2012) 

Notifications on upcoming events such as exam and assignments 

dates and show performance data such as grades attained  

Reimers and Neovesky (2015) 

Setting learning goals and tracking progress on learning goal 

achievement and real-time updates on learning progress  

Marzouk et al. (2016) 

Comparing performance grades with self or over time and prompts 

for seeking learning support  

Sclater (2015) 

Monitoring course content mastery, competences or skilfulness Guerra et al. (2016) 

Prompts for self -assessments and self-testing on learning 

materials, setting a study schedule for learning activities and a 

calendar  

Schumacher and Ifenthaler 

(2018) 
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Suggesting learning partners or classmates in my network Marzouk et al. (2016), 

Schumacher and Ifenthaler 

(2018) 

Links to additional learning content or materials McPherson, Tong, Fatt, and Liu 

(2016) 

Recommendations of learning resources and learning activities for 

my course  

Schumacher and Ifenthaler 

(2018), Sclater (2015) 

reporting my emotional state about the course such as stress, 

anxiety, happiness  

Montero and Suhonen (2014), 

Sclater, (2015) 

Self-customizable student-facing learning analytics 

dashboard/interface to suit my needs and a timeline of my learning 

activities both completed or upcoming, news feeds about the course 

and learning activities  

Schumacher and Ifenthaler 

(2018) 

Monitoring my learning progress and feedback notifications about 

my learning activity  

De Quincey et al. (2016), 

Marzouk et al., (2016) 

Self-customizable student-facing learning analytics 

dashboard/interface to suit my needs and rating scales that enable 

me to rate the quality of course learning materials  

Schumacher and Ifenthaler 

(2018), Sclater (2015) 

Link button to their social media accounts. Sclater (2015), Reimers and 

Neovesky, (2015) 

a feature that allows classmates to see my grades online 

anonymously and comparing performance grades with classmates; 

Self-reporting feature for offline learning activities, e.g., watching 

a lecture video during bus waiting time, or writing a blog entry 

during work coffee break. 

Tabuenca et al. (2015) 

Leader boards or top performing students in my course and my 

consent to what data is used in a SFLA system  

Sclater (2015) 

Comparing my learning activity and interaction data such as 

number of posts, library access, resources accessed with 

classmates  

Reimers and Neovesky (2015). 

To establish the readability and comprehensibility of the section of the 

questionnaire that measured student’s willingness to embrace SFLA for supporting 

their SRL, a pilot study was undertaken with eight (8) doctoral students of information 

and communication technology. Based on feedback from the pilot test, the items were 

improved. For instance, some items had very long sentences and some had been stated 

with negation, which made it difficult to interpret. In addition, the items were 

randomized to avoid method bias as items measuring the same construct had been 

placed together. Cook and Campbell (1979) argue that researchers should randomize 

questionnaire items to minimize the common method bias that my lead respondents to 

follow a given pattern of response.  

The data collection instrument was then developed in SurveyMonkey with 4 

sections: (1) Demographic information, (2) SFLA data, (3) SFLA features and (4) 
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Student concerns about SFLA. The first section of the survey introduced the students 

to SFLA in terms of definition, user data tracked, and features or functionalities to 

ensure that students understand what SFLA are and what they can offer. Each of the 

possible features or functionalities in a SFLA system was illustrated with an image to 

give the students a feel of SFLA since we did not have a working prototype, as 

illustrated in Figure 5.1. The questionnaire items related to the kind of data tracked by 

SFLA were measured on a five-point Likert scale (1 = Not at all important, 2 = Low 

importance, 3 = Neutral, 4 =Very important, 5 = extremely important). The possible 

features of SFLA were measured on a seven-point Likert scale (1= Not at all important, 

2 = Low importance, 3 = slightly important, 4 = Neutral, 5 = moderately important, 6 

= Very Important, 7 = extremely important). In section four of the instrument, the 

students were asked about their concerns about SFLA with an open ended question in 

response to their rating of possible SFLA features or functionalities “What are your 

concerns or drawbacks, if any, of student-facing learning analytics related to your 

learning process?” The questionnaire was pilot tested with eight Doctoral students of 

Information and Communication Technology in order to assess the clarity of the 

questions. The instrument was then improved based on the results from the pilot survey 

and then data collection and analysis were conducted. The questionnaire is attached in 

Appendix D. 

Phase 3 

At phase 3, an experiment was conducted in three stages as follows:  

Stage 1: Identifying students’ SRL profiles and SFLA preferences 

This stage was conducted in two steps. Step 1 was conducted to identify students 

SRL profiles. No new instrument was designed and validated, and so students 

completed the instrument that was designed based on the Motivated Strategies for 

Learning Questionnaire (MSLQ) and OSLG questionnaires that was used at Phase 1. 

The questionnaire is attached in Appendix C.  

Step 2 was conducted to identify profile specific students SFLA preferences. The 

instrument used at phase 2 was improved and then used for data collection. The 

instruments had 29 possible SFLA features but exploratory factor analysis and 

Cronbach’s alpha tests were done to reduce on the number on number of items.  

Accordingly, items with low factor loadings below 0.5 and low Cronbach alpha 

coefficient below 0.7. were dropped. Therefore, 19/29 possible SFLA features were 
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retained for analysis and the 10 were dropped. The questionnaires are attached in 

appendix E. 

Stage 2: Examining the relationships between students SRL profiles and 

SFLA feature preferences. 

At this stage, the results from stage 1 were used to examine the relationship 

between students SRL profiles and SFLA feature preferences. Therefore, no new 

instrument was designed and validated. 

Stage 3: Aligning students’ SFLA preferences with SRL support needs 

At this stage, the results from stage 1 and stage 2 were used to establish whether 

students’ profile specific SFLA preferences matched their SRL support needs. Thus, 

no new instrument was designed and validated.  

5.4.5 Data collection procedure and analysis 

The data collection procedure involved sending out emails to the participants 

composed of a consent form, a cover page that briefly introduced the purpose of the 

study, links to the ethical approval document, and the survey. Ethical clearance was 

obtained from the Human Resources Ethics Committee (GU Ref No: 2017/271) to 

conduct the study. The surveys and experiments were conducted between October 

2017 and October 2019. Details of the data collection procedures are presented below 

for each phase.  

Phase 1 

Students were invited by email to participate in the online survey. The email 

request was sent to 400 students, but 301 responses were received giving us a response 

rate of 75.25%. The data were analysed using Statistical Package for the Social 

Sciences (SPSS) version 24 and Waikato Environment for Knowledge Analysis 

(Weka) version 3.8. Exploratory factor analysis was conducted to find the most 

representative items for each construct. A combination of expectation-maximization 

(EM) and simple K-means clustering with Euclidean Distance were used to group 

students into homogeneous groups. The students were clustered based on their 

perceptions of SRL strategies while undertaking online courses. A series of Analysis 

of variance (ANOVAs) were conducted to examine the difference among groups based 

on the study variables. 
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Phase 2 

An invitation email was sent via university email containing a link to the survey, 

together with an information sheet explaining the nature of the research while 

emphasizing the confidentiality of their participation and a consent form. The email 

also had a cover page that briefly introduced the purpose of the study and a link to the 

ethical approval document. Participation was entirely voluntary, and the students could 

withdraw at any time. The recruitment e-mail was sent to 500 students and a total of 

309 responses were received, but after data cleaning 2 responses were dropped because 

they were incomplete. Thus, the analysis was done based on 307 responses. Out of the 

307 responses that were valid, only 152 respondents responded to the qualitative 

section about concerns for SFLA. 

The data were analysed using Statistical Package for the Social Sciences (SPSS) 

version 24 and Analysis of a Moment Structures (AMOS) version 22. The principal 

component analysis was used to reduce the number of items. Descriptive statistics such 

as percentages, means, and standard deviations were used to extract and present major 

findings. Structural equation modeling (SEM) to validate the measurement and 

structural model. 

Phase 3 

At this phase, an experiment was conducted in three stages based on the findings 

from phase 1 and 2. First, a list of contacts was generated from student’s responses 

from phase 1 and 2 of the study who indicated that were interested in further 

participation in the fourth phase of the study. These students were then contacted and 

invited to participate in the experiment. A total of 70 responded and were all given 

identification numbers from (STUD1-STUD70) but only 52 completed both stages of 

the experiment. The three stages in this phase were conducted as follows:  

Stage 1: Identifying students’ SRL profiles and SFLA preferences 

Two steps were undertaken to accomplish stage 1. At the first step, the students 

were asked to indicate the extent to which the statements about the SRL activities 

applied to their learning process on n a 7-point-scale ranging from 1=” not all true of 

me” to 7=” very true of me” The students were also asked to indicate their 

identification numbers. The students’ responses were then analysed using the Waikato 

Environment for Knowledge Analysis (Weka version 3.8). A combination of 
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expectation-maximization (EM) and simple K-means clustering with Euclidean 

Distance was used to group students into homogeneous groups. The students were 

clustered based on how true they believed that they were undertaking a given SRL 

strategy during their learning process. After several iterations, a four-cluster solution 

was deemed viable. In addition, a random sample of (50%) was taken out of the total 

participants to test and re-examine the stability of the solution. A series of Analysis of 

variance (ANOVAs) to examine the difference among groups based on the study 

variables. 

In the second step, the students were presented with 29 possible SFLA features 

(I would prefer to have the following features in an SFLA system) and asked to rate 

their agreement with every feature using a 7-point Likert scale from “strongly 

disagree” to “strongly agree”. But after validation, 19/29 possible SFLA features were 

analysed using Statistical Package for the Social Sciences (SPSS) version 24, and 

descriptive statistics were generated. Descriptive statistics such as percentages, means, 

and standard deviations were used to extract and present major findings. 

Stage 2: Examining the relationships between students SRL profiles and SFLA feature 

preferences.  

Using SPSS version 24, bivariate correlations were run and examined to identify 

the relationship between student SRL profiles and SFLA feature preferences were 

examined. The relationships were then further examined to gain insight into what 

SFLA features students in specific SRL profiles preferred and those that were common 

among all profiles.  

Stage 3: Aligning students’ SFLA preferences with SRL support needs 

Basing on the results from stage 1 and stage 2, it was then established whether 

SFLA preferences for students in specific profiles matched their needs or the kind of 

SRL support required based on the characteristics of a given profile.  

The data analysis tools and techniques are summarized in Table 5.8 below. 
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Table 5-8  

Data analytics tools and techniques 

Phases Data analysis tools Analytical techniques 
Phase 1 

Aim: Identify students 

SRL support needs 

RQN: What are the 

students’ SRL support 

needs based on the SRL 

theory? 

• SPSS version 24

• Waikato

Environment for

Knowledge

Analysis (WEKA)

version 3.8

• Descriptive statistics

• Q-sorting

• Principal component

analysis

• Expectation-maximization

(EM) & simple K-means

clustering with Euclidean

• Analysis of variance

(ANOVA)

Phase 2 

Aim: Understand Students 

perspectives on SFLA 

RQN: What are students’ 

perceptions of student-

facing learning analytics? 

• SPSS version 24

• Analysis of a

Moment Structures

(AMOS) version 22

• Descriptive statistics

• Structural equation

modelling (SEM) to validate

the measurement and the

structural model

Phase 3 

Aim: Identify SFLA 

features that will best 

support students’ self-

regulated learning  

RQN: What student facing 

learning analytics features 

are most appropriate to 

support students’ self-

regulated learning?   

• SPSS version 24

• WEKA version 3.8

• Descriptive statistics

• Correlation analysis

5.5 ETHICAL CONSIDERATIONS AND LIMITATIONS 

There are several issues that researchers should address while conducting 

research, for instance, informed consent and confidentiality. This ensures that the 

research is conducted in an ethical manner. This thesis adopted some measures to 

ensure that the study is conducted in line with Griffith University's ethical guidelines. 

Prior to data collection, ethical approval (GU Ref No: 2017/271) was obtained 

from the university human research ethics review committee to protect the rights and 

privacy of the study participants. Participants were informed that participation in the 

surveys was entirely voluntary and they were free to withdraw at any time. The 

confidentiality agreement was that the researcher could use the survey data as research 

data only for the following purposes: publish the research findings from the data within 

academic publications (including the Ph.D. thesis, journal articles, book chapters, 

conference papers, working papers) so long as the identity of the participants were 



143 

anonymised. Lastly, the participants were informed that the data they provided will be 

securely stored against un-authorised access for a period of five years and after this 

period, all the data records will be deleted. 
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Chapter 6: What are the students’ self-

regulated learning support needs 

based on the self-regulated 

learning theory?

6.1 INTRODUCTION 

This chapter reports on the investigation aimed at establishing the students’ self-

regulated learning support needs and their implications for SFLA designers, educators, 

and researchers. 

In Chapter Three, it was established that LA tools are not grounded in learning 

science theory, they’re designed in a one-size-fits-all approach, students’ needs are not 

properly assessed and yet students are rarely involved in the design and development 

process. It was also pointed out by Jivet et al. (2017) that even those LA tools grounded 

in self-regulated learning theory majorly focus on the self-reflection phase of SRL and 

the other phases are rarely considered. This has contributed to the ineffectiveness of 

SFLA tools designed for supporting SRL. This view was also supported by findings 

from the explorative study with learning analytics experts in Chapter Four. The user-

centred design (UCD) posits that the needs and preferences of users should take a 

central position in the design process (Hackos & Redish, 1998). One way to achieve 

this is by involving users at all phases of the design and development process for a 

given design solution to ensure that individual user needs are met. Consequently, user 

differences must be considered as they might result in different needs to be addressed 

during the design process. Hence, in relation to SFLA design, it is important to 

establish the students’ SRL support needs and know whether different learners have 

different needs. And if so, then the implications of those differences be determined to 

ensure that SFLA are designed to best support SRL among students. Therefore, this 

Chapter addresses RQ1: What are the students’ self-regulated learning support needs 

based on the self-regulated learning theory? To address this, the following specific 

research questions were answered: 
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i. Do students self-regulate according to identifiable self-regulation

profiles based on Zimmerman’s model of self-regulation?

ii. What are the distinguishing features of the different self-regulation

profiles?

iii. What kind of self-regulated learning support is needed by learners from

each of the identified SRL profile?

To address these questions, Zimmerman’s cyclic phase model and Pintrich’s 

model of self-regulation which are discussed in Chapter Two, section 2.2.2 were 

adopted. Zimmerman’s cyclic phase model of self-regulation was used as the analysis 

framework while Pintrich’s model of self-regulation was used for selecting the SRL 

strategies to be investigated and designing the questionnaire. 

This chapter is organised as follows: Section 6.2 presents the analysis 

framework. Section 6.3 presents the study results and in section 6.4, the results are 

discussed. Finally, section 6.5 presents the summary and study implications for LA 

designers, researchers, and educators. 

6.2 ANALYSIS FRAMEWORK: ZIMMERMAN’S CYCLIC PHASE 

MODEL OF SELF-REGULATION 

As a step to establish and address the students SRL support needs while 

grounding in learning science theory, Zimmerman’s cyclic phase model of self-

regulation was chosen as the analysis framework in understanding student SRL 

differences. As discussed in Chapter two, section 2.2.3, Zimmerman’s cyclic phase 

model of self-regulation was selected because it is this model that is comprehensible 

and broad enough to capture a good cross-section of self-regulation skills (Dignath & 

Büttner, 2008). Zimmerman’s model of self-regulation is a person-level-oriented SRL 

model grounded in Bandura’s Social Cognitive Theory with emphasis on the interplay 

between three factors which include the person, the person’s behaviour, and the 

person’s environment (Schunk, Printrich, & Meece, 2008). Zimmerman 

conceptualizes SRL as a cycle integrating social, contextual, and motivational factors 

(Zimmerman, 2000). SRL as a process consists of three phases including Forethought, 

Performance or volition control, and Self-Reflection as presented in Figure 6.1 below. 
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In the proceeding sections, the results and later the students' SRL support needs 

are discussed based on Zimmerman’s cyclic phase model of self-regulation presented 

above. 

6.3 RESULTS 

In this section, sample characteristics and self-regulated learning profiles with 

their defining characteristics are presented. 

6.3.1 Sample characteristics 

Characteristics of the sample are presented in table 6.4. Many of the respondents 

were male (56.81%) and in the age group of 25-29 (33.55%) and 18-24 years (23.25%). 

It was also observed that majority of the respondents had taken less than 2 online 

courses (41.52%) followed by 2-5 courses (24.58%), 6-10 courses (23.92%) while the 

rest had taken more than 10 courses (9.96%). These findings imply that all the 

respondents were in position to understand what online learning is and reflect on how 

they learn online. 

Table 6-1  

Student Demographics (N=301) 

Student 

Demographics 

Frequency % Student Demographics Frequency % 

Gender Number of online courses 

taken 

Female 130 43.19 0  0 0 

Male 171 56.81 Less than 2 125 41.52 

Age group 2-5 74 24.58 

18-24 70 23.25 6-10 72 23.92 

25-29 101 33.55 More than 10 30 9.96 

30-34 59 19.60 

35-39 46 15.28 

40+ 24 7.97 

6.3.2 Self-regulated learning profiles and defining characteristics 

As earlier noted, this Chapter intended to establish students SRL support needs 

by seeking answers to three research questions. In this section, two of the three 

research questions are answered.  Do students self-regulate according to identifiable 

self-regulation profiles based on Zimmerman’s model of self-regulation? What are the 

distinguishing features of the different self-regulation profiles? 

As discussed in Chapter 5, Section 5.4.5, cluster analysis was employed to 

identify the profiles of self-regulated learning among online learners. Respondents 
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were grouped or profiled into clusters based on their perceptions about applying SRL 

strategies while undertaking online courses. The solution was first explored with three 

solutions yielding two, three and four cluster solution. Beginning with a two-factor 

solution, two clusters were returned: (a) high self-regulated learning and low self-

regulated learning, and (b) low self-regulated learning. The three-cluster solution 

produced three groups: (a) high self-regulated learning; (b) moderate self-regulators; 

(c) low self-regulators. After several iterations, a four-cluster solution was deemed

viable. A random sample of the total participants (50%) was taken to test and re-

examine the stability of the solution. A series of Analysis of variance (ANOVAs) were 

conducted to examine the difference among groups based on the study variables. The 

ANOVA table is presented in Table 6.2 below. 

Table 6.2  

ANOVA results examining the differences in students SRL strategies across the four 

SRL profiles. 
Clustering 

variable 

Cluster 1 

(Non-self-

regulators 

(n=121) 

(40%)) 

Cluster 2 

(Basic self-

regulators 

 (n=103) 

(34%) 

Cluster 3 

(Proficient 

self-regulators 

 (n=57) 

(19%)) 

Cluster 4 

(Expert self-

regulators 

 (n=20) (7%) 

F Post-hoc 

analysis 

M SD M SD M SD M SD 
Goal setting 2.499 1.120 5.261 1.041 4.483 1.041 6 126 0.644 45.01** 4>2,3,1; 2>3,2 

Strategic 
planning 

1.750 1.290 5.455 0.979 4.237 0.403 5.863 0.876 54.38** 4>2,3,1; 2>3,1 

Task strategy 2.999 1.100 5.321 0.434 4.942 1.039 5.421 1.234 26.18** 4>2,3,1; 2>3,1 

Environment 

structuring 

1.250 0.433 6.279 0.714 4.878 1.043 5.669 1.018 46.13** 2>4,3,1; 4>3,1 

Time 

management 

2.999 0.999 3.427 1.196 5.427  0.497 6 114 0.737 99.30*** 4>3,2,1; 1,2<3 

Metacognitive 
strategy 

3.400 1.224 3.199 0.752 4.899 0.362 6 144 0.665 34.91** 4>3,2,1; 1>2 

Effort 

regulation 

1.750 0.299 3.273 0.820 5.997 1.174 6 535 0.631 32.38** 4>3,2,1; 3>2,1 

Elaboration 1.500 0.866 3.332 0.966 4.615  1.141 5 966 0.946 59.38*** 4>3,2,1; 1<3,2 

Organization 1.000 0.028 3.958 0.258 5.853  0.582 6 172 0.689 54.38** 4>3,2,1; 

Rehearsal 2.000 1.224 3.761 1.120 4.191 0.254 5.800 1.296 88.13*** 4>3,2,1; 1<2,3 

Self-evaluation 2.750 0.920 6.038 1.061 2.371 0.449 6.064 0.750 56.12** 4>2,3,1; 1>3 

Note. **p < .01, ***p < .001. 

The four-cluster solution produced four groups and these were considered for 

the following reasons: (i) a one way analysis of the variance performed on the cluster 

means revealed significant differences among the four clusters good enough to enable 

statistical comparison (p < 0.001); (ii) the difference among the clusters were 

consistent from both the theoretical and empirical perspective; (iii) testing the stability 
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of the factor solution with 50% of the randomly selected original sample data and 

obtaining the same values with iterations with Kappa Cohen = 0.79. According to 

Landis and Koch’s (1977) rule of thumb, a Kappa Cohens value of Kappa > 0.76 is 

acceptable. Table 6.3 shows the four different groups identified with their 

characteristics.  

Table 6-3 

 Self-Regulated Learning Cluster Profiles & characteristics (n=301) 

Clustering 

variable 

Cluster/Profile 1 

(Non-self-

regulators 

(n=121) (40%) 

Cluster/Profile 

2 

(Basic self-

regulators 

 (n=103) (34%) 

Cluster/Profile 3 

(Proficient self-

regulators 

 (n=57) (19%) 

Cluster/Profile 4 

(Expert self-

regulators 

 (n=20) (7%) 

M SD M SD M SD M SD 
Goal setting 2.499 1.120 5.261 1.041 4.483 1.041 6.126 0.644 

Strategic planning 1.750 1.290 5.455 0.979 4.237 0.403 5.863 0.876 

Task strategy 2.999 1.100 5.321 0.434 4.942 1.039 5.421 1.234 
Environment 

structuring 

1.250 0.433 6.279 0.714 4.878 1.043 5.669 1.018 

Time management 2.999 0.999 3.427 1.196 5.427  0.497 6.114 0.737 
Help seeking 1.000 0.374 1.652 0.778 4.481 0.972 5.854 1.142 

Peer learning 1.000 0.287 1.503 0.833 4.158 1.296 1.000 1.332 
Metacognitive 

strategy 

3.400 1.224 3.199 0.752 4.899 0.362 6.144 0.665 

Effort regulation 1.750 0.299 3.273 0.820 5.997 1.174 6.535 0.631 
Elaboration 1.500 0.866 3.332 0.966 4.615  1.141 5.966 0.946 

Organization 1.000 0.028 3.958 0.258 5.853  0.582 6.172 0.689 

Rehearsal 2.000 1.224 3.761 1.120 4.191 0.254 5.800 1.296 

Self-evaluation 2.750 0.920 6.58 1.061 2.101 0.449 6.064 0.750 

Demographics 
Male n (%) 47 (45.6%) 11 (55%) 38 (66.7%) 75 (62%) 

Female n (%) 56 (54.4%) 9 (45%) 19 (33.3%) 46 (38%) 
Average Number 

of online courses 

previously 
undertaken 

1 4 4 7 

M=Mean, SD = Standard Deviation, n = number, % = percentage 

The results presented above confirm the view that students self-regulate 

differently according to identifiable self-regulation profiles based on Zimmerman’s 

model of self-regulation with each exhibiting unique characteristic. The four-clusters 

or profiles are presented in detail with their characteristics.  

Profile 1 (Non-self-regulators) 

Profile 1 was the largest cluster with 121 students (40%) as shown in Table 6.5. 

This agrees with previous studies such as Ning and Downing (2015) and Heikkilä et 

al. (2012). Majority of students in this cluster were female (54.4%) and had undertaken 

not more than 1 online courses thus the lowest level of experience in online learning. 

This cluster had the lowest scores on all the thirteen SRL strategies measured (all 

average scores < 3.400). For instance, students in this cluster had the lowest score for 
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peer learning (M=1.00, SD=0.287), help seeking (M=1.00, SD=0.374), effort 

regulation (M=1.00, SD=0.299), organization (M=1.00, SD=0.866), and elaboration 

(M=1.00, SD=0.628). This cluster profile was therefore named non-self-regulators 

because they were poor at SRL strategies in all the three phases of the SRL process. 

This result highlights the need for offering SRL to online students given the fact that 

it was the largest profile.  

Profile 2 (Basic self-regulators) 

Profile 2 was the second largest with 104 students (34%). The number of male 

and female students in this cluster was almost the same with 55% and 45% 

respectively. The online experiences for members in the cluster was average at four 

courses. Students in this cluster had high scores in five out of the thirteen SRL 

strategies. For instance, goal setting (M=5.261 SD=1.041), strategic planning 

(M=5.455 SD=0.979), task strategy (M=5.321, SD=0.434), environment structuring 

(M=6.279, SD=0.714) and self-evaluation (M=6.038, SD=1.061). Students in this 

cluster were good at forethought or planning and self-reflection phases of SRL but 

very poor at performance and monitoring. This cluster was therefore named basic self-

regulators.  

Profile 3 (Proficient self-regulators) 

Profile 3 included 57 students (19%) and was the third largest cluster in the 

sample. This cluster had moderate scores for twelve out of the thirteen SRL strategies. 

Students in this cluster had the lowest score in self-evaluation (M=1.371, SD=0.449) 

as shown in Table 6.5. This cluster was predominantly male (66.7%) and the students 

had an average experience in online learning of four courses. Students in this cluster 

profile were good at forethought or planning and performance and monitoring but very 

poor at self-reflection phases of SRL. This cluster was labelled proficient self-

regulators.  

Profile 4 (Expert self-regulators) 

This was the smallest cluster with 20 students (7%) who were mostly male 

(75%). This cluster also had the highest level of experience in online learning of over 

four courses. This cluster reported the highest scores on the SRL strategies except for 

peer learning (M=1.000, SD=1.332). This was therefore named the expert self-

regulators 
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6.4 DISCUSSION 

In section 6.3.2, it was confirmed that students self-regulate differently, and four 

profiles (non-self-regulators, expert self-regulators, proficient self-regulators and 

basic self-regulators) with unique features were identified. In this section, the question 

“What kind of self-regulated learning support is needed by learners from each of the 

identified SRL profile?” is answered.  Therefore, the SRL support needs are 

established based on the unique features of each identified profiles below.  

Non-self-regulators 

The non-self-regulators had the lowest scores on goal setting, peer learning, 

help-seeking, effort regulation, organization and elaboration. However, it is important 

to note that their score on metacognitive strategy (3.400) was slightly higher than the 

other scores but still below the overall average. Their overall low scores may be 

attributed to two main factors: (i) the low metacognitive strategies and (ii) lack of 

experience in online learning. Metacognition enables individuals to think about their 

study skills, memory capabilities and monitor learning (Metcalfe & Shimamura, 

1994). Therefore, the poor skills related to knowing when and how to use SRL 

strategies could explain why students in this profile were not proficient in self-

regulating their learning. The second factor is directly related to the fact that majority 

of students in this profile had taken only one online course. The implication of this 

finding is that the more online courses a student undertakes, the more their self-

regulated learning skills improve. Given the low scores for all the SRL strategies in 

profile 1, students in this cluster would require support at all levels of self-regulated 

learning cycle. Therefore, support in the following strategies would foster students 

SRL skills: strategy planning; understanding learning objectives; self-motivation and 

efficacy; task analysis; metacognitive awareness; environment structuring; help 

seeking; content mastery, competences and skilfulness; self-tracking and monitoring 

learning progress; resource allocation; time management; critical thinking; self-

assessment and evaluation; adjusting learning goals and strategies; effort regulation.   

Basic self-regulators 

Profile 2 had low scores for the resource and management strategies as compared 

to profile 3 but high scores in self-evaluation. This profile had the second lowest scores 

for time management, help seeking, peer learning, metacognitive strategy, effort 
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regulation, elaboration, organization and rehearsal (see Table 6.4.) From a theoretical 

perspective, students in this cluster were poor at the performance phase of the SRL 

cycle. Zimmerman and Campillo (2003) argue that actual learning takes place at the 

performance stage of the SRL cycle. Profile 2 students were weak in the performance 

stage and lacked on the critical activities in the SRL process. Therefore, students in 

this profile would require critical SRL support for the performance phase of SRL cycle. 

Supporting students in the following specific SRL strategies would improve their SRL 

skills: Metacognitive awareness; environment structuring; help seeking; content 

mastery, competences and skilfulness; self-tracking and monitoring learning progress; 

resource allocation; time management; critical thinking. 

Proficient self-regulators 

Proficient self-regulators gained moderate scores for twelve out of the thirteen 

SRL strategies measured. This group had the second lowest score in self-evaluation 

(M=2.371, SD=0.449). This cluster was labelled proficient self-regulators because 

students in this cluster are good at the performance phase of SRL process despite the 

lowest scores on self-evaluation (M=2.371, SD=0.449). Zimmerman and Campillo 

(2003) argue that actual learning takes place at the performance phase of the SRL 

cycle. It is at the performance phase that learners employ various strategies such as 

time management, self-instruction, self-recoding, environment structuring, task 

strategies, help seeking, imagery, and self-monitoring (Zimmerman & Campillo, 

2003).  Students in this cluster are good at resource management strategies such as 

time management, environment structuring, help seeking, peer learning, organization 

and effort regulation among others. This cluster obtained the highest score in peer 

learning (M=4.158, SD=1.296). These findings suggest that students in this cluster 

plan their learning and then execute and monitor their learning. However, they tend to 

not self-reflect on their learning. From a theoretical perspective, students in this cluster 

are very poor at third phase of the SRL cycle (self-reflection). Self-reflection phase 

entails learners evaluating their performance or learning outcomes based on their 

personal goals or established evaluation criteria (Zimmerman, 2000). Feedback is very 

important at this phase because the learner needs this information to assess their 

performance. This feedback enables learners to identify their strengths and weaknesses 

and draft strategies to improve their learning performance. Therefore, support in the 
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following specific strategies can foster students SRL skills: Self-assessment and 

evaluation; adjusting learning goals and strategies.   

Expert self-regulators  

 

This profile reported high scores for all the SRL strategies measured except for 

peer learning. This was the second largest profile constituting of 103 students (34%). 

This group had high average scores ranging from 4.85 to 6.53 for goal setting, strategic 

planning, task strategy, elaboration, help seeking, self-evaluation, environment 

structuring, time management, effort regulation, metacognitive strategy, rehearsal and 

organization. Students in this cluster also reported undertaking seven or more online 

courses thus highly experienced in online learning. The high scores on the majority of 

SRL strategies might be attributed to high levels of experience in online learning, and 

highlights that the more online courses undertaken, the better students become at self-

regulating their learning. The low score on peer learning (M=3.129, SD=1.332) may 

be attributed to the fact that the study sample were undertaking fully online courses 

with no face-to-face or physical interactions among students or teachers. Given online 

learning has limited or no face-to-face interaction, peer learning is still very important 

for successful online learning and self-regulation. Students in this cluster profile need 

SR support in peer learning. The above results are summarized in Table 6.4 below. 

Table 6-4  

Summary of SRL profiles, characteristics and SRL support needs 

Profile  Characteristics SRL Phase SRL Support Needs 
Non-self-

regulators 
• Largest 

cluster with 

40% 

• Majority of 

students r 

were female 

• Lowest 

level of 

online 

learning 

experience  

• lowest 

scores on all 

the thirteen 

SRL 

strategies 

we 

measured 

(all average 

scores < 

3.400) 

Poor at 

forethought, 

performance and 

self-reflection 

phases  

• Strategy planning   

• Understanding learning objectives 

• Self-motivation and efficacy 

• Task analysis 

• Metacognitive awareness 

• Environment structuring  

• Help seeking  

• Content mastery, competences and 

skilfulness 

• Self-tracking and monitoring learning 

progress 

• Resource allocation  

• Time management 

• Critical thinking  

• Self-assessment and evaluation  

• Adjusting learning goals and strategies  

• Effort regulation   
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• lowest score 

for peer 

learning, 

help 

seeking, 

effort 

regulation, 

organization 

and 

elaboration  

Basic self-

regulators 
• Second 

largest with 

34 % 

• Highest 

score in 

self-

evaluation 

• Almost 

same 

number of 

male and 

female 

students  

• Average 

online 

experiences 

Poor at the 

performance phase 

of SRL cycle  

• Metacognitive awareness 

• Environment structuring  

• Help seeking  

• Content mastery, competences and 

skilfulness 

• Self-tracking and monitoring learning 

progress 

• Resource allocation  

• Time management 

• Critical thinking  

Proficient 

self-

regulators 

• Third 

largest 

cluster with 

19% 

• Moderate 

scores for 

twelve out 

of the 

thirteen 

SRL 

strategies 

• lowest score 

in self-

evaluation 

• Average 

online 

learning 

experience 

• There’s 

more male 

in this 

cluster than 

female 

Students are 

poor at the 

self-reflection 

phase of the 

SRL cycle 

 

• Self-assessment and evaluation  

• Adjusting learning goals and strategies   

 

 

Expert 

self-

regulators 

• Smallest 

cluster with 

7% 

• Good scores 

on 12 out of 

the 13 SRL 

strategies  

• Very poor 

at peer 

learning 

Good at all the 

three phases of 

SRL 

 

• Peer learning 
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• There’s 

more male 

represented 

in this 

cluster than 

the female 

• Highest 

level of 

experience 

in online 

learning. 

 

6.5 SUMMARY AND IMPLICATIONS FOR LEARNING ANALYTICS 

DESIGNERS, RESEARCHERS AND EDUCATORS 

The results of the study provide LA designers and educators with some 

enlightenment and suggestions for designing SFLA to support SRL. First, the results 

show that there are significant differences in students' SRL skills. Since most SFLA 

tools are designed in a one-size-fits-all approach as pointed out by Teasley (2017), all 

students are provided with the same form of feedback. It is now evident this “one size 

fits all” approach to SFLA design will not work. Rather, than taking a one-size-fits-all 

design approach, SFLA designers should address students’ differences during design 

to ensure that the needs of every student are addressed. On the other hand, educators 

need to understand their students’ needs and differences, and the varying SRL support 

needed and advise designers. This will help designers to address who should receive 

what? In what form? When and how this feedback should be communicated to the 

students? 

Given the different SRL profiles among online learners, implementing SFLA for 

SRL support using adaptive approaches could be of great help to both designers and 

educators since most of the adaptations can be done automatically. Since Jivet et al. 

(2017) noted that even the SFLA tools that try to theoretically ground their designs in 

learning sciences such as SRL theory do not address all the SRL phases. Since the 

identified profiles are distinctive based on SRL phases and a student might be good at 

one phase but poor on another phase, these profiles can be of great help in adapting 

SRL support. 

In addition, help-seeking and peer learning skills were very low among all 

profiles. Given the nature of online learning where face-to-face interactions are limited 

or even non-existent, help-seeking and peer-learning skills are critical for online 
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learning success. Therefore, it is imperative that LA designers give maximum attention 

to SFLA features that may enhance peer learning and help-seeking skills. 

Furthermore, the expert SRL profile had students with the highest level of 

experience in online learning of over 7 courses while the non-self-regulator profile had 

the lowest level of experience in online learning. Although this wasn’t the focus of the 

study, it raises an issue on how SRL gaps should be addressed as students gain 

experience learning online. Therefore, both LA designers and educators should 

consider students’ online learning experience in designing and providing SRL support 

using SFLA. Besides, the influence of online learning experience on SRL should be 

further investigated. 
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Chapter 7: What are students’ perceptions 

of student-facing learning 

analytics? 

7.1 INTRODUCTION 

The aim of this chapter is to present the students' perspectives on student-facing 

learning analytics (SFLA). Specifically, the SFLA features and user data that students 

consider important are presented as well as students’ concerns about student-facing 

learning analytics. 

In Chapter Three, section 3.7, it was established that SFLA are designed in a 

one-size-fits-all approach, students’ needs are not properly assessed and student’s 

involvement in the design and development process is low. These findings were 

supported by the findings from the explorative study with learning analytics experts in 

Chapter Four. The user-centred design (UCD) entails involving users at every stage of 

the design and development process through analysis and design evaluation (Abras et 

al., 2004; Preece et al., 2002). This involves establishing the user needs, preferences, 

and expectations which must shape the design solutions. It is argued that when a design 

solution fails to meet user expectations; usability and adoption issues may arise and in 

extreme cases, the product may be completely rejected (Abras et al., 2004; Preece et 

al., 2002). Given that students are the primary users of SFLA, UCD activities should 

revolve around the student else, there is a risk of designing tools that may hamper the 

learning process. While the students’ self-regulated learning (SRL) support needs in 

this study were established in Chapter Six, the student preferences and expectations 

are explored in this chapter. 

As earlier mentioned, SFLA can be used to foster SRL and in Chapter Three, 

section 3.6, the several ways in which SFLA can support SRL were discussed. But 

what do students think about SFLA? What are their preferences and expectations for 

SFLA? This Chapter, therefore, investigates students’ perspectives on SFLA by 

addressing RQ2: What are the students’ perceptions of student-facing learning 

analytics? This question was addressed by answering the following research 

questions: 
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i. What student-facing learning analytics features, and user data do 

students consider important? 

ii. What concerns (if any) do students have in relation to student-facing 

learning analytics features and user data tracked?  

iii. Are students ready to adopt student-facing learning analytics to support 

their self-regulated learning process? 

To answer these questions, an online survey was conducted to understand what 

students considered important in SFLA and establish their concerns about SFLA. Since 

supporting students SRL with SFLA is an emerging phenomenon, understanding 

student perceptions of SFLA uncovers issues and concerns that can be used to inform 

design and implementation hence positive transformations in students learning 

processes. Technology readiness (TR) and the technology adoption model (TAM) 

were integrated to examine the students' willingness to embrace SFLA to support their 

SRL process. The proposed research model and hypotheses are presented in Chapter 

Five, Section 5.4.4. 

This chapter is structured as follows: Section 7.2 presents the study results. In 

section 7.3 the results are discussed. Finally, section 7.4 presents the summary and 

study implications for learning analytics designers, researchers, and educators. 

7.2 RESULTS 

This section reports the results of data analysed from the study sample (N=307) 

responses. The results include sample characteristics, SFLA features and user data 

considered important and students concerns for SFLA.  

7.2.1 Participant demographics 

The first section of the questionnaire collected demographic information from 

the participants and the descriptive statistics are presented in Table 7.3 below. 
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Table 7-1  

Student Demographics (N=307) 
Student 

Demographics 

Frequency % Student Demographics Frequency % 

Gender   School   

Female 138 45.95 Information & 

Communication Technology 

194 63.2 

Male 169 54.05 Business 113 36.8 

Age group   Year of study   

18-24 187 60.91 First 201 65.45 

25-29 80 26.06 Second 61 19.9 

30-34 35 11.4 Third 38 12.4 

35-39 3 0.98 Fourth 6 1.95 

40+ 2 0.65 Fifth 1 0.30 

Student knowledge about Student-Facing Learning Analytics 

Not knowledgeable 

at all 

146 47.56 Knowledgeable 33 10.75 

Somewhat 

knowledgeable 

75 24.43 Very knowledgeable 4 1.30 

Neutral 49 15.96    

 

The results presented in Table 7.1 above reveal that majority of the respondents 

were not knowledgeable at all (47.55%) while only 1.30% were very knowledgeable. 

This can be attributed to the fact that SFLA are still emerging LA applications. The 

finding implies that there is need for creating awareness about SFLA and how they can 

be used to enhance the learning process and learning outcomes. 

7.2.2 What features and user data do students consider important in student-

facing learning analytics? 

This question was addressed by asking respondents to rate the kinds of user data 

tracked by SFLA and the SFLA features. The results presented below revealed the 

kinds of user data that students feel should be collected about them and the SFLA 

features they consider are important.  

User Data Tracked by Student-Facing Learning Analytics 

 

The results were interpreted based on the means and standard deviations. The 

findings presented in Table 7.2 reveal that four (4) out of the ten (10) kinds of user 

data were ranked as extremely important: assessment data (M=4.84, SD=0.78), 

resource usage such as number of downloads of course content or lecture videos 

(M=4.76, SD=0.79), emotional state about the course, for example, stress, anger, 

happiness, anxiety (M=4.72, SD=0.81) and time spent learning activities such as 

watching lecture videos (M=4.70, SD=0.75). A further three were ranked as important: 

artefacts produced such as posts on blogs (M=3.90 SD=0.90), access to buildings or 
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card swipes to lecture rooms, library, and computer laboratories or learning centres 

(M=3.88, SD=70) and demographic information such as age and gender (M=3.80, 

SD=0.99). The remaining three were considered of low importance from the students’ 

perspective. 

Table 7-2 

 Ranking of Importance for User Data Tracked by Student-Facing Learning Analytics on 

Five-Point Likert Scale (N=307) 

User Actions/Data Mean 

(M) 

Std. Deviation 

(SD) 
Assessment data such as test results and quiz scores 4.84 0.78 
Resource usage such as number of downloads of course content 

like lecture videos 
4.76 0.79 

Time spent such as login duration, watching lecture videos, 

completing a learning task 
4.72 0.81 

Emotional state about the course such as stress, anger, 

happiness, anxiety 
4.70 0.75 

Artefacts produced such as posts on blogs, responses to 

questions, help requests, and annotations 
3.90 0.90 

Access to buildings or card swipes to lecture rooms, library, 

computer laboratories or learning centers 
3.88 0.70 

Demographic information such as age, gender 3.80 0.99 
Gaze data such as capturing eye movements during a lecture, 

while doing a quiz or reading course materials 
3.34 1.00 

Social interaction data such as the number of replies to forum 

posts 
3.21 0.77 

Geo-location data such as your location while around campus 2.99 1.00 

 

Students were also asked whether they would be happy if the university collected 

such kind of data. The findings revealed that 39.4% were very happy, 40.9% were 

somewhat happy, 15.2% were uncertain, while 3.0% were not happy at all, and 1.5% 

were very unhappy. These general results reveal that student have positive attitudes 

towards SFLA and may adopt them if they understand the benefits and how their 

learning process can be improved. 

Student-Facing Learning Analytics Features  

 

The findings in Table 7.3 reveal that of the 29 proposed SFLA features, four (4) 

features were rated extremely important, ten (10) features were rated very important, 

and nine (9) were rated important from students’ perspectives as follows. Alerts on 

potential problems/risks of failing a course (M=6.85, SD=0.65), notifications on 

upcoming events such as exam and assignments dates (M=6.73, SD=0.67), show 

performance data such as grades attained (M= 6.70, SD=0.70) and setting learning 
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goals and tracking progress on learning goal achievement (M=6.69, SD=0.67) were 

rated extremely important by the students. 

Table 7-3 

 Ranking of Importance for Student-Facing Learning Analytics Features on Seven-Point 

Likert Scale (N=307) 

Features  

Mean 

(M) 

Std. 

Deviation 

(SD) 
Alerts on potential problems/risks of failing a course 6.85 0.65 

Notifications such as exam dates, assignments dates, upcoming events 6.73 0.67 

Show performance data such as grades attained 6.70 0.70 

Setting learning goals and tracking progress on learning goal achievement 6.69 0.67 

Links to additional learning content or materials 5.99 0.78 

Prompts for self-testing and assessments on learning materials 5.89 0.90 

Real-time updates on learning progress 5.88 0.76 

Setting a study schedule for my learning activities, e.g., a to-do list of my course 

learning activities 

5.86 0.78 

 

Suggesting for me learning partners or classmates in my network.  5.85 0.88 

A calendar  5.83 0.65 

Prompts for seeking learning support, e.g., identify the specific kinds of help and 

the people to help with their contact details such as tutor, peers 

5.87 0.68 

 

Compare performance grades with self or over time  5.81 0.73 

Recommendations of learning resources and learning activities for my course  5.80 0.62 

Monitoring my course content mastery, competences or skillfulness 5.79 0.72 

Monitoring my learning progress 5.77 1.98 

Feedback notifications about my learning activity, e.g., you have covered 10% of 

your study material or you have read 20% of peer discussion posts 

5.76 1.02 

 

A timeline of my learning activities both completed or upcoming 5.76 0.91 

My consent to what data is used in the student-facing learning analytics system  5.75 0.85 

News feeds about the course and learning activities, e.g., when a new assignment 

has been posted 

5.75 0.76 

 

Self-customizable student-facing learning analytics dashboard/interface to suit 

my needs 

5.73 1.00 

 

Reporting my emotional state about the course such as stress, anxiety, happiness  5.71 0.80 

Rating scales that enable me to rate the quality of course learning materials.  5.71 0.73 

Self-reporting feature for offline learning activities, e.g., watching a lecture video 

during bus waiting time 

4.94 0.61 

 

Leader boards or top performing students in my course 4.79 0.80 

A link to provide feedback about the course 4.53 0.60 

A link app to my social media accounts such as Facebook, Twitter 3.77 0.79 

compare my learning activity and interaction data such as number of posts, library 

access, resources accessed with classmates  

3.46 0.78 

Compare performance grades with classmates 3.60 0.77 

A feature that allows my classmates to see my grades online anonymously 2.61 0.96 

 

The findings in Table 7.3 also indicated that comparing performance grades with 

self or over time (M=5.81, SD=0.73), real-time updates on learning progress (M=5.88, 

SD=0.76), monitoring course content mastery, competences or skilfulness (M=5.79, 

SD=0.72), prompts for self -assessments and self-testing on learning materials 

(M=5.89, SD=0.90), setting a study schedule for learning activities (M=5.86, 

SD=0.78) and a calendar ( M=5.83, SD=0.65) are very important from a student’s 
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perspective. In addition, findings in Table 3 showed that suggesting learning partners 

or classmates in my network (M=5.85, SD=0.88), links to additional learning content 

or materials (M=5.99, SD=0.78), prompts for seeking learning support (M=5.89, 

SD=0.90), recommendations of learning resources and learning activities for my 

course (M=5.80, SD=0.62) were rated very important by the students. 

Furthermore, my consent to what data is used in a SFLA system (M=5.75, 

SD=0.85), reporting my emotional state about the course such as stress, anxiety, 

happiness (M=5.71; SD=0.80), self-customizable student-facing learning analytics 

dashboard/interface to suit my needs (M=5.73, SD=1.00), and a time line of my 

learning activities both completed or upcoming (M=5.76, SD=.091) are considered 

important from a student perspective. The finding in Table 3 further reveal that 

monitoring my learning progress (M=5.77, SD=0.98), feedback notifications about my 

learning activity, news feeds about the course and learning activities (M=5.76, 

SD=1.02), self-customizable student-facing learning analytics dashboard/interface to 

suit my needs (M=5.73, SD=1.00), rating scales that enable me to rate the quality of 

course learning materials (M=5.71, SD=0.73) were rated important by the student. A 

self-reporting feature for offline learning activities, e.g., watching a lecture video 

during bus waiting time (M=4.94, SD=0.61) was considered important from the 

student perspective. Leader boards or top performing students in my course (M=4.79, 

SD=0.80) and a link to provide feedback about the course (M=4.53, SD=1.60) were 

rated as moderately important by the students. 

Results in Table 7.3 reveal that students were uncertain as to whether SFLA 

should have links to their social media accounts (M=3.77, SD=0.79). The findings 

further revealed that social comparison features such as allowing classmates to see my 

grades online anonymously (M= 2.61, SD=0.96), comparing performance grades with 

classmates (M=3.60, SD=0.77), and comparing my learning activity and interaction 

data such as number of posts, library access, resources accessed with classmates 

(M=3.46, SD=0.78) were not important from the students perspective.  

7.2.3 Students concerns for student-facing learning analytics  

Students were asked about their concerns for SFLA in an open-ended question. 

From the student’s comments as regards to SFLA, five themes emerged from the 

analysis as presented in Table 7.4. 
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Table 7-4 

 Students’ Concerns for Student-Facing Learning Analytics (Total Number of Comments=152/307 

Responses to the Survey) 

     Element 

 (Theme/Concern) 
Frequency Example comment 

 

Loosing autonomy and 

distractions 

51 

“Possibly the feeling of pressure if they are monitored too closely by 

people other than yourself. E.g. if your self-evaluations or the time 

you spend accessing resources online becomes part of your final 

grade for the course. This would take away the independence and 

self-motivation, it is like the university forces you to learn.” 

“That they may become a distraction. For example, ideas there are 

too many things to fill out in preparation for an assignment, I may 

not be spending that time working on the actual assignment. An 

excess would be a drawback.” 

 Accuracy and timing of 

feedback  
62 

“The system/algorithm could make errors/provide unhelpful 

guidance.” 

 

“System may be too complicated/not get intuitive and thus requires 

some time to be familiar with it Misuse or information, or if the 

technology is unreliable” 

 

“I don't think there would be any drawbacks but if they do come into 

play, it would be good to time it for the very beginning of a trimester 

so that we had time to get used to it before the study workload 

becomes too heavy” 

 

“But how accurate will the system feedback be? I rather get my 

feedback from the lecturer.” 

 

“The only drawback that comes to mind would be if the software 

malfunctioned in some way and gave me inaccurate information on 

my learning progress or materials incorrect information being 

provided; server not being available” 

“Only track things that are related to the learning process, not what 

social events you attend or where you like to hang out at university” 

 Consent, privacy and 

security 
77 

“If the personal information would accidentally be released despite 

knowing that there is a low chance. People need to be aware of what 

and how they are being tracked and be able to consent to each part. 

eg I'm fine with the quizzes, videos etc online (I click on/use) being 

tracked, but eye tracking.” 

“Privacy regarding my grades/learning habits. Spamming with 

alerts. Technological issues that people won’t know how to handle.” 

“Lack of privacy and confusion among students. Personal information 

leaks and may be misused.” 

Demotivation, anxiety, 

depression, stress 
60 

“To a point, may be demotivating to see 'progress' charts that show 

how far behind out are (i.e. "I can't catch up"). Depending on 

learning style it may also cause issues, I know I would be 

demotivated knowing I was at the bottom of the class.” 

“The implications associated with comparison between others results 

if personal performance was poor, possibly developing 

depression/anxiety. Furthermore, heavy reliance may make me lazy 

as the technology des actions such as planning for me.” 

“I think it is not good to compare myself to others because we are 

different. We have different challenges.” 

“Unhealthy competition between students if they were to see others 

results.” 
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 Teacher role 16 

“I feel this kind of system is tricky. I believe it is the role of lectures 

to help us in our learning why can’t they discuss with us feedback on 

our performance rather than leaving us to the system.” 

“But how accurate will the system feedback be? I rather get my 

feedback from the lecturer.” 

 

7.2.4 Are learners ready to adopt student-facing learning analytics to support 

their self-regulated learning process? 

From chapter three, the LA experts recommended that it is important to address 

some adoption factors during the design and development process of SFLA. They 

argued that students like any other technology user may have both favourable and 

unfavourable dispositions towards SFLA that may influence their design needs. 

Technology readiness is one of the many favourable and unfavourable dispositions and 

understanding it gives insight into student needs. Technology readiness (TR) is defined 

as ‘‘people’s propensity to embrace and use new technologies for accomplishing goals 

in home life and at work’’ (Parasuraman, 2000, p. 308). TR is an individual trait.  It 

entails a person’s psychological state that reveals how prepared an individual is to 

accept new technology. Understanding the psychological state of how prepared 

learners are to use SFLA to support their SRL/learning process is key for designers 

and educators in making sound design and development decisions. Students with high 

levels of technology readiness index (TRI) are likely to have positive attitudes towards 

SFLA and those with a high sense of discomfort and insecurity may not be able to 

effectively use SFLA for SRL support. Optimistic and innovative students are more 

willing to use SFLA to support their learning process than those with a high sense of 

insecurity and discomfort as evidenced in the next section. 

Accordingly, student’s willingness to embrace student-facing learning analytics 

to support their SRL process was investigated using the proposed research model 

(Figure 5.2) and fifteen (15) hypotheses presented in section 5.4.4. The test results for 

the research model and hypotheses are presented below.  

Measurement Model  

 

The measurement model consisted of seven latent variables including optimism 

(OPT), innovativeness (INN), discomfort (DISC), insecurity (INS), perceived 

usefulness (PU), perceived ease of use (PEOU), and behavioural intention to use. The 

resulting measurement model statistics from confirmatory factor analysis suggested a 

good fit to the data: X2 = 723.9; df= 356; Goodness of Fit Index (GFI) =; 0.95; 
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Adjusted Good ness of Fit Index (AGFI) =0.91; Normed Fit Index (NFI) =0.95; 

Comparative Fit Index (CFI) =; 0.93. All the model-fit indices presented are greater 

than 0.90 hence acceptable (Gefen, Straub & Boudreau 2000). The Root Mean Square 

Error of Approximation (RMSEA) was 0.068 which is acceptable. MacCallum, 

Browne and Sugawara (1996) suggest that RMSEA value of 0.01 indicates an 

excellent model-fit, 0.05 indicates a good fit and 0.08 indicates a mediocre fit.  

Cronbach Alpha reliability test (Cronbach, 1951) and composite reliability were 

used to test for reliability or internal consistency of the measurement model. The 

Cronbach Alpha coefficients for all the constructs were greater than 0.70 indicating 

that the measurement scales were reliable based on Nunnally’s rule of thumb 

(Nunnally, 1967). The composite reliability results ranged from 0.83 to 0.97 as 

presented in Table 1 indicating internal consistency for all the constructs. Hair, Ringle 

and Sarstedt (2013) suggested that composite reliability scores should exceed 0.7.  

Factor loadings and average variance extracted (AVE) were used to test for 

convergent validity. In the first iteration, four of the twenty-two items that measured 

TR dimensions had low factor loadings and were dropped as suggested by Churchill 

(1979). Of the four items dropped, two items were measuring innovativeness, one item 

was measuring insecurity, and another measuring discomfort. All the twelve items 

measuring TAM constructs (PU, PEOU, and behavioral intentions) had a factor 

loading above 0.70 suggesting good construct validity and so none was dropped. After 

dropping the four TR items, all the factor loadings from confirmatory factor analysis 

ranged from 0.64 to 0.96 as shown in Table 7.6. The factor loadings revealed a good 

convergent validity as Hair, Tatham and Black (1992) recommend factor loadings 

above 0.5.  

The average variance extracted (AVE) scores ranged from 0.54 to 0.92 as shown 

in Table 7.5. This was a good indicator of convergent validity because according to 

Fornell and Larcker (1981), AVE scores should be greater than 0.5. The square roots 

of AVE and the inter-construct correlation were compared to tests for discriminant 

validity. The square roots of AVE are presented diagonally in Table 7.6 in bold while 

the inter-construct correlations are off diagonal. The comparisons presented in Table 

7.6 show that the square roots of AVE for all the constructs are greater than the 

correlations between the constructs. Following Fornell and Larcker (1981) rule of 

thumb that the square roots of AVE should be greater than the inter-construct 
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correlations, it is evident that the discriminant validity was good. From the above 

results, we conclude that the measurement model was valid. 

Table 7-5  

Results of the Measurement Model 

Construct Indicators 

Cronbach 

Alpha Loadings 

Average Variance 

Explained (AVE) 

Composite 

Reliability 

Optimism OPT1  0.97  0.79 0.67 0.91 

 OPT2  0.89   

 OPT3  0.79   

 OPT4  0.80   

 OPT5  0.82   

Innovativeness INN1 0.93 0.89 0.69 0.90 

 INN2  0.87   

 INN4  0.73   

 INN5  0.83   

Discomfort DISC1 0.91 0.74 0.54 0.83 

 DISC2  0.73   

 DISC3  0.76   

 DISC4  0.72   

Insecurity   INS1 0.85 0.89 0.65 0.89 

 INS2  0.64   

 INS3  0.85   

 INS4  0.82   

Perceived usefulness PU1 0.97 0.86 0.71 0.91 

 PU2  0.81   

 PU3  0.85   

 PU4  0.85   

Perceived ease of use PE1 0.94 0.83 0.77 0.93 

 PE2  0.84   

 PE3  0.91   

  PE4  0.92   

Behavioural intentions BI1 0.94 0.95 0.92 0.97 

 BI2  0.96   

 BI3  0.96   

 
 

Table 7-6 

Construct Correlation Matrix and Square Root of Average Variance Extracted 
 OPT INN DISC INS PU PEOU BI 

OPT 0.818       

INN 0.581 0.893      

DISC -

0.076 

0.027 0.735     

INS -

0.186 

-

0.057 

0.626 0.806    

PU 0.393 0.392 -

0.011 

-

0.028 

0.842   

PEO

U 

0.489 0.553 0.284 -

0.193 

0.523 0.877  

BI 0.454 0.425 -

0.085 

-

0.095 

0.707 0.573 0.959 
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7.3.2 Structural Model  

 

The hypotheses were tested using the structural model and the results for the path 

estimates are presented in Table 7.7. The comparison fit indices for the structural 

model also indicated a good model fit: X2= 1207; df= 362; Goodness of Fit Index 

(GFI) = 0.96; Adjusted Good ness of Fit Index (AGFI) =0.94; Normed Fit Index (NFI) 

=0.97; Comparative Fit Index (CFI) = 0.98; RMSEA =0.05. An examination of the 

path coefficients (β), t-values, and p-values revealed that eleven hypothesis (H1, H2, 

H5, H6, H8, H9, H10, H13, H14, H15) were supported while four hypothesis (H3, H4, 

H 11, H12) were rejected as shown in Table 7.7 and Figure 7.1. The dotted line in 

Figure 7.1 shows insignificant relationships. 

Table 7-7 

 Path Estimates for the Proposed Model 

Hypothesis Path 

Path 

coefficients 

Standard 

Error t-value 

 

p-value 

Model result 

H1 OPT PU  0.45 0.060 5.602 0.000 Supported 

H2 INN PU 0.39 0.079 5.721 0.000 Supported 

H3 DISC            PU -.01 0.068 -0.162 0.871  Not supported  

H4 INS               PU -0.03 0.092 -0.447 0.0655 Not supported 

H5 OPT PEOU 0.49 0.065 6.644 0.000 Supported 

H6 INN           PEOU 0.55 0.088 7.490 0.000 Supported 

H7 DISC           PEOU -0.28 0.074 -4.103 0.000 Supported  

H8 INS             PEOU -.19 0.096 -3.008 0.003 Supported 

H9 OPT            BI 0.46 0.083 6.533 0.000 Supported 

H10 INN BI 0.39 0.107 6.379 0.000 Supported 

H11 DISC           BI -.08 0.093 -1.320 0.187 Not supported 

H12 INS               BI -0.8 0.125 -1.537 0.124 Not supported 

H13 PEOU            PU 0.52 0.056 7.113 0.000 Supported 

H14 PEOU            BI   0.57 0.077 7.926 0.000 Supported 

H15 PU     BI 0.77 0.082 9.598 0.000 Supported 
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Figure 7-1. The Proposed Model with Standardized Estimates from Path Analysis 

 

7.3 DISCUSSION 

The major aim of this study was to explore students perspective on SFLA so as to 

identify what students want and what concerns they have in relation to SFLA and also 

examine what contradictions (if any) emerge from their concerns, and whether students 

are willing to embrace student-facing learning analytics. 

7.3.1 User data tracked by student-facing learning analytics 

The findings revealed that test/exercise/assessment data was extremely 

important. This implies that students are highly concerned about their performance and 

would appreciate receiving continuous feedback about their learning activities for 

evaluation and self-reflection. Feedback on performance enables students to identify 

gaps in their learning and come up with strategies for improvement. Therefore, features 

related to providing performance feedback should be given maximum attention when 

designing SFLA. Resource usage data such as number of downloads of course content 

or lecture videos was another extremely important user data. This result is supported 

by Verbert et al. (2014) who reported that resource usage is among the most tracked 

user data by LA applications. However, it is still debatable as to how this data should 

be evaluated based on the resources they access because merely downloading course 

content or accessing a course site may not mean that a student studied the content. 
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Thus, caution should be taken when developing models to predict student success and 

engagement based on resource usage.  

Similarly, the findings revealed emotional state data about the course, for 

example, stress, anger, happiness, as extremely important. This implies that students 

are concerned about their emotional state. Unfortunately, not many LA systems 

reported in literature track emotional state data. In fact, the importance of emotional 

state data to students was the most surprising finding in this study. Montero and 

Suhonen (2014) pointed out that issues concerning students’ emotional state have so 

far received little attention in LA applications. They further argued that analyzing 

students’ digital data without considering emotional aspects is a narrow view of the 

learning process and yet both positive and negative emotional aspects may impact 

learning. Prior studies show that emotion is a key fundamental element that impacts 

on learning in online learning environments (Kozan & Caskurlu, 2018; Stenbom, 

Cleveland-Innes, & Hrastinski, 2016). D’Mello, (2017) argues that every learning 

activity is reinforced with an emotional response which may be positive (e.g., joy, 

pride, satisfaction) or negative (e.g., anger, frustration, anxiety). Given the importance 

attached by the students, there is a need for emotional aspects to be considered in SFLA 

design just like the cognitive aspects.  

The results further revealed that data about time spent on learning activities such 

as watching lecture videos was very important. These findings reinforce results by 

Verbert et al. (2014) that time spent was among the most tracked data by LA 

applications. Feedback about time spent on learning activities can enable students 

compare time efforts devoted to different learning activities.  

Although Verbert al. (2014) revealed that social interaction data was the second-

most tracked and visualized element in LA applications, the findings showed that 

students did not consider social interaction data important. This may be attributed to 

the fact that students misinterpreted social interactions to mean the interactions they 

make on social networking sites and not social interactions in learning environments. 

Future studies may consider renaming such data or elaborating more to avoid 

misinterpretation. The results further showed that geo-location data such as student 

location while around campus was considered of low importance by the students. This 

finding may be attributed to the fact that students felt that tracking location data 

encroaches on their personal/private space. It implies that students are conscious about 
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their privacy and security. Therefore, tracking student’s geo-location data should be 

minimized in SFLA and avoided were possible. 

7.3.2 Student-facing learning analytics features 

Alerts on potential problems/risks of failing a course was identified as an 

extremely important SFLA feature. Alerting students on potential problems early 

enough may prevent students from dropping out of a course. For instance, Pistilli and 

Arnold (2010) reported that students who used Course Signals had a higher persistence 

rate throughout the course than those who were not using it. In addition, notifications 

on exam dates, submission of assignments, or upcoming events were found to be 

extremely important. This finding is consistent with prior studies such as Reimers and 

Neovesky (2015), who found that students strongly agreed that they would be happy 

to receive automatic notifications in form of reminders about different learning 

activities. Notifying students on important activities can help them plan for future 

learning activities. Therefore, features related to alerting students on potential 

problems or risks or notifying students on important learning activities should be 

prioritized during SFLA design. Moreover, setting learning goals and tracking 

progress on learning goal achievement was also found to be an extremely important 

SFLA feature. This feature relates to helping students devise study goals and monitor 

their achievement over time. Marzouk et al. (2016) found a learning analytics template 

that supported goal setting to be useful to students as it can increase students’ 

autonomy and in the long run students take responsibility for their own learning. The 

findings further showed that a feature showing performance data such as grades 

attained was extremely important. This finding agrees with Reimers and Neovesky 

(2015) who reported that students strongly agreed to a feature that allowed them to 

receive feedback on their performance grades. In a learning environment, students are 

always interested in knowing how well or poorly they are performing to improve. This 

kind of feedback supports awareness, self-reflection, and evaluation.  

Furthermore, comparing performance grades with self or over time, receiving 

real-time updates on learning progress, and monitoring course content mastery, 

competences, or skilfulness were found to be very important SFLA features. This is 

similar to Reimers and Neovesky’s (2015) finding that the majority of the students 

agreed they wanted to view their personal performance data. These findings confirm 

the value attached to feedback in the learning process. Feedback on grades attained 
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and course content mastered coupled with self-comparison over time can support 

students in taking responsibility for their own learning process. Within online learning 

environments, the need for feedback is even more prevalent given the lack of face-to-

face interaction. Prompts for self-assessments and self-testing on learning materials 

was another SFLA feature identified as very important from the students’ perspective. 

In a similar study, Schumacher and Ifenthaler (2018) found that receiving prompts 

with self-assessment questions with just-in-time feedback was the third-most accepted 

LA feature by students. Assessment is among the primary activities in a learning 

process and students need to be given opportunity to know how well or poorly they 

are likely to perform. Additionally, setting a study schedule for learning activities and 

a calendar were identified as very important. This is consistent with prior studies such 

as Tabuenca et al. (2016), who reported that that tracking time allocated to various 

learning activities improved students’ time management skills. Thus, SFLA systems 

should have features that allow students to manage their time. 

‘Suggesting learning partners or classmates in my network’ was another SFLA 

feature found to be important. Siemens (2004) pointed out that LA can be useful in 

helping students identify partners they can collaborate with and learn from each other. 

LA can reveal the social learning networks of students and the kind of information 

they exchange or share, hence learners can identify whom to collaborate with 

(Marzouk et al. 2016). Prompts for seeking learning support, such as identifying 

specific kinds of help and the people to help, including their contact details, was also 

found to be a very important SFLA feature. Help seeking is a very important strategy 

that learners employ to support their self-regulation. Likewise, consent to what data is 

used in the SFLA system was another SFLA feature rated as important. This finding 

agrees with prior studies such as Reimers and Neovesky (2015). It implies that students 

are conscious about their privacy and security. The issue of privacy and security has 

been a major concern in learning analytics research and recent studies have addressed 

these issues, for instance, by proposing ethical guidelines (Scalter 2017; Slade & 

Prinsloo 2013).  

Results also revealed that students were sceptical about an SFLA feature linking 

to their social media accounts such as Facebook, Twitter, or Instagram. This result 

was unexpected given the popularity of social media among students, more especially 

in higher education. Reimers and Neovesky (2015) reported similar results in that 
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students disagreed that a social media button should be available on a LA dashboard. 

Features related to social comparison such as a feature that allows classmates to see 

my grades online anonymously and comparing performance grades with classmates 

were found to be not important from the students’ perspective. This finding 

corroborates the criticism on such features in recent literature (Arnold & Sclater 2017; 

Willis & Pistilli 2014). It is somewhat surprising since Jivet et al. (2017) reported that 

social comparison features are among the most popular features in student focused LA 

dashboards. It is argued that although comparison might motivate others to put in more 

effort, those struggling might become demotivated while the good performers become 

complacent (Arnold & Sclater 2017; Willis & Pistilli 2014). It is therefore suggested 

SFLA designers are cautious when addressing social-comparison features. 

7.3.3 Student concerns for student-facing learning analytics  

The student concerns for SFLA are discussed based on the five themes as 

presented in Table 7.4. 

Theme: Loss of autonomy and distractions 

The main goal of providing feedback through SFLA is to empower students so 

as take responsibility for their own learning process hence their independence but the 

results revealed that students were concerned over losing autonomy in the learning 

process due to over tracking. Approximately one third (51/152) expressed concern that 

they may be losing autonomy or that the data presented by the SFLA system would 

simply be a distraction. This fact reflects student's concerns over losing their 

independence in the learning process due to continuous tracking, monitoring and 

reporting as reflected in their comments. Much as students value the feedback that 

SFLA can provide, they also want to oversee their learning and they may not see SFLA 

as supporting this need. For example: “Possibly the feeling of pressure if they are 

monitored too closely by people other than yourself. E.g. if your self-evaluations or 

the time you spend accessing resources online becomes part of your final grade for 

the course. This would take away the independence and self-motivation, it is like the 

university forces you to learn." 

Some students fear that SFLA might hamper the learning process rather than 

improving it, because it would simply be a distraction that impedes their participation 

in learning, for example: “That they may become a distraction. For example, ideas 
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there are too many things to fill out in preparation for an assignment, I may not be 

spending that time working on the actual assignment. An excess would be a 

drawback.” One possible explanation is that students do perceive the system as being 

for their benefit but may be locked in the mindset that the data is to be used by the 

institutions and educators to dictate the learning experiences for the student. This 

finding is related to what Roberts et al. (2016) reported that whereas many students’ 

views reflected positive attitudes towards learning analytics, others viewed them as a 

hindrance to learning. 

Wise (2014) argues that the principle of agency is important in ensuring that 

learning analytics interventions enhance student self-regulated learning skills rather 

than detracting them. Wise et al. (2016) emphasize that learning analytics is a tool of 

empowerment and not another master for students to serve. They further highlight that 

student agency is made up of two elements: first, interpreting what analytics mean and 

how they relate a given student situation; and second acting based on the information 

provided. The learning process calls for students to be proactive and learning analytics 

is one of the important tools in empowering students to take responsibility for their 

own learning. It is important that students understand the principle of the agency to 

ensure that learning analytics are tools for learning empowerment rather than 

disempowerment. Wise et al. (2016) recommend that students should be supported in 

understanding when to reflect and how to act based on their own learning analytics 

feedback. According to Tsai & Gasevic (2017), it is true that sometimes continuous 

feedback can impact on student engagement. For instance, constant feedback as 

students undertake learning activities may draw away their attention. Tsai and Gasevic 

(2017) therefore call for support and guidance on reflection, timing, and space. 

Theme: Accuracy and timing of feedback 

It is argued that SFLA tools can provide accurate and objective feedback as 

compared to human subjects. Unfortunately, students have a fear that feedback 

provided by SFLA will not be accurate or that the system may fail, and data may not 

be correct. Over 41% of comments (62/152) were related to the reliability, accuracy, 

and trustworthiness of SFLA tools. For example: “The only drawback that comes to 

mind would be if the software malfunctioned in some way and gave me inaccurate 

information on my learning progress or materials incorrect information being 

provided; server not being available." 
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“But how accurate will the system feedback be? I rather get my feedback from the 

lecturer.”. This implies that students need assurance that SFA will provide accurate 

feedback before they accept them. This is similar to what Atif et al. (2015) reported 

that students preferred to be alerted as soon as their performance dropped. It is true 

that students should be given continuous feedback on their performance to self-

evaluate and self-reflect but the timing of this feedback matters. For instance, feedback 

to a student about a potential risk of failing a course provided to a student at the 

beginning of the semester might be more useful since the student may have room for 

improvement unlike at the end of the semester. 

Taking a user-centred design approach to developing SFLA is one way of 

ensuring that students appreciate, embrace, and trust SFLA. User-centred design 

(UCD) is a design philosophy and a process where the needs, wants, preferences, 

expectations, and limitations of the users of a computer technology product take a 

central position at every stage of the design process (Hackos & Redish 1998). 

Lofthouse and Lilley (2006) argue that the relationship between users and their needs 

is complex and it is only through active involvement that designers get a clear idea of 

the kind of products that are likely to meet their needs. ISO standard 9241-210: 2010 

highlights the four phases of the UCD process (ISO). According to ISO 9241-210: 

2010 (ISO) firstly specify the context of use by identifying the users of a product and 

considering what they use the product for, and the conditions under which the product 

will be used. Requirements are specified before the design solutions are created in the 

third phase. The design solution may be built iteratively while making improvements, 

also referred to as evaluate designs. This involves testing the product with actual users 

to ensure that their needs are met. Rigorous testing of the system throughout the 

development process is clearly imperative to ensure correct functioning and fitness for 

purpose. Trust in the system’s accuracy may also evolve over time, once students 

engage successfully with the system to meet the goal of becoming more effective 

learners. On the other hand, data literacy is also very important when it comes to 

implementing learning analytics more especially student-facing. Tsai and Gasevic 

(2017) reported that poor data literacy skills are among the major challenges in 

adopting pedagogy-based learning analytics. Wasson and Hansen (2015) maintain that 

different stakeholders including end-users should be trained so that they are able to 

operate LA tools and interpret data. 
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Theme: Consent, privacy and security 

 

While educators see an opportunity in learning data more especially enabling 

learners to gain insight into their learning process, some students see it as a threat to 

their privacy and security. Approximately 50.6% (77/152) expressed concern over the 

improper use of learning data and informed consent. For instance: “If the personal 

information would accidentally be released despite knowing that there is a low chance. 

People need to be aware of what and how they are being tracked and be able to consent 

to each part. Eg I'm fine with the quizzes, videos, etc online (I click on/use) being 

tracked, but eye-tracking." This is evident that students are concerned about the 

invasion of their privacy through data collection, sharing, use, and abuse as regards 

SFLA use. This finding is similar to previous studies such as Marzouk et al. (2016), 

Reimers and Neovesky (2015), Tsai and Gasevic (2017). Evidently, students consider 

data about their learning as being deeply personal and see the potential harm that may 

be caused to them if the data is either misused by others or revealed to others. 

Staalduinen (2015) argued that separate policies related to the use of learning 

analytics in areas such as privacy, ethics, legal context, data governance, data usage, 

and student consent among others should be put in place by education institutions. 

These policies should be clearly communicated to students and the opportunity for 

students to seek clarification must be made available. Drachsler and Greller’s (2016) 

eight-point checklist named DELICATE provides a good starting point for developing 

policies related to the use of learning analytics. The DELICATE framework which 

stands for determination, explains, legitimate, involve, consent, anonymize, technical, 

and external. According to Drachsler and Greller (2016), the DELICATE framework 

provides an important checklist for addressing issues of a power relationship, data 

ownership, anonymity, data security, privacy, data identity, transparency, and trust. 

For instance, the consent point is about giving students the opportunity to opt-in or out 

in a way of getting their consent to SFLA use. 

Theme: Demotivation, anxiety, depression, stress   

It is argued that continuous feedback allows students to monitor their learning, 

self-evaluate, and come up with strategies to improve their learning. Unfortunately, 

students feel the feedback might be overwhelming and stressful. Students were 

concerned that continuous monitoring, reporting, and feedback will result in anxiety, 
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stress, and depression more especially to poor-performing students. For example: “To 

a point, maybe demotivating to see 'progress' charts that show how far behind out are 

(i.e. "I can't catch up"). Depending on learning style, it may also cause issues, I know 

I would be demotivated knowing I was at the bottom of the class.”. Student’s concern 

about anxiety was more expressed toward social comparison features, and the 

unhealthy competition it might result into. “The implications associated with 

comparison between others results if personal performance was poor, possibly 

developing depression/anxiety. Furthermore, heavy reliance may make me lazy as the 

technology des actions such as planning for me.” 

“I think it is not good to compare myself to others because we are different. We have 

different challenges.”. “Unhealthy competition between students if they were to see 

others results.”. 

Students were concerned that feedback from SFLA may potentially be demotivating 

more especially when performing poorly. It is true that performance feedback may 

motivate others to put in more effort but on the other hand, others might be 

demotivated instead given the individual differences. This is contrary to what literature 

indicates that when students compare with others, it promotes healthy competition and 

motivates struggling students to put in more effort (Atif et al., 2015; Willis & Pistilli, 

2014). This finding though is similar to what prior studies have reported that students 

were skeptical about social comparison features in SFLA (Atif et al., 2015; Roberts et 

al., 2016; Willis & Pistilli, 2014). Students pointed out that this may potentially result 

in unhealthy competition among learners. 

The social comparison features in SFLA stem from the social comparison theory. 

The social comparison theory posits that people determine their self-worth based on 

how they compare with others to be better or worse (Festinger, 1954). As a result, 

people keep comparing themselves with others in a bid to foster self-motivation, 

improvement, and positive image. In a learning environment, it is argued that when 

students compare with others, it promotes healthy competition and motivates 

struggling students to put in more effort (Atif et al., 2015; Willis & Pistilli, 2014). 

While social comparison features are among the most popular features in student-

focused LA dashboards (Jivet et al. 2017). The reluctance of students to be compared 

with others in an SFLA is somewhat of a paradox. In expressing concern about social 

comparison, some students expressed the view that such comparisons devalued the 
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individual differences among students. Concerns about social comparison may be 

considered to overlap with the concerns around the subject relating to anxiety, stress, 

and depression. Indeed, social comparison with others is of little use if students do not 

understand how such information may be used for their benefit. 

Students should be given the opportunity to choose when to compare themselves 

and what items to compare with. Wise (2014) argues that it is important for students 

to understand the reference frames or comparison points which they can orient to while 

examining their performance based on learning analytics feedback. Comparison points 

may include learning activity goals, self-performance over time, and peer 

performance. Students need to understand the value and limitations of different 

reference frames in each context. It is important that students are given the opportunity 

to choose reference frames for comparison. For instance, whereas learning activity 

goals provided by the instructor may be an absolute reference point for comparison, 

peer reference points may bring mixed feelings among students (Wise, 2014). In this 

case, instructors may help students in deciding which comparison points to consider 

by pointing out the major advantages and disadvantages of a given comparison point 

in a context. Otherwise, simply presenting students with data or information is 

insufficient for facilitating the developing self-awareness and therefore more control 

of learning strategies. 

Theme: Teacher role 

 Although SFLA are potential tools for enabling self-directed learning, 16/152 

of the students expressed concerns that SFLA will replace the role of the teacher as 

evidenced in their comments: “I feel this kind of system is tricky. I believe it is the role 

of lectures to help us in our learning why can’t they discuss with us feedback on our 

performance rather than leaving us to the system.” Some students surveyed expressed 

doubts that by implementing SFLA feedback, the teachers would be deviating from 

their responsibilities. These students' views do not align with the commonly held 

perspective that SFLA only empowers students to play an active role in their learning 

while the teachers play a facilitative role. This issue is reflected in the higher ratings 

for SFLA features that provide functionalities related to that of a teacher presented in 

Table 7.3. For instance, links to additional learning content or materials (Mean=5.99) 

and prompts for seeking learning support, e.g., identify the specific kinds of help and 

the people to help with their contact details such as tutor, peers (Mean=5.89). This is 
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similar to previous findings such as Dippe (2006) who reported that students in online 

learning felt that the teacher was missing. 

Grounding design in pedagogical frameworks informs the design of learning 

analytics interventions by being explicit on the roles. The four-step strategy proposed 

by Kitto et al. (2016) would be a good starting point for addressing pedagogical issues 

in student-facing learning analytics design. The phases are presented in a sequence of 

do-analyze-change-reflect. Kitto et al. (2016) argue that while SFLA may be powerful 

tools for fostering metacognition, sense-making, and reflection, their use should be 

authenticated in learning science theory. 

7.3.4 Students’ readiness to adopt SFLA for supporting SRL 

The study investigated the willingness of students to use SFLA to support their 

learning process. This was investigated by examining the influence of TR dimensions 

on TAM constructs including PU, PEOU, and behavioral intention to use. Findings 

from SEM analysis reveal that some, but not all, the TR dimensions have a direct effect 

on TAM constructs. The results revealed significant positive influence of optimism on 

PU of SFLA. These findings agree with prior studies such as Galaige, Binnewies, 

Torrisi-Steele & Wang (2018b), Kuo et al. (2013), Walczuch et al. (2007) and Wook 

et al. (2017). Hence, if students believe the SFLA will give them control over their 

learning process and increase their learning efficiency and flexibility, then they will 

perceive SFLA as useful. That is, optimistic students will welcome the idea of using 

SFLA and hence more easily adopt SFLA. The findings indicated a significant positive 

relationship between innovativeness and PU. This is consistent with previous studies 

such as Godoe and Johansen (2012) and suggests that the more innovative students 

are, the more they will perceive SFLA as useful. Thus, innovative students are willing 

to try out and be the first users of SFLA to understand the benefits to their learning 

process. However, Godoe and Johansen (2012) found negative associations between 

innovativeness and PU. The results show that discomfort has no significant influence 

on PU like previous studies (Godoe & Johansen 2012; Kuo et al. 2013). Being an 

emerging learning technology innovation, students may not be concerned about the 

discomfort that comes with SFLA if they see the benefits. On the other hand, it can be 

argued that when the benefits of a given technology are evident, a user may not care 

about the discomfort that comes with the use of the technology. The user may only 

aim at maximizing the benefit out of using a given technology while ignoring or 
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dealing with the discomfort that comes with use. In the same way, results indicated no 

significant negative effect on PU of SFLA. This finding is consistent with previous 

studies (Godoe & Johansen 2012; Kuo et al., 2013). It implies that students decouple 

their concerns about privacy and security when using SFLA. On the other hand, this 

may also suggest that when users understand the benefits of a given technology, 

privacy and security concerns may not deter them from using the technology.  

Findings revealed a positive significant relationship between optimism and 

PEOU of SFLA. This is consistent with prior studies (Galaige et al., 2018b; Kuo et al., 

2013; Godoe & Johansen 2012; Walczuch et al., 2007) and implies that the more 

optimistic a student is, the more they will perceive SFLA as user friendly. Results 

show that innovativeness has a significant positive effect on PEOU. This is similar to 

other scholars (Godoe & Johansen 2012; Kuo et al. 2013; Walczuch et al. 2007) 

suggesting that the more innovative students are most likely to perceive SFLA as easy 

to use. Innovative people will try out a new technology even when they are not sure of 

its usefulness (Walczuch et al., 2007). Discomfort had a negative influence on PEOU 

of SFLA. This finding agrees with prior studies such as Kuo et al. (2013), Walczuch 

et al. 2007 and Wook et al. (2017). This implies that if students detect some form of 

discomfort such as loss of control over their learning process, they will perceive SFLA 

as not easy to use. Similarly, findings indicate a negative relationship between 

insecurity and PEOU of SFLA (Kuo et al., 2013; Walczuch et al., 2007). This implies 

that the more students feel insecure about using SFLA, the more they will perceive 

SFLA as not easy to use. Students with a high sense of insecurity may feel that using 

SFLA to support their learning process will expose them to security and privacy risks. 

This is attributed to the fact that SFLA involve tracking and manipulating student data 

on different learning activities and most likely, students are concerned about the 

security and privacy of their data. In fact, SFLA and LA in general have been in the 

limelight for issues concerning students’ privacy, security and other ethical concerns.  

Findings reveal optimism in a positive relationship with behavioral intentions to 

use SFLA. Optimistic students will have high behavioral intentions hence welcome 

the idea of using SFLA. In addition, innovativeness also had a positive influence on 

behavioral intentions to use SFLA. This implies that innovative students will be 

willing to try out the idea of using SFLA. The above findings are similar to other 

studies such as El Alfy et al. (2017), Lin and Hsieh (2007). However, it is important 
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to note that these studies examined the influence of TR as one construct and not each 

of the TR dimensions. On the other hand, results reveal that discomfort and insecurity 

did not have a significant negative influence on behavioral intention to use SFLA. 

Therefore, TR inhibitors have no direct influence on behavioral intentions and the 

influence may be indirect through other TAM predictors (PU and PEOU).  

Results indicated a positive significant influence of PEOU on PU. This a 

confirmation of previous studies on PEOU (Kuo et al., 2013; Davis, 1989; Wook et 

al., 2017). This implies that the degree of PEOU of SFLA influences the extent to 

which students perceive SFLA as useful. That is, when students perceive SFLA as easy 

to use, students will consider SFLA as useful to their learning process. Meanwhile, 

PEOU also had a significant positive effect on behavioral intentions to use SFLA. This 

is consistent with previous scholars who have found PEOU to be a significant predictor 

of intention to use (Kuo et al., 2013; Wook et al., 2017). This means that when students 

perceive SFLA as easy to use, then they will have higher intentions to use SFLA for 

their learning process. This suggests that usability issues should be given maximum 

attention in the design of SFLA. Similarly, a positive significant relationship was 

found between PU and behavioral intentions to use SFLA. This is consistent with prior 

studies (Wook et al., 2017). This is an implication that when students gain insight into 

how SFLA will increase learning efficiency, control over the learning process as well 

as flexibility in the learning process, they will perceive SFLA as useful and their 

intention to use will increase.  

7.4 SUMMARY AND IMPLICATIONS FOR LEARNING ANALYTICS 

DESIGNERS, RESEARCHERS AND EDUCATORS  

SFLA systems have become popular because of the promise that their use will 

help students become better self-regulators and therefore more successful learners. To 

date, this promise is not consistently fulfilled. The perspective adopted in this study is 

that SFLA design and implementation impact adoption contributes to use, and 

subsequently outcome. Effective design and implementation of any innovation require 

knowledge of users. Thus, increasing knowledge about students as primary users of 

SFLA was among the motivations for undertaking the study. This has been achieved 

by gaining insight into what students consider important in SFLA in terms of data 

tracked and SFLA features, and their concerns about using SFLA to support their SRL 
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process. These insights have several implications for LA designers, researchers, and 

educators among others. 

Unexpectedly, students considered emotional data aspects as extremely 

important even though current LA applications have given less attention to the 

emotional aspects of the learning process. It is therefore recommended that emotional 

aspects in the learning process should be considered in LA just like the cognitive 

aspects. Since social interaction data was not considered important from the students’ 

perspective and yet it is among the most-commonly tracked user data elements in LA. 

This may point to the fact that the respondent misinterpreted the survey item. Future 

research should consider re-wording the term or defining it. 

SFLA features focused on feedback and communication such as alerts on 

potential problems/risks of failing a course, performance data such as grades attained, 

and notifications such as those on exam dates were found to be extremely important to 

students. This reveals the extent to which students value feedback and communication 

more especially in online learning environments where physical interactions are 

minimal or absent. Therefore, such features should be given maximum attention during 

the design of SFLA. Setting learning goals and tracking progress on learning goal 

achievement was identified as an extremely important SFLA feature from the student’s 

perspective. This finding highlights the extent to which students value the planning 

and monitoring of activities in the learning process. Therefore, learning analytics 

designers, researchers, and educators should not only focus on supporting the self-

evaluation phase of SRL but also the planning and monitoring phases. Meanwhile, our 

study revealed mixed feelings about social comparison features despite their popularity 

in current SFLA dashboards. Social comparison features should be implemented with 

caution since students were skeptical about them. Students should be given the 

opportunity to choose when to compare themselves and what items to compare with. 

For instance, instructors may help students in deciding which comparison points to 

consider by pointing out the major advantages and disadvantages of a given 

comparison point in a context. Otherwise, simply presenting students with data or 

information is insufficient for facilitating self-awareness and the development of 

learning strategies. 

From the findings, several students' concerns over SFLA were established, and 

these included: the loss of autonomy in the learning process and distraction from 
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learning; privacy and security; teachers running away from their roles; demotivation, 

depression, anxiety, and stress; accuracy and timing of feedback. These concerns are 

suggestive of the necessity of SFLA design that not only presents data but also 

scaffolds and assists students to interpret and use the data they see. If students have 

poor self-regulation skills, and little overt knowledge of the learning process, then it is 

likely that are unable to make sense and use of the presented data. Such students may 

not know why this data is important or what they should do with it – from this 

perspective, the data becomes an unnecessary burden, increases cognitive load, and is 

quite simply a distraction. The functionality of effective SFLA systems is not limited 

to the presentation of relevant data. An effective SFLA system is also a supporting 

learning system (preferably together with the teacher) students’ development of self-

regulation skills. During the design and development of any SFLA tool, it is important 

that students are well briefed or workshopped on the purpose of the system. Specifying 

what data will be collected, what it will be used for, and by whom (tied into the concern 

of privacy and consent) can help students understand the purpose of the system. It is 

important to ensure that students are aware of the roles of those who interact with and 

use the system. It is important that learners are enlightened on how SFLA can enable 

them to achieve learning independence. SFLA use policies both legislative and non-

legislative should be in place as to what data is collected, who has access to the data, 

and for what purpose is data used. What's more, opt-in/opt-out option features should 

also be included in the design of SFLA for supporting SRL. 

The selection and design of SFLA features must be grounded both in an 

understanding of the learning process and student preferences and expectations. One 

way to achieve this is by taking a user-centred design approach to developing SFLA. 

This will ensure that student needs and preferences are understood and that students 

appreciate, embrace, and trust SFLA. SFLA features or functionalities should not 

replace teaching and learning roles, instead students and teachers should act as partners 

in the learning process. Hence, teachers keen to use SFLA would need to examine their 

teaching practices and consider how their role may become more facilitative and how 

they should support and respond to student activity that results from student interaction 

with SFLA. Although SFLA systems are intended for use by students, there must be a 

teacher or pedagogical input into the design from the teacher's perspective. It is also 

important to ask what data will students need to access? How can I support student 
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sense-making of that data? On the other hand, learning analytics should be used as 

pedagogical tools thus their design should be based on sound pedagogical frameworks. 

This study underscores the importance of understanding student needs and 

drawing on learning science theory before embarking on designing and implementing 

SFLA. Such an approach will promote positive attitudes and increase adoption while 

enhancing learning experiences and outcomes for the students. Even though the 

features of a given SFLA system may largely depend on the purpose and context of 

use, the present study is an important step towards understanding SFLA features that 

students might consider important and their concerns for the same. It will benefit those 

intending to design and develop SFLA tools that meet student needs with the aim of 

improving the overall learning process. 

The results revealed that TR had the largest total effect on behavioral intentions 

and at the same significantly influenced perceived usefulness and perceived ease of 

use. In addition, optimism and innovativeness individually had a significant influence 

on behavioral intentions. Learning analytics designers and higher education 

institutions should address both system characteristics and students’ personality traits 

such as TR while planning the design and implementation of SFLA. For instance, 

SFLA features that are likely to cause discomfort and threaten security should be 

identified and addressed with extra care during the design and development process. 

Some of the optimistic and innovative students can be identified and involved in the 

design process and this can result in designing SFLA that can support SRL effectively. 

On the other hand, educators may wish to start implementation by focusing on students 

that appear to be more optimistic and innovative and to act as pioneers and motivate 

others to use SFLA. Educators should also focus on creating awareness for learners 

about the benefits of SFLA and how they can improve learning efficiency, control over 

the learning process, and flexibility in learning. 

Given the fact that technology readiness is a mental state, it can improve over 

time. Higher education institutions may find it useful to segment potential SFLA users 

(students) based on their technology readiness. The different segments can then be 

targeted with different interventions to enhance adoption. In addition, how learners are 

likely to react to various design SFLA features can be predicted. For instance, a 

segment with high inhibitors or low TR can be involved in testing and evaluation to 

identify features that are likely to result in discomfort or insecurity. Students with high 
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TR are likely to be interested in advanced SFLA features and may require little support 

while using SFLA to support their learning process. On the other hand, students with 

low TR may be comfortable with preliminary SFLA features and need more support 

and training to use SFLA. On the other hand, SFLA designers can take a user-centred 

design approach by involving students in the design of SFLA. For instance, students 

who exhibit high levels of optimism and innovativeness could be involved in 

generating the user requirements. This could greatly enhance the design process of 

SFLA while ensuring that students’ needs, and expectations are met as well as 

promoting acceptance among students. 

Since TR has an impact on behaviour intentions, it is prudent that designers and 

educators identify students with different levels of TR and ensure that the SFLA 

features meet the needs at different levels. SFLA should be designed based on practical 

student needs rather than the availability of learning activity data and technical 

capabilities. Needs assessments should be the first step to designing and implementing 

SFLA for supporting SRL so to ascertain students’ needs while ensuring usability. 
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Chapter 8: What student facing learning 

analytics features are most 

appropriate to support students’ 

self-regulated learning?   

8.1 INTRODUCTION 

The aim of this chapter is to present the student-facing learning analytics features 

(SFLA) that are most appropriate to support students’ self-regulated learning (SRL) in 

each of the identified SRL profile. Thus, addressing research question three: “What 

student-facing learning analytics features are most appropriate to support students’ 

self-regulated learning?” 

In Chapter Six, four SRL profiles based on Zimmerman’s cyclic phase model of 

self-regulated learning were identified. The self-regulated learning (SRL) support 

needs for each profile were established given the unique characteristics. In Chapter 

Seven, the SFLA features and user data that students consider important and their 

concerns as regards the same were identified. Given the fact that SFLA are potential 

tools for supporting self-regulation (Jivet et al., 2017; Matcha et al., 2019). And yet 

understanding user needs and preferences in the design of information systems has 

been shown to have a positive impact on adoption, usability of artefacts, and use 

(Abras et al., 2004). In this Chapter, therefore, students were presented with the SFLA 

features identified in Chapter Seven as important and asked which features, they 

preferred most. The SFLA preferences for each of the SRL profiles were then 

established and examined to reveal whether they were in line with the SRL support 

needs identified in Chapter Six. To achieve this, relationships between students SRL 

profiles and students’ preferences for SFLA features were examined. The student's 

SFLA preferences were then matched with the students' SRL support needs. By 

achieving this, the following research questions answered: 

i. What are the profile-specific student-facing learning analytics feature 

preferences? 



186  

ii. Is there a relationship between the students’ preferences for student-facing 

learning analytics features and the students’ specific self-regulated learning 

profile? If so, 

iii. Do the students’ preferences for student-facing learning analytics align with 

the kind of self-regulated learning support that is most appropriate for their 

specific profiles?  

This chapter is structured as follows: Section 8.2 presents the result and 

discussions. In section 8.3, the results from the alignment between students' SFLA 

preferences and SRL support needs are presented and discussed. Finally, section 8.4 

discusses the implications of the results for learning analytics designers, researchers, 

and educators. 

8.2 RESULTS AND DISCUSSIONS  

8.2.1 Participant demographics 

As shown in Table 8.1, most of the participants were male (73.1%) while the 

majority age-group was 18-25 years (61.5%) and 78.5% of the participants were in 

their first year of study. Many of the participants were from Information and 

Communication Technology (64.3%). Given the disparities in the demographic 

characteristics results, correlations between the demographic factors including age, 

gender, discipline of study and year of study and SFLA feature preferences were 

examined. ANOVA correlations were used to compare SFLA feature preferences with 

the demographic factors. No significant correlations were found between the 

demographic characteristics and SFLA preferences. Thus, SFLA preferences were not 

influenced by belonging to any of the mentioned demographic groups.  

Table 8-1. 

 Participant demographics (N=52) 
Student 

Demographics 

Frequency % Student Demographics Frequency % 

Gender School 

Female 14 26.9 Information & 

Communication Technology 

34 65.38 

Male 38 73.1 Business 18 34.62 

Age group Year of study 

18-24 32 61.5 First 41 78.85 

25-29 10 19.23 Second 11 21.15 

30-34 5 9.62 Third 0 0 

35-39 2 3.85 Fourth 0 0 

40+ 3 5.77 Fifth 0 0 
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8.2.2 Stage 1 results: Students self-regulated learning profiles 

The results as presented in Table 8.2 revealed four distinct SRL profiles (non-

self-regulators, basic-self-regulators, proficient self-regulators and expert self-

regulators) and these aligned with the previous profiles identified in Chapter 6. From 

the experimental results as presented in Table 8.2, the non-self-regulator profile had 

the highest number of participants (53.85%) while the expert profile (9.62%) had the 

least number of participants. Students in profile one had the least experience in online 

learning while students in the expert were highly experienced in online learning. This 

concurs with literature (Littlejohn et al., 2016; Burman, Green & Shanker, 2015; Jivet, 

2015) that majority of the student are poor at self-regulating their learning. The results 

presented in Table 8.3 further confirmed the findings discussed in Chapter 6. Profile 1 

(non-self-regulators) students are poor at all phases of SRL according to Zimmerman’s 

cyclic SRL model. As presented in Table 8.3, students’ scores for all the SRL strategies 

are less than 2.400 in profile 1. Profile 2 (basic self-regulators) students are good at 

planning and self-reflection but poor at the performance and monitoring phase. As 

presented in Table 8.3 below, students’ scores in all the SRL strategies conducted at 

the performance and monitoring phase are below 3.250. Profile 3 (proficient self-

regulators) students are poor at the self-reflection and evaluation as this profile has the 

lowest score in self-evaluation which is only 1.606. Results also indicate that students 

in Profile 4 (expert profile) seem to be skilled at all levels of SRL but poor at peer 

learning with a score of 2.601. 
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Table 8-2 

 Self-Regulated Learning Profiles Cluster characteristics (n=52) 

Clustering 

variable 

Profile 1 

(Non-self-

regulators 

(n=28) (53.85%) 

Profile 2 

(Basic self-

regulators 

 (n=11) (21.15%) 

Profile 3 

(Proficient self-

regulators 

 (n=8) (15.38%) 

Profile 4 

(Expert self-regulators 

 (n=5) (9.62%) 

M SD  M SD M SD M SD 
Goal setting 1.099 0.810 5.514 1.001 4.910 1.201 6 500 0.950 

Strategic planning 2.150 0.920 5.581 0.801 4.781 0.918 6.452 0.612 
Task strategy 2.001 1.240 5.614 0.728 4.943 0.917 6 211 1.400 

Environment 

structuring 

1.110 0.710 5.850 0.594 5.571 1.060 6.717 1.625 

Time management 2.109 0.819 3.108 1.619 5.527  0.748 6 114 0.703 

Help seeking 1.020 0.705 1.500 0.820 4.482 0.831 5 928 1.817 

Peer learning 1.100 0.802 1.530 0.910 5.658 1.015 2.601 1.071 
Metacognitive 

strategy 

2.400 1.015 2.804 0.619 4.995 0.610 5 905 0.584 

Effort regulation 1.100 0.730 2.123 0.479 5.807 1.090 6.608 1.001 
Elaboration 1.120 0.686 3.160 0.821 4.931 1.037 5.780 0.728 

Organization 1.203 0.452 3.251 0.837 5.945  0.814 6.617 0.902 

Rehearsal 1.000 1.001 3.201 1.026 4.876 0.419 6.754 1.060 
Self-evaluation 1.150 0.815 6.610 0.061 1.606 0.904 6 507 0.529 

Demographics 

Average Number 

of online courses 

previously 

undertaken 

1 5 4 8 

M=Mean, SD = Standard Deviation, n = number, % = percentage: Red=Forethought/planning phase, 

Green=Performance and monitoring phase, Blue=Self-reflection and evaluation phase 

 

 

8.2.3 Stage 2 results: Students’ preferences for student-facing learning analytics 

The relationships were then further examined to gain insight into what SFLA 

features students in specific SRL profiles preferred.  For some SFLA features, a 

positive correlation was found while others, negative or no correlations were found. 

On the other hand, some preferences were found to be common across all SRL profiles. 

The statistical results are shown in Table 8.3 below. 
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As seen in Table 8.3, the results also revealed negative relationships between 

profile two and 3/19 SFLA features. This may suggest that availing these features to 

students in this profile may result into undesirable SRL outcomes. Therefore, these 

SFLA features may not be implemented as adaptive features to this specific profile but 

may be availed to students with some scaffolding. In the same way, the negative 

relationship between profile 1 and self-reporting feature for offline learning activities, 

e.g., watching a lecture video during bus waiting time may imply that students may 

respond adversely to the presence of such features in their SFLA. It also most likely 

that students in this cluster are not independent learners and therefore not willing to 

take responsibility for their learning.  

Profile 3: Non-self-regulators 

  
As shown in Table 8.3, the findings revealed positive relationships between 

profile 3 and 8/19 SFLA features. The findings revealed a positive relationship 

between profile 3 and the above SFLA features. This shows that students in this profile 

like these SFLA features implying that the presence of such features to students in this 

profile will most likely have a positive impact on SRL support. For that reason, these 

SFLA features may be availed to students identified as proficient self-regulators 

adaptively. 

The results presented in Table 8.3 further revealed some negative relationships 

between profile 3 and 3/19 SFLA features. This may suggest that availing these 

features to students in this profile may result into undesirable SRL outcomes. 

Therefore, these features may not be implemented as adaptive features to this specific 

profile but may be availed to students with some scaffolding. On the other hand, the 

negative relationship between profile 3 and self-reporting feature for offline learning 

activities, e.g., watching a lecture video during bus waiting time may imply that 

students in this profile are not interested in taking responsibility for their learning. This 

may point to the fact that students in this cluster are not independent learners.  

Profile 4: Non-self-regulators 

  

As shown in Table 8.3, positive relationships were revealed between profile 4 

and 8/19 SFLA features. This confirms that students in this profile will most likely 

perceive these SFLA features positively, and this suggests that the presence of such 

features to students in this profile is likely to have a positive impact on SRL support. 
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And so, these features may be implemented as adaptive SFLA features to students in 

this profile.   

The results presented in Table 8.3 also revealed some negative relationships 

between profile 4 and 3/19 SFLA features. This shows that students don’t like 

comparing themselves to others. This may imply that availing these SFLA features to 

students in this profile may result into undesirable responses and impact on SRL 

support outcomes. These results are in line with recent literature where the presence 

of such features related to social comparison has been criticized (Arnold & Sclater 

2017; Willis & Pistilli 2014). Therefore, these features may be availed to students in 

this profile but with some support to avoid any likely negative outcomes.  

The findings discussed above give insight to SFLA designers’ in making 

decisions regarding SFLA features such that students are more likely to react 

favourably and embrace SFLA systems. However, the primary goal of SFLA is to 

support students’ SRL and therefore support more effective learning. It is therefore 

necessary to investigate if the SFLA features preferred by students are the most 

appropriate based on their SRL support needs summarized in Chapter, Table 6.4  

8.3 ALIGNING STUDENTS SFLA FEATURE PREFERENCES AND SRL 

SUPPORT NEEDS 

Prior studies indicate that it is possible to foster and support students SRL skills 

(Azevedo & Cromley, 2004; Bannert et al., 2009). Advances in online learning tools 

present so many opportunities for fostering SRL given the enormous amount of about 

students learning processes which was previously impossible (Auvinen, 2015). Thus, 

with such vast amount of data, learning analytics and more specifically student-facing 

learning analytics offer a promising approach and remain a possible avenue for 

understanding and supporting students SRL in online learning environments (Alabi & 

Hatala, 2017; Bodily, et al., 2018; Field, 2015; Durall & Gros, 2014).  

In Chapter 6, the results confirmed that students self-regulate differently and 

have different SRL support needs. In Chapter 7, students’ preferences and concerns 

for SFLA were identified. In Chapter 8 section 8.4.4, the influence of SRL profiles on 

SFLA preferences were examined. The results showed both positive and negative 

relationships. In this section, an examination of whether students SFLA preferences 

match students SRL support needs was conducted. Examining the profile specific 
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SFLA feature preferences reveals which of the student preferences align with the 

support needed for their SRL profile, and which of the student preferences are in 

opposition to the support needed for their SRL profile. Where students show no 

preference for an SFLA feature, but that feature provides SRL support needed by 

students in the profile, the recommendation is not to simply exclude the feature.  It is 

important to consider if the SFLA feature is not preferred by learners because of lack 

of SRL skill or maturity. SRL pivots on self-awareness of one’s own learning, in the 

absence of awareness students will conceivably not recognize the value or use of a 

support feature. It is necessary to consider non-preferred SFLA features from the 

perspective of what additional support may be required to assist the student to make 

positive use of the feature.  

8.3.1 How can student-facing learning analytics support students’ self-regulated 

learning? 

In Chapter 3, section 3.6, ways in which SFLA can support self-regulated 

learning with example tools. In this section, discussion of how SFLA features can 

support the specific self-regulated learning strategies is presented.  

Strategic planning and understanding learning objectives 

SFLA features that support learners in setting their learning goals and tracking 

progress on goal achievement can improve strategic planning and enable learners to 

understand learning objectives. One design strategy is providing templates for setting 

learning goals and tracking progress on achievement. This approach has been shown 

to be successful in enhancing students’ autonomy, as well as goal setting behaviours. 

For example, Marzouk et al. (2016) through their study provided learners with goal 

setting templates to support study planning. Students’ learning activities were tracked 

and evaluated based on their set goals. The authors concluded that helping students set 

learning goals was useful in enhancing students’ autonomy, persistence in attaining 

their learning goals and overall engagement. Setting learning goals can direct students’ 

actions and efforts towards goal achievement by enabling them to plan and monitor 

their achievements and identify performance gaps. This also enhances academic 

achievement since prior studies associate goal setting with high academic achievement 

(Lee, Choi & Kim, 2013).  
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Self-motivation and efficacy 

SFLA features that enable students to compare their performance grades with 

self over time, compare performance grades with classmates and availing leader boards 

or top performing students’ lists are ways through which student’s self-reflection skills 

can be boosted. It is argued that when students compare with others, it promotes health 

competition and motivates struggling students to put in more effort (Arnold & Sclater 

2017; Willis & Pistilli 2014). Self-reflection can be facilitated by tools that help 

learners become more overtly aware of their learning behaviour. For instance, Jivet 

(2016) developed The Learning Tracker, an interactive widget that supported Massive 

Open Online Courses (MOOCs) learners to visualize their learning behaviour and 

compare it with behaviours of previous successful learners of the same course. The 

results from iterative evaluation revealed that MOOC learners who used the Learning 

Tracker persisted throughout the course and were likely to graduate. Guerra et al. 

(2016) developed Mastery grids system as an intelligent interface for accessing course 

content, social comparison and adaptive navigational support. The evaluation results 

showed that the system had significant positive impact of navigation-oriented social 

comparison interface on student engagement, efficiency, and effectiveness. 

SFLA features that enable learners to report their emotional state about the 

course such as stress, anxiety, happiness improves learners’ emotional aspects and 

hence self-motivated. Prior studies have pointed out that issues concerning students’ 

emotional state have so far received little attention in LA applications (Montero & 

Suhonen (2014). They further argued that analysing students’ digital data without 

considering emotional aspects is a narrow view of the learning process and yet both 

positive and negative emotional aspects may impact learning or the learning process. 

A study by Galaige et al (2018a) revealed that students are concerned about their 

emotional state and that tracking students’ emotional data was very important to them.  

Task analysis 

 

Notifying students on critical activities such as exam dates, assignments dates, 

and upcoming events is another way SFLA can foster SRL. This can be done through 

automated alerts or news feeds. These notifications encourage student to monitor and 

self-regulate their learning promptly. This enables students to plan for future learning 

activities in a timely manner; providing support in creating study schedules for 

learning activities. This can help students in setting to-do lists, set realistic deadlines 
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for accomplishing their assignments or learning activities and organising their study 

time to achieve different learning goals. This can eventually improve time 

management skills.  

Recommending and providing links to additional learning resources and learning 

activities for a course can aid task completion and improve content mastery and 

competencies. Providing learners with links to additional learning content or materials 

and recommendations of learning resources and learning activities is another strategy 

of potential benefit to learners with low task analysis strategies. This enables students 

to work out extra problems in addition to the assigned ones to master the course content 

hence improving on students’ task strategy skills. 

Environment structuring 

 Alerting students when they engage in off-task behaviours such as chatting with 

friends and social networking on Twitter or Facebook while working on specific 

learning tasks online can improve on students’ environment structuring skills. For 

instance, students can also be reminded to disable disruptive features such as chatting 

or instant messaging in online environments. This can also aid task completion as 

learners are able to stay focused.  

Help seeking  

Prompts for seeking learning support such as identifying the specific kinds of 

help and the people who can help with their contact details such as tutor, peers can 

improve on help seeking skills. Prompts for seeking learning support when a difficult 

task is encountered. For instance, identifying the specific kinds of help and the people 

to help with their contact details such as tutor, peers. This can be done thorough 

automated emailing, instant messaging and chats. For instance, Diana et al. (2017) 

introduced a dashboard that offered real-time analytics in interactive 

programming assignments to instructors to identify students that needed help. The 

students were identified through a live learning analytics dashboard while working on 

real programming tasks. It was reported that students were able to receive timely help. 

Prompts for self-testing and assessments on learning content can improve course 

content mastery and competences and help students self-evaluate. Additionally, this 

can enable students to adjust learning strategies which will eventually improve the 

self-reflection skills. 
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Self-tracking and monitoring learning progress 

Alerting students on potential problems/risks of failing a course can help student 

to track and monitor their learning process. With real-time information on how well or 

poorly they are performing, students can devise plans and task strategies to improve 

before it is late. It can enable students to devise plans and task strategies to improve 

before it is late. Course Signals at Purdue University by Pistilli and Arnold (2010) is 

one of the most popular LA tools that focused on early alerts. It was designed to 

identify students at risk based on traffic light metaphors. The green signal meant that 

a student is on track and likely to perform well. The yellow signal meant that there is 

room for improvement even when a student is not on track. The red signal meant that 

a student is at risk and must make serious changes to do well in the course. A student 

identified at risk would be contacted with an intervention. Pistilli and Arnold (2010) 

reported that the tool prevented some students from dropping out and the overall 

retention rate was improved.  

Time management 

SFLA features that notify students of the time spent online, tasks completed, and 

the time taken to can aid task completion and time management. Helping learners set 

a study schedule for learning activities, such as a calendar or a to-do list of my course 

learning activities is also important on improving time management skills. SFLA 

features that notify or alert students on exam dates, reminders for submission of 

assignments, upcoming event and assignment posts is another feature that can aid task 

completion, time management and enable learners to self-track and monitor their 

learning process. 

 SFLA features that enable students to self-report their offline learning activities 

helps learners to self-track and monitor their learning. This eventually improves on 

their performance and monitoring phase of SRL. Tabuenca et al. (2015) developed a 

mobile tool called LearnTracker that enabled students to track how much time they 

devoted to their learning using their mobile devices. The tool offered a self-reporting 

feature that enabled students to report offline learning activities such as watching a 

lecture video during bus waiting time by checking in and out. Students SRL skills were 

measured using the online self-regulated learning questionnaire and time management 

questionnaire during the course. The findings revealed that tracking time allocated to 

various learning activities improved student’ time management skills.  
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Peer learning  

Students’ peer learning skills can be improved by suggesting for them learning 

partners within their learning networks. The vast amounts of learning data tracked in 

online learning environments can be analysed to cluster students based on their 

learning activities. It has also been shown in various research that this kind of 

information can enable students to identify peers with similar learning interests or good 

at particular topics.  Potts et al. (2018) developed a dating app style algorithm called 

RiPPLE (Recommendation in Personalised Peer-Learning Environments) to support 

peer learning and reciprocal peer recommendation. The system pairs students with 

their peers based on similar competencies, preferences and knowledge gaps. Students 

can select among different options such as I can help (learning support), I need help 

(seeking learning support) or I am looking for a study partner (finding study partners) 

after answering a set of multiple-choice questions regarding the topic materials. When 

a students’ learning network is established, they can be advised to seek support from 

peers who are better than them or good in particular areas in the learning materials. 

This is likely to improve students’ peer learning skills. 

Self-assessment and evaluation  

Offering consistent feedback on performance and real-time updates on the 

learning process may support students in self-reflecting on their learning, identify 

gaps, and devise corrective strategies for improvement. Consistent feedback and real 

time updates on learning process also enables students to compare performance grades 

with self over time which may spur improvements and adjustments to learning goals 

and strategies as shown in various studies. Students can also reflect on their learning, 

identify gaps, and devise corrective strategies for improvement. Ott et al. (2015) 

developed an infographic for supporting SRL by providing feedback to students about 

their performance while predicting their final grades. The evaluation results revealed 

positive student attitudes with high engagement levels with the information provided 

although there was no impact on the learning outcomes. Students’ interpretation of 

feedback should also be considered since Corrin and Barba (2015) reported that some 

students were unable to interpret feedback and connect it to their current learning 

strategies.  This may be addressed by training students on data literacy so that they can 

easily interpret feedback in the different forms of visualization. Corrin and Barba 

(2015) also recommended that support resources should be availed to students to 
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enable them take proper processes in interpreting feedback and addressing gaps in their 

learning strategies.  

Adjusting learning goals and strategies   

It is argued that when students compare with others, it promotes health 

competition and motivates struggling students to put in more effort (Arnold & Sclater 

2017; Willis & Pistilli 2014). Self-reflection can be facilitated by tools that help 

learners become more overtly aware of their learning behaviour. Therefore, SFLA 

features that enable students to compare their performance grades with self or over 

time and or compare performance grades with classmates can boost student’s self-

reflection skills. For instance, Guerra et al. (2016) developed Mastery grids system as 

an intelligent interface for accessing course content, social comparison and adaptive 

navigational support. The evaluation results showed that the system had significant 

positive impact of navigation-oriented social comparison interface on student 

engagement, efficiency, and effectiveness. 

In addition, alerting students on potential problems/risks of failing a course can 

help student in adjusting their learning and task strategies and then improve their 

metacognitive self-monitoring. It can enable students to devise plans and task 

strategies to improve before it is late. For instance, Fritz (2013) also implemented a 

feedback tool called “Check My Activity (CMA)” which enabled students to take 

responsibility for their own learning by allowing students to view and compare their 

own learning activity data with course peers scoring the same, lower or higher grades 

for a given course assessment task. The evaluation results revealed that students who 

used the tool earned a C or higher as compared to those who did not.  

8.3.2 How do students’ SFLA feature preferences match or mis-match the needs 

of their SRL profiles? 

In section 8.3.1, a discussion of how specific SFLA features can meet specific 

SRL support need was presented. To identify the SFLA features to best SRL in every 

profile, students’ SFLA preferences were examined to reveal whether their preferences 

align or contradict with the SRL support needs as discussed below. 

Non-self-regulators (Profile 1) 

 

Students in profile 1 (non-self-regulators) are poor at all phases of SRL including 

forethought, performance and self-reflection phases. Given their very poor SRL skills, 
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learners in these profiles need support at all phases of SRL. At the fore-thought phase, 

they need SRL support in strategic planning, understanding their learning objectives, 

peer learning, self-tracking and monitoring, task analysis and then self-motivation and 

efficacy. To improve their performance phase, they need support in structuring their 

environment for learning, help seeking, mastering study content, allocating their 

learning resources, time management and critical thinking. They also need SRL 

support in self-assessment, evaluation and adjusting their learning goals and strategies. 

Therefore, the SFLA features as presented in Table 8.4, can potentially improve 

students’ SRL skills in this profile.  

Learners in profile 1 need SRL support at all the phases of SRL and the SFLA 

features discussed above can help them in improving all their SRL skills. However, 

the findings presented in Table 8.4 revealed that in this profile, learners prefer only 10 

out of the 14 SFLA features. Thus, 10 out of the 14 specific SFLA features required to 

support their SRL match or are in line with their SFLA preferences. The preferred 

features include: SFLA1, SFLA2, SFLA4, SFLA5, SFLA6, SFLA7, SFLA8, SFLA13, 

SFLA7 and SFLA18 as presented in Table 8.4. The SFLA features that students in this 

profile did not prefer include the following: self-reporting feature for offline learning 

activities, e.g., watching a lecture video during bus waiting time; Monitoring course 

content mastery, competences or skillfulness; Prompts for self-testing and assessments 

on learning materials; Compare performance grades with self or over time. These 

findings show that students in this profile are likely to be passive learners as they don’t 

like SFLA features that promote independent and active learning. Therefore, it appears 

that students in this profile are likely to respond negatively to features that help them 

to taking responsibility for their learning and this resonates with their lack of SRL 

skills. On the other hand, students not liking some of the features that are likely to 

support and improve their SRL may also imply that students in this particular profile 

don’t understand what they want or they don’t know how these features can improve 

their SRL skills. Therefore, creating awareness before or during the SFLA design 

process is highly recommended. In addition, if such features are to be included, some 

scaffolding should be given.
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Table 8-4  
Alignment of SFLA preferences for profile 1 (non-self-regulators) to SRL support needed 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Profile  

Characteristics 

 

Code  

 

SRL support needs 

 

Code SFLA Features 

Preference 

Largest cluster with 
40% 

Lowest level of online 
learning experience  

lowest scores on all the 
thirteen SRL strategies 

we measured (all 
average scores < 
3.400) 

lowest score for peer 

learning, help seeking, 

effort regulation, 
organization and 

elaboration 

Poor at forethought, 

performance and self-
reflection phases 

SRL1 Strategy planning   SFLA1 Setting learning goals and tracking progress on learning goal achievement 
(SRL1, SRL2) 

Yes 

SRL2 Understanding learning 
objectives 

SFLA2 Suggesting learning partners or classmates in a learning network (SRL14) Yes 

SRL3 Self-motivation and efficacy SFLA3 Self-reporting feature for offline learning activities, e.g , watching a lecture 

video during bus waiting time (SRL5) 

 No 

SRL4 Task analysis SFLA4 Alerting students when they engage in off-task behaviours such as chatting 
with friends and social networking on Twitter or Facebook (SRL5) 

Yes 

SRL5 Environment structuring SFLA5 Alerts on potential problems/risks of failing a course (SRL8) Yes 

SRL6 Help seeking  SFLA6 Real-time feedback on learning progress and performance such as grade 

attained (SRL12, SRL13) 

Yes 

SRL7 Content mastery, 
competences and skilfulness 

SFLA7 Recommendations and links to additional learning resources and learning 

activities for the course (SRL4) 

Yes 

SRL8 Self-tracking and monitoring 
learning progress 

SFLA8 Notifications on time spent online, tasks completed, and time taken to aid 
task completion (SRL8, SRL10, SRL9) 

Yes 

SRL9 Resource allocation  SFLA9 Compare performance grades with self or over time  (SRL1, SRL2, SRL12, 
SRL13) 

No 

SRL10 Time management SFLA10 Compare performance grades with classmates (SRL1, SRL2, SRL12, 

SRL13) 

No 

SRL11 Critical thinking SFLA11 Reporting emotional state about the course such as stress, anxiety, happiness 
(SRL3) 

Yes 

SRL12 Self-assessment & evaluation  SFLA12 Leader boards or top performing students in a course (SRL1, SRL2) No 

SRL13 Adjusting learning goals and 
strategies   

SFLA13 Notifications or alerts such exam dates, reminders for submission of 
assignments, upcoming event and assignment posts (SRL10) 

Yes 

SRL14 Peer learning  SFLA14 Monitoring course content mastery, competences or skillfulness (SRL7) No 

SRL15 Metacognitive awareness SFLA15 Prompts for self-testing and assessments on learning materials (SRL12, 

SRL13, SRL15) 

No 

  SFLA16 Consent to what data is used in the student-facing learning analytics system Yes 

  SFLA17 Prompts for seeking learning support, e.g., identify the specific kinds of help 

and the people to help with their contact details such as tutor, peers (SRL6) 

Yes 

  SFLA18 Setting a study schedule for learning activities, such as a calendar or a to-do 

list of course learning activities (SRL10) 

Yes 

  SFLA19 Self-customizable student-facing learning analytics dashboard/interface to 

suit needs 

Yes 
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The findings revealed that students in profile 1 prefer three out of the five generic 

features that we think every SFLA should have to create a better environment for 

supporting SRL. The features preferred include reporting emotional state about the 

course such as stress, anxiety, and happiness, Consent to what data is used in the 

student-facing learning analytics system, and self-customizable student-facing 

learning analytics dashboard/interface to suit needs. Students SFLA preference for 

reporting about their emotional state about the course such as stress, anxiety, and 

happiness, implies that value their emotional wellbeing during learning. Students’ 

preference for a feature that allows them to consent to learning data usage shows that 

students are conscious about their privacy and security. Students SFLA preference for 

customization implies that students have different needs and preferences for 

consenting to what data is used in SFLA system. The findings revealed that students 

did not prefer 2 out of the 5 generic features and these are: Compare performance 

grades with classmates and leader boards or top performing students in a course. This 

is understandable as these features are related to social comparison. Several previous 

studies (Arnold & Sclater 2017; Galaige et al., 2018a; Willis & Pistilli 2014) have 

reported that students don’t prefer SFLA features related to social comparison despite 

the possible role in promoting competition and motivation among learners. 

Profile 2 (basic-self-regulators) 

 

Students in profile 2 (basic-self-regulators) are poor at the performance phase 

of SRL and therefore they need support to accomplish all the performance and 

monitoring activities. As presented in Table 8.5, students need support in 

metacognitive awareness, environment structuring, help seeking, content mastery, 

competences and skilfulness, self-tracking and monitoring learning progress, resource 

allocation, time management and critical thinking.   

Learners in profile 2 need SRL support at the performance phase of SRL and the 

SFLA features discussed above can enable them to execute SRL at the performance 

phase of SRL. However, the findings presented in Table 8.6 reveal learners prefer only 

6 out of the 10 specific SFLA features required to support their SRL. These SFLA 

features that match or are in line with learner’s SFLA preferences include. SFLA2, 

SFLA4, SFLA5, SFLA6, SFLA7, SFLA8, SFLA13, SFLA17 and SFLA18 as 

presented in Table 8.4. The SFLA features that students in profile 2 did not prefer 

include the following: Self-reporting feature for offline learning activities, e.g., 
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watching a lecture video during bus waiting time; Recommendations and links to 

additional learning resources and learning activities for my course; Prompts for 

seeking learning support, e.g., identify the specific kinds of help and the people to help 

with their contact details such as tutor, peers; Notifications on time spent online, tasks 

completed, and time taken to aid task completion. From the findings discussed, it 

appears that students in this profile don’t know what they need. This is evidenced by 

the fact that students in this profile did not like 4 out of the 10 SFLA features 

specifically required to improve their SRL skill gaps. Students in this profile don’t like 

SFLA features that put them in control of their own learning and most likely, they are 

not independent learners.  

In addition, the findings presented in Table 8.5 revealed that students in this 

profile prefer 3 out of the 5 generic features that we think every SFLA should have to 

create a better environment for supporting SRL. These features include reporting 

emotional state about the course such as stress, anxiety, and happiness, Consent to 

what data is used in the student-facing learning analytics system, and self-

customizable student-facing learning analytics dashboard/interface to suit needs. 

Students SFLA preference for reporting about their emotional state about the course 

such as stress, anxiety, and happiness, implies that value their emotional wellbeing 

during learning. Students’ preference for a feature that allows them to consent to 

learning data usage shows that students are conscious about their privacy and security. 

Students SFLA preference for customization implies that students are have different 

needs and preferences for consenting to what data is used in the SFLA system. The 

findings revealed that students did not prefer 2 out of the 5 generic features and these 

are: Compare performance grades with classmates and leader boards or top performing 

students in my course. This is not surprising as several previous studies (Arnold & 

Sclater 2017; Galaige et al., 2018; Willis & Pistilli 2014) have reported that students 

are not interested in SFLA features related to social comparison despite the possible 

advantage of motivating learners and promoting self-awareness.
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Table 8-5  
Alignment of SFLA preferences for profile 2 (basic-self-regulators) to SRL support needed  
 

 
Profile  

Characteristics 

 

Code  

 

SRL support needs 

 

Code SFLA Features 

Preference 

Second largest with 34 % 

Highest score in self-
evaluation  

Average online 
experiences 

Poor at the performance 
phase of SRL phase. 

 

SRL15 Metacognitive 
awareness 

SFLA2 

Suggesting learning partners or classmates in a learning network (SRL14) 

Yes 

SRL3 Self-motivation and 
efficacy 

SFLA3 
Self-reporting feature for offline learning activities, e.g., watching a lecture 

video during bus waiting time (SRL5) 

 No 

SRL4 Task analysis SFLA4 Alerting students when they engage in off-task behaviours such as chatting 

with friends and social networking on Twitter or Facebook (SRL5) 

Yes 

SRL5 Environment 

structuring 

SFLA5 

Alerts on potential problems/risks of failing a course (SRL8) 

Yes 

SRL6 Help seeking  SFLA6 Real-time feedback on learning progress and performance such as grade 
attained (SRL12, SRL13) 

Yes 

SRL7 Content mastery, 

competences and 
skilfulness 

SFLA7 Recommendations and links to additional learning resources and learning 

activities for a course (SRL4) 

No 

SRL8 Self-tracking and 

monitoring learning 
progress 

SFLA8 Notifications on time spent online, tasks completed, and time taken to aid 

task completion (SRL8, SRL10, SRL9) 

Yes 

SRL9 Resource allocation  SFLA9 Compare performance grades with self or over time   No 

SRL10 Time management SFLA10 Compare performance grades with classmates  No 

SRL11 Critical thinking SFLA11 Reporting emotional state about the course such as stress, anxiety, happiness 

(SRL3) 

Yes 

SRL14 Peer learning  SFLA12 Leader boards or top performing students in a course (SRL1, SRL2) No 

  SFLA13 Notifications or alerts such exam dates, reminders for submission of 

assignments, upcoming event and assignment posts (SRL10) 

Yes 

  SFLA16 Consent to what data is used in the student-facing learning analytics system Yes 

  SFLA17 Prompts for seeking learning support, e.g., identify the specific kinds of help 

and the people to help with their contact details such as tutor, peers (SRL6) 

Yes 

  SFLA18 Setting a study schedule for learning activities, such as a calendar or a to-do 
list of my course learning activities (SRL10) 

Yes 

  SFLA19 Self-customizable student-facing learning analytics dashboard/interface to 

suit needs 

Yes 
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Proficient self-regulators (Profile 3) 

Students in profile 3 (proficient self-regulators) are poor at the self-reflection 

phase of SRL and thus need support in evaluating and assessing themselves and 

adjusting their learning goals and as presented in Table 8.6. Because learners in this 

profile are poor at the self-reflection phase of the SRL cycle, they would need support 

in self-assessment and evaluation and adjusting learning goals and strategies.   

Students in this profile need support to execute the self-reflection phase of SRL. 

The results presented in Table 8.6 indicate that learners in this profile prefer to have 

all the 5 suggested SFLA features required to support their SRL thus matching their 

preferences. These features include: Real-time feedback on learning progress and 

performance such as grade attained; Monitoring course content mastery, competences 

or skillfulness; Alerts on potential problems/risks of failing a course; Prompts for self-

testing and assessments on learning materials; Compare performance grades with self 

or over time. This implies that students in this profile are aware of their SRL support 

needs as this is the only profile out of the 4 SRL profiles were students SFLA 

preferences matched the kind of SRL support needed. Thus, these students are likely 

to be active and independent learners. In addition, students in this profile prefer to have 

another feature “alerting students when they engage in off-task behaviours such as 

chatting with friends and social networking on Twitter or Facebook” which had not 

been anticipated as needed based on their SRL skills. Preference for this feature 

implies that students are aware of the distraction that comes with accessing special 

media during the learning process. It is no surprise that this feature is preferred by 

students in 3 out of the 4 SRL profiles. 

In the same way, the results presented in Table 8.6 revealed that students in this 

profile prefer to have 3 out of the 5 SFLA generic features. These are: Reporting 

emotional state about the course such as stress, anxiety, happiness; Consent to what 

data is used in the student-facing learning analytics system; self-customizable student-

facing learning analytics dashboard/interface to suit needs. This confirms findings 

from prior studies such as Galaige et al., (2018a), that students are aware of their 

emotional needs and conscious about their privacy and security.   
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Table 8-6  

Alignment of SFLA Preferences for profile 3 (proficient self-regulators) to SRL 

support needs 

 

 

Profile 4 

Students in profile 4 (expert self-regulators) are good at all phases of SRL but 

poor at peer learning. Therefore, students in this profile need support in peer learning 

as shown in Table 8.7. As presented in Table 8.7, SFLA features that suggest learning 

partners can aid peer learning. 

 

 

 

 

 

 

 

 

 

Profile  

Characteristics 

 

Code  

 

SRL support 

needs 

 

Code 

SFLA Features 

Preference 

Third largest 

cluster with 

19% 

Moderate scores 

for twelve out 

of the thirteen 

SRL strategies 

lowest score in 

self-evaluation 

Average online 

learning 

experience 

Students are 

poor at the self-

reflection phase 
of the SRL cycle 

SRL3  SFLA4 Alerting students when they engage in off-task behaviours such as 

chatting with friends and social networking on Twitter or Facebook 

 Yes  

  SFLA5 
Alerts on potential problems/risks of failing a course 

Yes  

  SFLA9 
Compare performance grades with self or over time 

Yes  

  SFLA11 Reporting emotional state about the course such as stress, anxiety, 
happiness 

Yes 

  SFLA10 
Compare performance grades with classmates 

No 

SRL12 Adjusting learning 
goals and 
strategies   

SFLA6 

Real-time feedback on learning progress and performance such as grade 
attained (SRL12, SRL13) 

Yes 

SRL13 Self-assessment 
and evaluation  

SFLA12 Leader boards or top performing students in a course (SRL1, SRL2) No 

  SFLA14 Monitoring course content mastery, competences or skillfulness 

(SRL12, SRL13) 

Yes 

  SFLA15 Prompts for self-testing and assessments on learning materials (SRL12, 

SRL13) 

No 

  SFLA16 Consent to what data is used in the student-facing learning analytics 

system 

Yes 

  SFLA19 Self-customizable student-facing learning analytics dashboard/interface 

to suit needs. 

Yes 



 

 207 

Table 8-7  
Alignment of SFLA preferences for profile 4 (proficient self-regulators) to SRL 

support needs 

 

 

Learners in profile 4 need SRL support in peer learning. However, the results as 

presented in Table 8.7 revealed that learners in this profile are not interested in the 

SFLA feature related to peer learning support and thus their preferences do not match 

the SRL needed based on their SRL skill gaps. Instead, the findings uncovered five 

other SFLA features preferred by students in this SRL profile which had not been 

anticipated. These features include self-reporting feature for offline learning activities, 

e.g., watching a lecture video during bus waiting time; monitoring course content 

mastery, competences or skillfulness; prompts for self-testing and assessments on 

learning materials; compare performance grades with self or over time. A closer look 

at the desired SFLA features by students in the profile 4 shows that these features 

promote independent and active learning. This reveals that learners who are good at 

self-regulating their learning are independent and active learners hence the 

inconsistence. This is no surprise that they are not interested in peer learning. To 

engage them in peer learning, it would be good to enlighten them on how peer learning 

can improve their overall learning process.  

In addition, the findings presented in Table 8.7 revealed that students in this 

profile prefer 3 out of the 5 generic features that we think every SFLA should have to 

create a better environment for supporting SRL. These features include reporting 

emotional state about the course such as stress, anxiety, and happiness, consent to 

what data is used in the student-facing learning analytics system, and self-

Profile  

Characteristics 

 

Code  

 

SRL support needs 

 

Code SFLA Features 

Preference 

 

Smallest 

cluster with 

7% 

Good scores 

on 12 out of 

the 13 SRL 

strategies  

Very poor at 

peer learning 

Highest level 

of experience 

in online 

learning. 

SRL14 Peer learning  SFLA2 Suggesting for learning partners or classmates in a learning network 

(SRL14) 

No  

  SFLA9 
Compare performance grades with self or over time 

Yes  

  SFLA3 Self-reporting feature for offline learning activities, e.g., watching a 

lecture video during bus waiting time  

Yes  

  SFLA11 Reporting emotional state about the course such as stress, anxiety, 
happiness 

Yes 

  SFLA10 
Compare performance grades with classmates 

No 

  SFLA6 Real-time feedback on learning progress and performance such as grade 
attained  

Yes 

  SFLA12 Leader boards or top performing students in a course  No 

  SFLA14 Monitoring course content mastery, competences or skillfulness  Yes 

  SFLA15 Prompts for self-testing and assessments on learning materials  Yes 

  SFLA16 Consent to what data is used in the student-facing learning analytics 

system 

Yes 

  SFLA19 Self-customizable student-facing learning analytics dashboard/interface 

to suit needs. 

Yes 
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customizable student-facing learning analytics dashboard/interface to suit needs. This 

reveals that students in this profile are also conscious about their emotional wellbeing 

in the learning process, there concerned about their privacy and security and they are 

aware that they have different need and so different. 

8.4 SUMMARY AND IMPLICATIONS FOR LEARNING ANALYTICS 

DESIGNERS, RESEARCHERS AND EDUCATORS 

The findings reported and discussed above have several implications for both 

LA designers, educators, researchers, and other practitioners. 

The major aim of this Chapter was to identify SFLA features that are most 

appropriate to support students’ SRL in each of the identified SRL profile. To achieve 

this, the SFLA preferences for each of the SRL profiles were established. The 

relationships between students SRL profiles and students’ preferences for SFLA 

features were examined. The student's SFLA preferences were then matched with the 

students’ SRL support needs. Although there existed some relationships between 

students’ SRL profiles and their SFLA preferences, there were also some 

contradictions between students' SFLA preferences and their profile-specific SRL 

support needs. The uptake of the SFLA system is more likely when students are offered 

SFLA features which they prefer. However, given that the primary purpose of SFLA 

is to support student’s SRL, it is equally important to include features that are most 

appropriate to the SRL support needs of the students in specific SRL profiles. 

The results of investigations reported in the present chapter provide some 

insights into both student SFLA preferences and into the appropriateness of SFLA 

features for supporting student’s SRL in specific profiles. Some insights have been 

gained in relation to alignment or discrepancies between student’s preferences for 

SFLA and their SRL support needs in specific SRL profiles. With respect to these 

discrepancies, it is crucial that a feature is not simply discarded by SFLA designers 

because students don’t like it. Instead, theories and literature relating to the 

development of self-regulation together with knowledge of the profile characteristics 

must be brought to bear on the design decisions. If students have poor SRL capabilities 

in a certain area, then they may lack self-awareness of the importance of the SFLA 

feature. From this perspective then, designers must consider the additional support that 

is required for students to make use of the SFLA feature, thereby growing their SRL 

capital. 
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Students in profile 1(non-self-regulators) prefer SFLA features that give them 

feedback about their learning process. These features do not require students to take 

action and so, students play a passive role. Thus, not really taking responsibility for 

their learning yet this is one of the major benefits of SRL. This confirms the fact that 

students in this profile are so poor at self-regulating their learning and so should be 

availed all SFLA features that support SRL. Creating some awareness to students in 

this profile on the importance of taking responsibility for their learning can have a 

positive influence on their perceptions of SFLA. 

Students in profile 2 (basic self-regulators) did not prefer some of the SFLA 

features that are likely to meet their SRL support needs thus not aware of their needs. 

Specifically, students in this profile likely do not prefer SFLA features that are directly 

related to executing SRL activities of the performance phase of SRL, yet this is where 

they have the real need. Therefore, during the implementation process, students 

identified to be in this profile should be encouraged to do self-evaluation so that they 

understand their needs. It is also recommended that students in this profile should be 

given limited self-customizing features since they are not aware of their needs. But if 

they are to self-customise, then they should be supported during the self-customization 

process. 

Students in profile 3 (proficient self-regulators) prefer to have all the SFLA 

features that offer specific support based on their SRL gaps. During the design process, 

students identified as proficient self-regulator should highly be involved in the need 

identification phase of SFLA design. It is recommended that students in this profile be 

allowed to customize their SFLA interface since they know what they need unlike the 

students in profile 1 and 2. 

Students in profile 4 (expert self-regulators) prefer all the SFLA features that 

put them in control of their own learning process although they did not like the peer 

learning support feature that addresses their specific needs. This is maybe attributed to 

the fact that students in this profile are independent and active learners and so they 

may view learning with peers as a wastage of time. On the other hand, such students 

may not be aware of the benefits of peer learning support in the learning process. 

Therefore, enlightening such students on the importance of peer learning may result in 

positive attitudes towards peer learning. 
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In addition, the findings revealed two SFLA features that are positively related 

to all the four SRL profiles and were preferred by all students that participated in the 

experiment. These SFLA features include reporting emotional state about the course 

such as stress, anxiety, and happiness; consent to what data is used in the student-

facing learning analytics system. Therefore, these features should be included in every 

SFLA design so that students’ emotional needs are addressed just like cognitive needs. 

Students’ preference for an SFLA feature that allows them to consent to learning data 

tracked in SFLA reveals that students are conscious about the security and privacy of 

their data. Therefore, issues related to student’s privacy and security of data should be 

given maximum attention and addressed at every design and implementation stage of 

SFLA. Since all students prefer to be given a chance to consent to what learning data 

is collected about them, students in all profiles should be given a chance to consent 

and those that may not be interested can be enlightened on how they will benefit and 

probably they consent. Students’ preference for self-customizable SFLA indicates that 

students are aware that their needs are different and so should be given SFLA features 

that meet their specific needs. This nullifies the use of a one-size-fits-all design 

approach popular in the design of SFLA. This justifies the need for a user-centred 

design approach to SFLA design to meet specific student’s needs. 

Furthermore, the findings revealed another three SFLA features that were 

preferred by almost all students in the different SRL profiles. These features are, 

alerting students when they engage in off-task behaviours such as chatting with friends 

and social networking on Twitter or Facebook; alerts on potential problems/risks of 

failing a course; real-time feedback on learning progress and performance such as 

grade attained. Common to these features is the use of alerts or real-time feedback. 

This suggests that these features should be included in all SFLA designs. Students’ 

preference for alerts on performance grades and potential risks or problems shows that 

students irrespective of their SRL skills value real feedback about their learning 

process and are always concerned about their performance grades. Feedback in the 

learning process is very important, thus providing feedback should be among the key 

drivers for SFLA design and development but not the sole reason. Students should be 

supported in what actions to take after receiving the feedback for instance through 

recommendations and prompts. Students’ preference for being alerted when they 

engage in off-task behaviours such as chatting with friends and social networking on 



 

 211 

Twitter or Facebook shows that students are aware of the distractions that come with 

engaging on social media during the learning process. In fact, previous studies revealed 

that students are not interested in SFLA features that may contain links to social media 

despite the popularity among students in higher education institutions. It is therefore 

important that SFLA features that help student to disengage with social media during 

the learning process be incorporated in all SFLA. 

The results also revealed two SFLA features negatively related to all the SRL 

profiles and disliked by all students irrespective of their SRL profiles. These features 

are comparing performance grades with classmates and leader boards or top-

performing students in my course. This is no surprise as these features are related to 

social comparison. Social comparison features were rated as extremely of low 

importance by students as discussed in Chapter Seven, Section 7.3.2. Social 

comparison features continue to be popular in SFLA, but students are so skeptical 

about them. Social comparison features may motivate others to put in more effort, and 

so are useful at all phases of the SRL. However, social comparison with others is of 

little use if students do not understand how such information may be used for their 

benefit. For those learners with little knowledge of their own learning process, and 

lack of awareness of learning strategies, social comparison with others may in fact be 

perceived as demeaning or demotivating. Therefore, social comparison features should 

be addressed with caution or when implemented, some scaffolding should be given to 

the students. 

Findings revealed three SFLA features that were not related to any of the SRL 

profiles. These features are Recommendations of links to online applications (e.g. 

YouTube, Google Scholar, etc.) to aid task completion. Recommendations and links to 

additional learning resources and learning activities for my course. Prompts for 

seeking learning support, e.g., identify the specific kinds of help and the people to help 

with their contact details such as tutor, peers. Students’ indifference to these features 

may imply that students don’t see them as important or they misunderstood them. 

Recommendation for additional learning resources or online applications can aid task 

completion at any stage/phase of SRL. Prompts for seeking learning support during 

the learning process, any student whether they are good at self-regulating their 

learning, they may need support. Recommendation to additional learning resources or 

online applications can aid task completion at any stage/phase of SRL and so is seeking 
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support. Therefore, these features should be addressed in every SFLA design and 

implementation. 
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Chapter 9:  Summary and Conclusion  

9.1 INTRODUCTION 

The overall aim of the study was to generate student-centred and theory 

grounded guidelines that can support the design of effective student-facing learning 

analytics (SFLA) for supporting self-regulated learning (SRL). The exploratory study 

(Chapter Four) with learning analytics experts ascertained the need for guidelines to 

support the design of SFLA for supporting SRL. A conceptual framework for the 

optimal design of SFLA was proposed from which the research questions addressed in 

this study were generated. In Chapter Six, the students’ self-regulated learning profiles, 

their characteristics, and SRL support needs were identified. In Chapter Six, students’ 

perspectives of student-facing learning analytics were examined. Specifically, the 

SFLA features and user data that students consider important as well the concerns 

regarding SFLA were established. And in chapter 8, the most appropriate SFLA 

features to support students’ self-regulated learning in each of the identified SRL 

profiles and generic features were identified. In this Chapter, the main contributions 

of the work are summarised, and then the implications, limitations, and possible future 

works are presented. 

This chapter is structured as follows: Section 9.2 presents the framework and 

specific design guidelines to support the design of SFLA for supporting SRL. Section 

9.3 summarises the main contributions of the study while section 9.4 presents the 

limitations and future work. Finally, section 9.5 presents the conclusion. 

9.2 HOW CAN STUDENTS-FACING LEARNING ANALYTICS BE BEST 

DESIGEND TO SUPPORT STUDENTS SELF-REGULATED 

LEARNING? 

Students SRL skills are key in determining learning success but many students 

even at university have low SRL skills. Literature suggests that SFLA are potential 

metacognitive tools for supporting SRL (Field, 2015; Durall & Gros, 2014). Indeed, 

prior scholars note that supporting self-regulated learning is the primary focus of 

learning analytics dashboards (Jivet et al., 2017; Matcha, et al., 2019). Despite this, the 

potential remains unrealised. This issue is attributed to the fact that current SFLA 

designs are data-driven, techno-centric, not grounded in learning science theory, 
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designed in a one-size-fits-all approach, and students are rarely involved in the design 

and development process (Jivet et al., 2017; Matcha, et al., 2019, Roberts, et al., 2017). 

This work presented in this thesis was motivated by the need to provide guidelines for 

designing SFLA that will more effectively support students’ SRL. 

In this work, a user-centred and theory-based design approach was taken to 

explore how the design of SFLA for supporting SRL may be improved. The study 

focused on understanding students’ SRL support needs as informed by learning 

science theory and SFLA preferences. Indeed, students have different SRL support 

needs and specific preferences for SFLA. The results also revealed that students SRL 

profiles influence their SFLA preferences. These findings presented several 

implications for SFLA designers, researchers, and educators. Consequently, several 

guidelines were generated to support the design of SFLA that will more effectively 

support students’ SRL. These include a framework for designing SFLA for supporting 

SRL, general, and profile-specific design guidelines as presented below. 

9.2.1 A framework for designing student-facing learning analytics for 

supporting self-regulated learning 

The central research question to this study was: How can student-facing learning 

analytics be best designed to support self-regulated learning among students? Several 

research questions were proposed and addressed to answer the above question. Based 

on the process activities that were undertaken to answer the research questions, an 

overall framework is proposed to address the design of SFLA for supporting self-

regulated learning. This framework is presented in Figure 9.1 below. 

The framework revolves around answering three questions highlighted in 

“Green” on the top left, “Red” on the top right, and “Blue” at the bottom left as 

presented in Figure 9.1. The question highlighted in green involves establishing 

student SRL support needs while grounded in learning science theory. By answering 

this question, students SRL profiles, their characteristics, and SRL support needs are 

identified. The question highlighted in red involves examining students’ perspectives 

on SFLA. By answering this question, SFLA features and user data considered 

important from the students’ perspective and the students’ concerns towards SFLA are 

generated. The answers from the two questions highlighted in “green” and “red” are 

then used to answer question three, highlighted in “blue”. By answering question three 

highlighted in blue, profile-specific SFLA features and generic SFLA features are 
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established. And from this output, all the features to be developed in a specific SFLA 

tool to support SRL are generated. 

 

Figure 9-1. A framework for designing SFLA for supporting SRL 

 

Since the framework revolves around answering three questions highlighted in 

“green”, “red” and “blue’ as shown in Figure 9.1, these were addressed in this study. 

The Question in green colour was addressed in Chapter 6, the question in red was 

addressed in Chapter 7. The output from these two questions were then used to answer 

the question highlighted in blue in Chapter 8. The overall output was used to generate 

specific guidelines for designing SFLA for supporting SRL. 

9.2.2 Specific design guidelines  

In establishing the most appropriate SFLA features to support SRL for each of 

the identified SRL profiles, both profile-specific and generic features were identified. 

Generic SFLA features are those that students across all profiles preferred as identified 

in the present study. Figure 9.2 presents the generic SFLA features that should be 

included in every SFLA design. Inclusion of the generic features and the profile-

specific preferred SFLA features in the design of SFLA will most likely impact 

positively on students’ behavioural intention to adopt the SFLA and effectively 

support SRL for students in each profile. 
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Figure 9-2. Generic SFLA features 

 

Figures 9-3 to 9-6 below present profile-specific SFLA features based on the 

profile characteristics, SRL support needs, and students’ preferences as identified in 

the present study. Also included in figures 9-2 to 9-5 are the SFLA features which 

students in specific profiles did not prefer but the findings indicated that they are useful 

to meet their SRL support needs. It is recommended that these features are not 

automatically discarded because students do not prefer them. It is argued that a certain 

amount of SRL skill is needed for students to make the most of the SFLA features and 

simply providing the feature does not ensure “productive use” (Wise, et al., 2016, 

p.158). As noted by Butler and Winnie (1995), if students lack SRL skills, they may 

not see the usefulness of the SFLA feature. It is recommended that these features be 

implemented with caution and with additional supporting mechanisms, otherwise, 

these non-preferred features may potentially be a source of discomfort for students. 

This would likely impact negatively on behavioural intention to adopt SFLA tools. 
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Figure 9-3. Specific design guidelines for SRL profile 1 

 

 

Figure 9-4. Specific design guidelines for SRL profile 2 
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Figure 9-5. Specific design guidelines for SRL profile 3 

 

 

Figure 9-6. Specific design guidelines for SRL profile 4 

If students can be supported to understand the benefits of the less desired SFLA 

features, discomfort is likely to reduce. Kolb’s (2014) reflective cycle provides a basis 

for strategies that encourage students to reflect on data, act and justify their actions 

based on the information from the SFLA features. Drawing on Kolb’s reflective cycle, 

researchers such as Kitto et al. (2017) advocate for a do-analyse-change-reflect 
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teaching protocol as a way of encouraging learners to make sense of SFLA information 

and to see the value of the SFLA data as a basis for behaviour change in learning. 

Some possible strategies, which are grounded in the reflective process, and that may 

accompany the implementation of the non-preferred but needed SFLA features are: 

i. Encourage students to reflect and act on the information that they receive via 

the SFLA. This can be achieved through doing a class activity or other learning 

where learning analytics are explicitly seen to inform the activity (Kitto et al., 

2017). Students can be guided by the teacher to justify some ongoing change 

to behaviour by using information from SFLA (Kiito et al., 2017). 

ii. Students should be helped to understand how SFLA can improve their learning 

process. Talking to students explicitly about SRL and how SFLA helps develop 

these skills will facilitate understanding of the purpose of the information. 

iii. Personalising information. For example, as used by Pardo et al. (2017), sending 

an email to each student which encourages reflection or provides action for 

extension of activity based on their patterns of behaviour. 

The above-described strategies are particularly important to the non-preferred 

but needed SFLA features but are also likely to be useful in the implementation of all 

features to encourage student sense-making of information from SFLA. 

The above specific design guidelines will enable educators, learning analytics 

researchers and designers in designing SFLA tools that provide personalized and 

adaptive SRL support to online learners to enhance learning experiences and 

outcomes. 

9.3 OUTLINE OF CONTRIBUTIONS 

The proposed guidelines will provide SFLA designers, educators, and 

researchers with information to improve the SFLA designs resulting in effective SRL 

support needed for academic success in online learning. Below is an outline of specific 

contributions: 

i. A conceptual framework for the optimal design of SFLA for supporting SRL 

(Chapter 4, Figure 4.4) 

ii. Self-regulated learning profiles and their SRL support needs. These can be 

implemented in adaptive/personalization approaches and meet specific SRL 

support needs. (Chapter 6, Summarised in Table 6.4) 
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iii. The kinds of user data and SFLA features that students consider important in

SFLA. Although not a complete list, they can work as a starting point more

especially for the SFLA designers and educators who may not be cognizant

with which user data to track or which features to incorporate into SFLA.

(Chapter 7, Section 7.3.1 and Section 7.2.2)

iv. The specific design guidelines with design cards presented in Figure 9.2, 9.3,

9.4, and 9.5. These present SFLA features that will best support SRL in each

of the SRL profiles and the generic SFLA features suitable for all profiles.

(Chapter 9, Section 9.2.2)

v. The overall research-based framework for designing SFLA for supporting SRL

(Chapter 9, Section 9.2.1).

9.4 LIMITATIONS AND FUTURE WORK 

In this work, a framework and guidelines for supporting the design of SFLA for 

supporting SRL were formulated. However, the framework and guidelines have not 

been tested and validated. It is likely fruitful to test and refine the proposed framework 

and the design guidelines. This can be achieved with a study in which an SFLA tool is 

designed and implemented based on the proposed guidelines. Following 

implementation, the effectiveness of the tool in supporting SRL can be assessed with 

the students’ experience of using the tool. A comparative study of the SFLA tool 

designed and implemented according to the framework versus an SFLA tool designed 

without the framework is likely to provide valuable insight into the effectiveness of 

the tool and student satisfaction with the tool. The results of the study will enable 

refinement to the framework. Since the identified profile-specific and the generic 

SFLA features were not implemented, developing and implementing an SFLA tool 

with these features and evaluating its effectiveness in supporting students SRL is an 

alternative potential study. 

The research aim was achieved, but the limitations of the study must be 

acknowledged. The study is limited by the population from which respondents were 

drawn (two disciplines from one Australian public university). Differences in student 

perceptions and concerns about SFLA from different disciplines and institutions were 

not accounted for in the study. In addition, individual differences such as culture and 

learning styles were not accounted for. This impacts the generalizability of the results. 

Moreover, most of the respondents (60.91%) were aged between 18 and 29 and were 
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in their first year of study who may be considered more tech-savvy than other age 

groups hence the positive attitudes towards SFLA. Future studies may control for the 

demographics such as age, discipline, and year of study. The present study may be 

extended with samples drawn from multiple disciplines to examine whether there are 

disciplinary differences in students’ preferences for SFLA. 

The study is cross-sectional and therefore did not account for the role of the 

online learning experience in developing SRL skills and yet the differences in the 

number of online courses undertaken were evident in the SFL profiles. Self-report 

instruments were used and thus the results may be biased. Future research may 

consider qualitative methods such as focus-group interviews to gain deeper insight into 

why the students rated some SFLA features as very important and others not important. 

Besides, the influence of online learning experience on SRL should be further 

investigated. 

While examining students’ perspectives on SFLA, images, or screenshots to 

demonstrate the possible SFLA features were used rather than a working prototype of 

SFLA. The effect of the design of example screen images on student responses should 

not be ignored which may be negative or positive. Therefore, future research may 

consider exploring more about the kinds of user data tracked and potential SFLA 

features using a prototype. Several self-report instruments were used for data 

collection thus subjective and so response bias cannot be ruled out. Future research 

may consider qualitative methods such as focus-group interviews to gain deeper 

insight into why the students rated some elements as very important and others not 

important. In examining students’ willingness to adopt SFLA, the moderating effect 

of the TR dimensions on the TAM constructs was not addressed in the study, and yet 

TR dimensions such discomfort that did not have a direct effect on behavioural 

intentions may have a mediating effect through other constructs. Future research may 

address this. 

9.5 CONCLUSION 

The research was motivated by the need to design SFLA for supporting SRL that 

are student-centred and grounded in learning science theory. The research has yielded 

a framework for designing SFLA for supporting SRL and both generic and SRL 

profile-specific design guidelines. These will support the design of SFLA that will 
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most likely support students’ SRL, enhance learning experiences, learning practices, 

and improve the overall learning process. 

The study findings confirmed that students self-regulate differently, and the 

students’ differences were related or identical to Zimmerman’s (Zimmerman & 

Campillo, 2003) cyclic SRL model. Four self-regulated learning profiles were 

identified which include non-self-regulators, basic self-regulators, proficient self-

regulators, and expert self-regulators. Each of these profiles exhibited unique 

characteristics and SRL support needs. But despite these significant differences, most 

SFLA are designed in a one-size-fits-all approach. Therefore, the results support the 

view that a one-size-fits-all approach to SFLA design is not appropriate and will not 

work. Rather than taking a one-size-fits-all design approach, SFLA designers, 

educators and researchers should ensure that specific SRL support needs are identified 

through needs assessment and student involvement. This will help designers when 

considering who should receive what information, in what form, and when and how 

this feedback should be communicated to the students. Moreover, the SRL support 

needs assessment should be grounded in learning science theory. It should be noted 

that the SRL profiles that were identified exhibited characteristics identical to the three 

phases of Zimmerman’s SRL cycle. Given the different SRL support needs amongst 

the established profiles, coupled with the evident relationships between SRL profiles 

and students’ SFLA preferences, SFLA tools should be designed and implemented 

with adaptive and personalisation approaches. 

The study confirmed that most of the students in this study are poor at self-

regulating their learning. This evidenced in the findings since the non-self-regulators 

were the biggest SRL profile with 121 students (40%) and the expert self-regulators 

were the smallest with 20 students (7%) of the study respondents. Therefore, online 

learning tools should be enhanced with features that can support students SRL rather 

than just providing study content. The study also confirmed that, for the study sample, 

a relationship exists between students’ SRL profiles and their SFLA preferences 

although there were some mismatches between students' SFLA preferences and their 

SRL support needs. Thus, when a students’ SRL profile is known, their SRL support 

needs and SFLA preferences can be predicted. Therefore, student-facing learning 

analytics tools designed to support SRL should utilize adaptive and personalization 

approaches rather than the one-size-fits-all approach. This will ensure that each of the 
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students’ individual needs are addressed. The study provided some profile-specific 

SFLA design guidelines to embody the different SRL support needs. 

Effective design and implementation of SFLA requires knowledge of users and 

yet students’ involvement and needs assessment are rarely conducted during SFLA 

design for supporting SRL. In pursuit of increased knowledge of users in this study, 

what students consider important in SFLA in terms of data that should be collected 

about them and SFLA features were identified. These are useful inputs in establishing 

the specific SFLA features that can best support SRL in the respective profiles. In 

addition, the results revealed several concerns that students have toward SFLA and 

these are: loss of autonomy, privacy and security, teacher role, accuracy and timing of 

the feedback, and depression, anxiety, and stress. Therefore, learning analytics 

designers, researchers and educators should address these concerns during the design 

and implementation process of SFLA for supporting SRL. For instance, opt-in/opt-out 

options features should be enforced; clear communication of data collection and use 

to students, use of comparison points; emphasize the role of the teacher as a facilitator; 

SFLA tools shouldn’t be designed solely for the purposes of providing feedback but 

for supporting the entire process of SRL while scaffolding. 

In understanding students’ perspectives on SFLA, students’ willingness to adopt 

SFLA for supporting SRL was examined. The results revealed that technology 

readiness (TR) has a very large effect on behavioural intentions and at the same time 

significantly influenced perceived usefulness and perceived ease of use. In addition, 

optimism and innovativeness individually had a significant influence on behavioural 

intentions. Therefore, both system characteristics and students’ personality traits such 

as TR should be addressed during the design and implementation SFLA. For instance, 

SFLA features that are likely to cause discomfort and threaten security should be 

identified and addressed with extra care during the design and development process. 

Some of the optimistic and innovative students can be identified and involved in the 

design process can result in designing SFLA that can support SRL effectively. On the 

other hand, educators may wish to start implementation by focusing on students that 

appear to be more optimistic and innovative and to act as pioneers and motivate others 

to use SFLA. Educators should also focus on creating awareness for learners about the 

benefits of SFLA and how they can improve learning efficiency, control over the 

learning process, and flexibility in learning. 
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 Appendices 

Appendix A: Online Survey Cover/Information Sheet

Supporting self-regulated learning with student-facing learning analytics: user-

centric design guidelines 

GU ref no: 2017/271 

ONLINE SURVEY COVER/INFORMATION SHEET 

Who is conducting the 

research 

Principal supervisors: 

Prof. Kewen Wang 

School of Information and Communication 

Technology 

Nathan Campus, N44, 

Phone: +61 7 3735 5028 

Email: k.wang@griffith.edu.au 

Dr. Geraldine Torrisi-Steele 

School of Information and Communication 

Technology 

Logan Campus, L08, 2.08 

Phone: +61 7 33821087 

Email: geraldine.torrisi@griffith.edu.au 

Associate Supervisor: 

Dr. Sebastian Binnewies 

School of Information and Communication 

Technology 

Goald Coast Campus, G09, 1.62 

Phone: +61 (0)7 5552 7076 

E-mail: s.binnewies@griffith.edu.au

Student Researcher: 

Joy Galaige 

School of Information and Communication 

Technology 

Nathan Campus, N44, 2.15 

Phone: +61 421 773 544 
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Email: joy.galaige@griffithuni.edu.au  

 

 

Why is the research being conducted?  

 

Self-regulated learning (SRL) skills are key for academic success in online learning 

but students often lack these skills. Student-facing learning analytics (SFLA) are 

potential metacognitive tools for supporting SRL and indeed supporting self-regulated 

learning is the primary focus of learning analytics dashboard. However, current SFLA 

designs are data-driven, techno-centric, not grounded in learning science theory, 

designed in a one-size fits all approach and students are rarely involved in the design 

and development process.  

 

It is upon this background that the current research project takes a user-centred design 

approach to explore how the design of SFLA for supporting SRL may be improved by 

focusing on understanding student needs and preferences and how these needs should 

be addressed while being grounded in learning science theory. This will enable the 

development of guidelines for designing SFLA that are student-centred, learning 

theory driven design of SFLA. This will be achieved through conducting a series of 

studies with learning analytics experts and students as the primary users. 

 

What you will be asked to do 

The research participants will be asked to complete an online survey about their online 

strategies. The survey will take about 10-15 minutes to complete.  

  

The basis by which participants will be selected or screened 

We need around 500 students to participate in the present study. 

The study participants will be students undertaking fully undergraduate courses within 

Griffith University Business School and Griffith School of information and 

Communication Technology. This is owed to the fact that undergraduate courses attract 

students with culturally diverse backgrounds and they are techy savvy.  

 

The expected benefits of the research 

The successful completion of the study will inform future design of student-facing 

learning for supporting self-regulated learning. The study results in form of design 

guidelines will support educators, learning analytics researchers and designer in 

improving SFLA designs resulting into effective SRL support needed for academic 

success in online learning. 

  

Risks to you 

There are no known or foreseeable risks associated with participating in this research 

project. 

  

Your confidentiality 

The survey will be anonymous and no personal information will be collected. The 

information provided will be secured and treated with utmost confidentiality. The 

research data collected will not be used for any other purposes other than the research 

goal stated above, nor will anyone other than myself have access to this data. All the 

survey responses and analysis will be stored in a password protected electronic file at 

Griffith University for a period of five years before being destroyed 
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Your participation is voluntary 

The participation in this survey is voluntary and participation or non-participation will not 

affect students’ grades or performance. Students are free to withdraw participation at any 

time of the study. After analysing the survey results, we anticipate that some responses 

might need further clarification. Therefore, a few participants will be required for 

interviewing. Therefore, participant who wish to further participate in the study will be 

asked to provide their email addresses. The email addresses will be removed in the data 

analysis process. 

Questions / further information 

In case you have any concerns, queries or additional information about this survey, please 

contact the principal Investigators: Dr.Geraldine Torrisi-Steele by phone at +61 7 

33821087 or e-mail at geraldine.torrisi@griffith.edu.au. Dr.Sebastian Binnewies by 

Phone: +61 7 5552 7076 or by e-mail: s.binnewies@griffith.edu.au or Joy Galaige by 

phone at +61 421 773 544 or e-mail at joy.galaige@griffithuni.edu.au.  

The ethical conduct of this research 

Griffith University conducts research in accordance with the National Statement on 

Ethical Conduct in Human Research. In case you have any concerns or complaints about 

the ethical conduct of the research project, please contact the Manager, Research Ethics 

on 3735 4375 or research-ethics@griffith.edu.au. 

Feedback to you 

Every participant interested in getting a summary of the research results should provide 

their e-mail address.  

The research results will also be reported in my Ph.D. thesis and some will be published 

in journal papers and/or conference proceedings. 

Note: 

"Completion of this survey will be taken as your consent to participate in the 

research. 
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Appendix B: Phase 1 survey (Explorative study) 

Appendix B .1 Preliminary Learning Analytics Expert survey (Open-ended) 

 

1. What is your age bracket? 

.......................................................................................... 

2. What is your gender? 

................................................................................................... 

3. For how long have you been involvement in learning research? 

............................................................................................................................. 

4. What role do you take in learning analytics? 

............................................................................................................................. 

5. What issues are evident in the design process of student-facing learning 

analytics for supporting self-regulated learning? 

.............................................................................................................................

.............................................................................................................................

.............................................................................................................................

.............................................................................................................................

............................................................................................................................ 

6. In your view, how should the above issues be addressed during the design of 

student-facing learning analytics for supporting self-regulated learning? 

…………………………………………………………………………………

…………………………………………………………………………………

…………………………………………………………………………………

…………………………………………………………………………………. 

7. In your view, what do you believe are important considerations in the design 

of student facing learning analytics for supporting self-regulated learning? 

.............................................................................................................................

.............................................................................................................................

............................................................................................................................. 

8. Please state any other type of guidance that would enable you to utilize or 

design student-facing learning analytics for supporting self-regulated learning 

better? 

.............................................................................................................................
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.............................................................................................................................

............................................................................................................................. 

9. Please state any additional information that you believe would be useful to

guide the design of student-facing learning analytics  for supporting self-

regulated learning

…………………………………………………………………………………

…………………………………………………………………………………

……….………………………………………………………………………… 

Thank you 
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Appendix B .2 Final Learning Analytics Expert preliminary survey 
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Appendix C: Phase 2 survey (Measuring students self-regulated learning) 
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Appendix D: Phase 3 (Students perspectives on student-facing learning analytics 

features) 
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Appendix E: Phase 4 (Students SFLA preferences and SRL behaviours) 



299 



21. Monitoring learning progress. (Sample image below) 

Strongly disagree 

Disagree 

I..... Somew11a1 disagree 

r Neithei agree or disagree 

r Somewhat agree 

Agree 

V Strongly agree 

22. Consent to what data is used in the student-facing learning analytics system. (Sample image below)

r Strongly disagree 

r Disagree 

Somewtlat disagree 

r Neither agree or disagree 

,-.. Somewhat agree 

Agree 

I.. 
Strongly agree 
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