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Abstract
One of the major factors affecting student learning is feedback. Although the importance of feedback has been
recognized in educational institutions, dramatic changes—such as bigger class sizes and a more diverse student
population—challenged the provision of effective feedback. In light of these changes, educators have increasingly
been using new digital tools to provide student feedback, given the broader adoption and availability of these
new technologies. However, despite these efforts, most educators have limited insight into the recipience of their
feedback and wonder which students engage with feedback. This problem is referred to as the “feedback gap,”
which is the difference between the potential and actual use of feedback, preventing educators and instructional
designers from understanding feedback recipience among students. In this study, a set of trackable call-to-action
(CTA) links were embedded in feedback messages focused on learning processes and self-regulation of learning
in one fully online marketing course and one blended bioscience course. These links helped us examine the
association between feedback engagement and course success. We also conducted two focus groups with students
from one of the courses to further examine student perceptions of feedback messages. Our results across both
courses revealed that early engagement with feedback is positively associated with passing the course and that
most students considered feedback messages helpful in their learning. Our study also found some interesting
demographic differences between students regarding their engagement with the feedback messages. Such insight
enables instructors to ask “why” questions, support students’ learning, improve feedback processes, and narrow the
gap between potential and actual use of feedback. The practical implications of our findings are further discussed.

Notes for Practice

• Calls to action (CTAs) in feedback messages offer a mechanism for capturing data on students’ engagement
with customized feedback messages.

• Student characteristics aid predictions on student engagement with technology-mediated feedback that
contains a CTA.

• The emerging patterns could help instructors and educational designers narrow the feedback gap and
improve feedback recipience.
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1. Introduction
There has been a continuous shift in higher education over the past decades toward massification and consumerization (Pardo,
Jovanovic, Dawson, Gašević, & Mirriahi, 2019). Universities are operating in a dynamic market with fierce competition for
new students and other income sources (Evans, 2013); the associated reductions in government funding and calls for more
efficient operations have led to larger class sizes in the name of profitability of operations (Boud & Molloy, 2013b). However,
larger classes are associated with a wide range of unfavourable outcomes, such as poor feedback (Gibbs & Simpson, 2005),
higher dissatisfaction (Gannaway, Green, & Mertova, 2018), fewer opportunities for monitoring student learning progression
(Hattie, 1999), and lower academic performance (Krueger, 1999).

While improving students’ university experience is a complex and challenging problem, effective feedback plays a key role
in this process. This finding is part of a large network of evidence emerging from numerous studies pointing to the power of
feedback in education (Hattie & Timperley, 2007). However, feedback is only effective if students take it up and act upon it
(Winstone, Nash, Rowntree, & Parker, 2017; Sutton, 2012). To do so, students need to understand the feedback, develop the
capacity to judge their work, manage their emotions upon receiving feedback, and finally act upon the information they have
been given (Carless & Boud, 2018). This discrepancy between the potential and actual use of feedback has been referred to as
the “feedback gap” (Dawson et al., 2018; Evans, 2013), and its evaluation is the key to understanding the effectiveness of the
provided feedback on improving student learning.

Taking action requires a student capability termed proactive recipience of feedback (Winstone, Nash, Parker, & Rowntree,
2017). A lack of research examining how students interact with and are transformed by computer-assisted or produced feedback
(Iraj, Fudge, Faulkner, Pardo, & Kovanović, 2020) limits the ability to build student capability and improve learning outcomes.
Research on student feedback across institutions has shown that feedback that works for students encourages their active
learning and, according to Molloy, Boud, and Henderson (2020), “called to action in some way” (p. 534). However, it remains
unknown whether this also applies to online learning environments where technology is used to generate feedback. Calls to
action (CTAs) have successfully been used in other fields, such as marketing, where data-driven evaluation of their effectiveness
shows positive effects (Hartemo, 2016; Sahni, Wheeler, & Chintagunta, 2018; Singh, Singh, & Shriwastav, 2019; Zhang, Kumar,
& Cosguner, 2017). An example is the use of online interventions to encourage social marketing health behaviour change,
where messaging strategies often combine tailoring with personalization of messages and take advantage of the Internet’s reach
and cost-effectiveness to increase the scale of behavioural change achieved (Cugelman, Thelwall, & Dawes, 2011). Research
that examines whether the same approaches can work for educational feedback is needed to understand students’ perception of
feedback and its effectiveness at improving learning outcomes.

This paper aims to investigate student engagement with technology-mediated feedback that provides specific CTAs.
Attention is focused on feedback operating at the task, process, and self-management levels, as conceptualized by Hattie and
Timperley (2007, p. 87). We introduce a data-driven method from digital marketing and apply that method to educational
feedback messages. Specifically, in this paper we focus on CTA links in feedback emails to explore the association between
feedback engagement, student characteristics, and academic success. Both online and blended courses were chosen to take
into account the impact of the learning environment on student engagement with feedback. The insights of the present study
will help course instructors and designers develop feedback that scaffolds development of proactive recipience and ultimately
improves student learning experience and success.

2. Literature Review
2.1 Toward Actionable Educational Feedback
Two main paradigms have dominated feedback research in education: the first one focused on the content of the feedback itself
and the information it contains, the second on the action taken by teachers and the feedback recipients, students (Carless &
Boud, 2018). We will refer to these as information and action approaches, respectively. Earlier research was mainly undertaken
in the context of the information paradigm. In their groundbreaking paper, Hattie and Timperley (2007, p. 81) define feedback
as “information provided by an agent (e.g., teacher, peer, book, parent, self, experience) regarding aspects of one’s performance
or understanding.” They differentiate among feed up (where am I going?), feed back (how am I going?), and feed forward
(where to next?) and hold that addressing these questions in the design phase helps to provide feedback that is effective. In
this way, good feedback shows the learner’s process toward a learning goal based on specific standards and prior performance
and points to the improvement scenarios (Hattie & Timperley, 2007). Another aspect of feedback is the level of cognitive
complexity. In one well-regarded example of this kind of work, Hattie and Timperley (2007) differentiate between (1) task-level
feedback, (2) process-level feedback, (3) and self-regulatory feedback.

In task-level feedback, also known as confirmatory or disconfirmatory feedback, the goal is to provide feedback for a
particular learning task; with process-level feedback, the focus shifts to specific learning strategies and learning processes
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required to complete the task; and at a self-regulatory level, the goal is to enable students to monitor and regulate their learning
(Winne & Hadwin, 1998; Butler & Winne, 1995). This kind of feedback supports students to set or adjust their goals, manage
their time and study environment, select appropriate learning strategies, and test the effectiveness of adopted study strategies
(Winne & Hadwin, 1998).

More recent research has focused on supporting students’ and teachers’ actions. This new paradigm shifts the focus to
providing actionable feedback, where feedback not only is potentially useful information but also highlights opportunities
for students to take action and supports the process of changing student behaviour (Carless & Boud, 2018). This focus on
student action is emphasized by Boud and Molloy (2013a, p. 205), who define feedback as “a process whereby learners obtain
information about their work to appreciate the similarities and differences between the appropriate standards for any given
work, and the qualities of the work itself, to generate improved work.” Acting on feedback was also considered by Shute (2008,
p. 153), who views feedback as “information communicated to the learner that is intended to modify his or her thinking or
behaviour to improve learning.”

The shift in the focus of feedback acknowledges the importance of developing student capabilities to facilitate understanding
and taking action from feedback. It is supported by research showing that a lack of proactive behaviour from students in relation
to seeking and using feedback requires additional support to develop a mindset of proactive recipience, where students take on
an active rather than a passive role as the recipient of feedback (Winstone, Nash, Rowntree, & Parker, 2017).

2.2 Feedback Recipience and Actionability
Feedback recipience deals specifically with how students understand, interpret, and act upon feedback (Howell, Roberts, &
Mancini, 2018). As indicated by Chong (2020), feedback recipience is always contextualized within broader sociocultural,
instructional, and learning contexts and depends on students’ abilities, beliefs, experience, and learning goals. Providing
feedback without considering such factors is not necessarily sufficient for improving learning and student success (Hattie &
Timperley, 2007; Winstone, Nash, Parker, & Rowntree, 2017; Winstone, Mathlin, & Nash, 2019). Communicating feedback is
the starting point of the feedback process, not its end point (Kluger & DeNisi, 1996). Students need to understand the feedback,
come up with plans to act on the feedback, and then improve the quality of their work. The development of such skills improves
feedback recipience and is encapsulated in the concept known as feedback literacy (Carless & Boud, 2018). Interpretation by
students taps into a self-developmental aspect of feedback, which requires an openness to change of educational identity that
may not be present in all learners (Sutton, 2012). Similarly, feedback requires the student to take some form of action to be
effective; feedback without action is said to be equally unproductive (Winstone, Nash, Rowntree, & Parker, 2017).

There is consensus in the education literature that feedback recipience is a complex, multi-dimensional, and contingent
topic (Shute, 2008; Winstone, Nash, Parker, & Rowntree, 2017). While feedback can enhance learning performance, this is
not consistent for every context and all students (Evans, 2013; Hattie & Timperley, 2007; Kluger & DeNisi, 1996; Winstone,
Nash, Parker, & Rowntree, 2017). In some instances, feedback does not impact learning at all or may even hamper performance
(Kluger & DeNisi, 1996; Wisniewski, Zierer, & Hattie, 2020) due to negative perceptions and confusion (Howell et al., 2018),
especially in technology-mediated settings (Gašević, Dawson, & Siemens, 2015). For example, student dashboards often
compare students’ performance with the class average. As a result, high-achieving students can mistakenly think that they
are performing well when they are, in fact, underperforming against their past performance. This will reduce their likelihood
of taking action (Gašević et al., 2015). However, in another study comparing feedback written on paper for students with
technology-mediated feedback, technology overcame misunderstanding and interpretation from poor handwriting and offered
the benefit of immediate action that encouraged students to engage with learning (Chong, 2019).

As a result of the inherent complexity and contingency of feedback on personal situations, the effectiveness of the process is
increased when feedback is personalized (Pardo et al., 2019; Liu, Bartimote-Aufflick, Pardo, & Bridgeman, 2017). For instance,
digital traces of the student’s engagement with online activities were used to personalize feedback automatically sent each week
and were shown to have a positive effect on student satisfaction with feedback and academic performance (Pardo et al., 2019).
Additionally, individual student differences affect learning success, so we need to consider their effect on feedback recipience
(Bjork, Dunlosky, & Kornell, 2013; Winstone, Nash, Parker, & Rowntree, 2017). For example, highly developed self-regulated
learning skills (Winne & Hadwin, 1998) determine how students utilize feedback to alter their study approaches (Butler &
Winne, 1995). Finally, the perception of feedback is further influenced by learners’ goal orientation and motivation (Senko,
Hulleman, & Harackiewicz, 2011), as well as demographic characteristics (Turner & Gibbs, 2010) and study habits (Dawson et
al., 2018).

2.3 Technology-Mediated Feedback in Higher Education
The significant changes to the higher education sector have made it much more challenging for instructors to monitor student
progress and provide useful feedback to students (Boud & Molloy, 2013b; Rowe, 2017; Rowe & Wood, 2009; Nicol, 2010;
Carless, 2020). To address some of these challenges, universities have increasingly turned to technology, with new technological
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advances offering the promise of scaling up and improving the usefulness of provided feedback (Dawson et al., 2018; Pardo et
al., 2019). A rich source of information about students’ learning processes is contained in educational databases and learning
management systems (LMSs), waiting for educators and researchers to take advantage of the deluge of raw data to create
actionable feedback that can help students in their learning process (Long & Siemens, 2011; Pardo et al., 2019). Over time,
different technology-supported feedback systems have been developed and implemented at universities across the world.
Examples are Course Signals (Arnold & Pistilli, 2012), E2Coach (McKay, Miller, & Tritz, 2012), Competency Map (Grann &
Bushway, 2014), SRES (Liu et al., 2017), and OnTask (Lim et al., 2019; Pardo et al., 2018). Technology-supported feedback
systems opened new opportunities for providing feedback to students and have proved to be effective for engaging students
(Dawson et al., 2018; Lim et al., 2019), boosting students’ satisfaction (Pardo et al., 2019), and improving outcomes (Dawson
et al., 2018; Pardo et al., 2019). To be effective, these systems require a delicate combination of course design, instructors’
domain knowledge, and automated processes for feedback provision at scale (Pardo et al., 2019), typically using email or SMS
messages, or student dashboards.

2.4 Actionability and Effectiveness of Technology-Mediated Feedback
While the importance of feedback actionability is widely acknowledged in the literature (Molloy et al., 2020), there has been
very limited empirical research on the effectiveness of technology-mediated feedback systems. Such systems have commonly
been in the form of educational dashboards and email messages, which often lack guidance for students to interpret information
and specific CTAs to promote active learning. Gas̆ević and colleagues (2015) discuss how poorly designed systems promote
ineffective learning strategies that do not contribute to students’ overall learning success. This phenomenon was observed
in Corrin and de Barba (2015), where students’ inability to interpret their progress on educational dashboards resulted in
confusion and subsequent inaction, with students unable to benefit from feedback. Early attempts to analyze students’ actions on
dashboards relied on self-reported surveys and interviews (Corrin & de Barba, 2014; Winstone, 2019). Although these research
methods can offer useful insight into students’ actions, they are unscalable, and they cannot show patterns in more significant
cohorts of students. To address some of the challenges of such systems, there have been calls for the use of evidence-based
research to inform the design of learning analytics systems (Gašević et al., 2015).

While there are many ways to make technology-mediated feedback actionable (Winstone, Nash, Parker, & Rowntree, 2017),
one of the most straightforward approaches is to include direct hyperlinks to the recommended learning resources and activities.
This practice was attempted by Herodotou, Heiser, and Rienties (2017), who used direct links to preparation materials in
their feedback messages to encourage students to engage with the resources and improve their learning outcomes. A similar
approach was adopted by Tempelaar, Rienties, Mittelmeier, and Nguyen (2018), who provided links to Khan Academy videos
explaining relevant course concepts to help students find relevant information more easily. In a similar vein, the dashboard
developed by Broos and colleagues (2017) included a button labelled “Okay, what now?”, which suggested the next student
activity—typically additional learning content. Although student-level differences affect students’ engagement with feedback
(Butler & Winne, 1995; Hattie & Timperley, 2007; Nicol & Macfarlane-Dick, 2006; Winstone, Nash, Parker, & Rowntree,
2017), and researchers agree that “one size does not fit all” when it comes to the provision of feedback (Teasley, 2017), this
topic has not yet been investigated quantitatively in detail. This is mainly due to the difficulty of tracking students’ activities
and capturing their engagement with feedback messages. To the best of our knowledge, there is very little empirical evidence of
the effectiveness of feedback that contains actionable links on students’ learning experience and success. As a result of this
gap in the research literature, two research questions remain unanswered: first, what is the effect of student engagement with
feedback on academic performance, and, second, how does student engagement with feedback vary by student characteristics?

2.5 Activity Tracking in Digital Marketing
While tracking student engagement with feedback messages has not been widely used in education settings, the field of digital
marketing has tracked customer activities for understanding communication effectiveness and boosting customer engagement.
The systematic collection and examination of user engagement with email is a critical component of many digital marketing
campaigns, necessary for assessing their effectiveness (Hartemo, 2016; Sahni et al., 2018; Singh et al., 2019; Zhang et al., 2017).
A common approach for tracking prospect or customer behaviour in a marketing campaign is personalized email messages with
a trackable CTA that can reveal how users engage with the content (Gunelius, 2018). CTAs specify actions for the individual to
take as a next step. Direct mail and telemarketing have used telephone call centres and reply-paid postcards for decades to
increase sales. With the rise of the Internet, marketers now have a greater reach that allows many cycles of action and reaction
(Deighton & Kornfeld, 2009).

The success of a marketing campaign is measured through a data-driven mechanism in which prospective customers click
on CTAs and progressively engage with the buying process. A click on the CTA button redirects users to a specific page on
the target website known as the landing page (Hanna, Swain, & Smith, 2015), which is designed to encourage the viewer
to engage with the next activity (e.g., buying an item, downloading a brochure, installing a demo version of the software)
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(Applegate, 2005; Parsons & Lepkowska-White, 2010). The data-driven approach of tracking engagement with different
marketing messages is used extensively in digital marketing, allowing marketers to design and analyze the campaign success
quantitatively (Hanna et al., 2015). In this study, we propose a new method based on digital marketing techniques to investigate
student engagement with feedback messages.

3. Research Questions
Feedback researchers agree that the goal of feedback is to support students to make decisions; it is clear that providing
information alone as feedback is inadequate for learning (Winstone, Nash, Parker, & Rowntree, 2017). Typical feedback
systems stop at information transfer and ignore the processes required to turn feedback into actions (Carless & Boud, 2018;
Winstone, 2019), leading to the scarcity of behavioural data in education (Winstone, 2019). One problem in the feedback
process has been a lack of any mechanism to track students’ use of feedback (Dawson et al., 2018; Wong & Li, 2018; Ryan,
Gašević, & Henderson, 2019; Ellis, 2013). The invisibility of students’ engagement with feedback (Price, Handley, Millar,
& O’Donovan, 2010) and the inability to measure the effects of feedback prevent researchers and educators from delving
deep into feedback as a nuanced and multifaceted phenomenon (Winstone, 2019) and from customizing the feedback at a
deeper level. Consider this quotation attributed to John Wanamaker, a prominent figure in marketing: “Half the money I spend
on advertising is wasted; the trouble is I don’t know which half” (Glass & Callahan, 2014, p. 18). The same holds true for
education; educators typically invest a lot of time and effort in producing feedback for students (Winstone & Nash, 2016, p. 6),
yet they have little idea how students are engaging with that feedback; which students are reading their feedback; and which
students are acting, or not acting, on the feedback (Kizilcec & Brooks, 2017; Winstone, 2019). In this regard, a data-driven
approach to capturing students’ engagement with feedback presents tremendous opportunities to narrow the feedback gap
by making feedback messages actionable. In this paper, we explore the actionability of personalized technology-mediated
feedback messages and operationalized student engagement with feedback messages through their engagement with CTAs, as
commonly done in the marketing domain (Gunelius, 2018, p. 25–27). Using this approach, the current paper addresses the
following three research questions:

• RQ1. What is the association between student engagement with feedback and their academic success?

• RQ2. What is the association between student engagement with feedback and student characteristics?

• RQ3. How do students perceive personalized feedback emails containing a CTA sent via email?

By exploring student engagement with feedback, we help educators and educational designers understand the nuances of
feedback recipience in technology-mediated settings, ultimately narrowing the feedback gap. These questions create a
foundation for necessary future research, because a fine-grained analysis of student engagement data at the CTA level remains
unexamined by the learning analytics literature.

4. Methods
4.1 Study Context
The study was carried out in two courses at a large public research university in Australia in the summer term of 2019. To
improve the generalizability of the study results, we selected two courses with different course designs and delivery modes.
The first course was an introductory bioscience course offered in the blended mode, combining both face-to-face and online
learning activities. The course covered the basics of life sciences and living organisms, as well as the fundamentals of the
scientific method. The second course was a fully online marketing course covering the fundamentals of marketing, delivered
to undergraduate students enrolled in business and information technology schools. In total, there were 218 students in the
blended bioscience course and 78 students in the fully online marketing course. Prior to starting the current research, the
required ethics clearance was granted by the university internal review board.

It should be noted that participants across both courses consisted of a wide range of students from diverse backgrounds, who
often struggled with their learning, making the courses suitable arenas for the provision of scalable feedback and support. The
bioscience course was available to students pursuing alternative pathways toward a bachelor’s degree and, as such, did not have
entry prerequisites. Students could enrol in the course regardless of their educational background, even without completing
high school, since such study pathways have been designed to help non-traditional students access undergraduate education.
Similarly, the marketing course was part of fully online degree programs designed for non-traditional learners in which they
could enrol regardless of their educational background. In both cases, the failure to effectively support these students may
make them less likely to pass the course. This is particularly true for the bioscience course, where receiving insufficient support
could easily discourage students—especially women, minorities, and other under-represented groups—from pursuing further
education (McKay et al., 2012).
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4.1.1 Implementation of Feedback Interventions
To examine feedback recipience in the bioscience course, we focused on two summative quiz activities during the 13 weeks
of the course. The two quiz activities focused on assessing basic scientific and mathematical skills and were together worth
25% of the final course grade (12.5% each). Both quizzes were implemented as 30–45 min open-book Moodle LMS quizzes,
allowing students one attempt per quiz. Quiz 1 covered materials from the first five weeks of the course and was due by the end
of week 6. Similarly, quiz 2 covered materials from weeks 6 to 11 and was due by the end of week 12.

Starting from week 3, the instructor implemented a personalized feedback intervention, consisting of feed-forward, process-
oriented (Hattie & Timperley, 2007) messages focusing on students’ individual learning activities. The goal of feedback
intervention was to help students complete different learning activities and regulate their learning by recommending learning
activities each week as well as giving feedback on their activity in the previous week. For example, in the first message sent
during week 3, students were instructed to explore learning resources relevant to completing the first quiz. Then the following
week, the instructor reminded students that they had not accessed those materials (if they had not clicked on the link in the
email) or congratulated them on completing the previous week’s activity (if they had clicked on the email link). The feedback
was provided weekly, aligning with the weekly course structure and student course communication expectations. Messages also
included links and reminders for practice quizzes, to help students engage with formative assessment activities. Moreover,
the feedback on engagement in the previous week and expectations for the current week enabled students to regulate their
learning (Winne & Hadwin, 1998; Butler & Winne, 1995), which is known to be associated with better learning outcomes
(Bjork et al., 2013). The first CTA message for quiz 1 was not sent until week 3 due to general course email messages and
announcements sent in the initial weeks as students oriented themselves with the course and their enrolment. There was also a
week break before the first message for quiz 2 due to other competing course assessments at that time, and therefore the initial
quiz 2 messages were not sent until week 9. As a result, there was no feedback message in week 8 of the course.

Following a similar approach, in the marketing course, the instructor sent students emails about two course assignments.
Assignment 1 (40% of the final grade) was an 1,800-word written report on a particular marketing issue selected by each
student and was due in week 3. Similarly, assignment 2 (60% of the final grade) was a 2,700-word report describing in detail a
marketing plan for a new company and was due in week 5. For each assignment, students received an initial email including
a link to the assignment requirements. The subsequent emails provided feedback on students’ activity in the previous week
and directed them to visit tips for choosing their project topic and writing the final report. The purpose of these emails was to
encourage students to engage early in learning, allowing them to learn more and solve any issue before submitting the report.

In both courses, the instructors sent feedback messages to students each week via email using the OnTask (Pardo et al., 2018)
platform. OnTask allows educators to monitor student engagement and to program conditional rule sets to send customized
feedback emails to students based on their engagement in previous weeks. The OnTask editor also allows for personalized
student messages and insertion of HTML links into email messages, so it was well suited to this study. A sample feedback
email is shown in Figure 1; note that HTML was styled using inline CSS styles, so they appear as buttons rather as simple
HTML links. These feedback messages needed to be actionable, so they were kept clear and succinct; email messages were
short and centred around the action that students were supposed to take next. The explicit CTA at the bottom of the email
contained a trackable link that directed students to the next suggested activity, making it easy for them to engage in a particular
learning activity and monitor their engagement (Pardo et al., 2018). Finally, students who did not complete a task received a
reminder email five days later. The CTA was created by adding a new URL resource (Moodle, 2019), which redirects students
to a specific LMS page. This was done to distinguish access to learning resources directly from within the LMS and access
originating from the feedback messages. The new URL resources were not displayed within the LMS and could only be
accessed by students who had a direct link from a feedback message. This made activity tracking for each student simple and
clear, readily achieved using a combination of existing OnTask and Moodle LMS functionalities.

4.2 Data Collection and Analysis
In this study, we collected measures of student feedback engagement, academic success, and demographics. Student feedback
engagement was operationalized in terms of their clicks on CTA links within feedback messages, while academic success was
operationalized as passing or failing the course, derived from students’ final course grades. The summary of demographics is
shown in Table 1. Grade point average (GPA) and English at home were removed from the predictors in the bioscience and
marketing course, respectively, because the data points were unevenly distributed across categories. The demographic and
grade data was obtained from the student information system, while students’ engagement with the feedback messages was
collected from the OnTask and Moodle LMS platforms.

To answer RQ1 and RQ2, we used logistic regression, which is a widely used method for predicting binary outcome
variables due to its high predictive power and intuitive interpretation (Friedman, Hastie, & Tibshirani, 2001). To answer RQ1,
we used clicks on each of the CTAs as predictors of students’ final course grade. To answer RQ2, we used demographic
variables listed in Table 1 to predict student engagement with the feedback in the following week. In addition, each subsequent
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(a) The bioscience course (b) The marketing course

Figure 1. Sample feedback messages. In both courses, messages refer to students’ activity
in the previous week and also recommend the activity for the current week.

week included feedback engagement from previous weeks as binary predictors. For each model, all the predictors were put in
the generalized linear model using the glm function in the R statistical package (R Core Team, 2019). For model evaluation,
accuracy was calculated using base R, while the area under the curve (AUC) of the ROC plot was calculated using the pROC
package (Robin et al., 2011). Finally, to answer RQ3, we conducted two focus groups with students to gather their perceptions
of the feedback messages. Since the use of CTA links is new in the context of providing feedback in education, the purpose
of these focus groups was to grasp whether or not students would find the provided feedback helpful. At the end of each
course, all students were invited via email to participate in the focus group study and share their experiences with course
feedback messages. While we wanted to conduct focus groups with students from both courses, due to the lack of volunteers
from the marketing course, we conducted two focus groups with only the students from the bioscience course, with eight
and five students, respectively. The focus group discussions lasted approximately one hour, and participants were given $20
gift vouchers for their participation. During the focus groups, generic questions were asked about difficulties or concerns
that students encountered, about whether feedback helped them reach their learning objectives, and about the contribution of
the feedback to their success in the course. Students’ responses in the focus groups were analyzed thematically to identify
prominent themes. The process was repeated until no more themes were derived, as suggested by Lacey and Luff (2001).

5. Results
5.1 RQ1: The Association between Student Engagement with Feedback and Passing the Course
To explore associations between weekly engagement with feedback and students successfully passing the course, a logistic
regression model with students’ weekly feedback engagement as predictors and passing the course as the dependent variable
was conducted for the two courses separately (see Table 2). Overall, both models achieved classification accuracy of 0.68, with
F scores of 0.64 and 0.7 and AUC (area under the curve) of 0.71 and 0.66, respectively. In the bioscience course, from all
predictors, the only two that were significant were engagement with the initial emails for both quiz 1 and quiz 2, providing
initial recommendations to explore different learning activities. Students who engaged with this first week 3 email were 2.25
times as likely to pass the course, while students who engaged with the first quiz email in week 9 were 4.14 times as likely to
pass the course. This pattern was not found in the second course; for the marketing course only engagement with week 3 emails
was associated with higher grades; students who engaged with week 3 feedback emails were 4.37 times as likely to score higher
as the students that took no action in response to the email.

5.2 RQ2: The Association between Student Characteristics and Feedback Engagement
We also examined the association between different student characteristics and feedback engagement. For the bioscience
course, we built nine logistic regression models predicting students’ weekly engagement with feedback using the set of student
demographics described in Table 1. To take into account the longitudinal nature of engagement with feedback over the entire
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Table 1. Descriptive statistics for predictors
(a) The bioscience course

Variable Value Freq. Percentage %

Admission basis Secondary education 44 20
VET 29 13
Mature-age 8 3
Other 137 62

Attendance Full-time 203 93
Part-time 15 6

English at home Yes 182 83
No 36 16

Gender Male 75 34
Female 143 65

Previous GPA GPA available 37 16
Missing 181 83

Mature age Yes 37 16
No 181 83

Previous attainment Secondary education 112 51
Some college 12 5
VET course 68 31
Nothing 26 11

Study program Diploma 80 36
Foundation 138 63

(b) The marketing course

Variable Value Freq. Percentage %

Admission basis Secondary education 17 21
VET 19 24
Some college 19 24
Other 23 29

Attendance Full-time 40 51
Part-time 38 48

English at home Yes 77 98
No 1 1

Gender Male 25 32
Female 53 67

Previous GPA GPA available 54 70
Missing 24 30

Mature age Yes 46 58
No 32 41

Previous attainment Secondary education 13 16
Some college 34 43
VET course 21 26
Nothing 10 12

Study program Management 11 14
Human Resources 11 14
Marketing 19 24
Accounting 30 38
IT & Communication 7 8

Notes: VET: Vocational Education and Training.

course, we also included as predictors students’ engagement with feedback in previous weeks. Similarly, for the marketing
course, five logistic regression models were used to predict engagement with the email CTAs. The model fit indices are shown
in Table 3, while the significant predictors are shown in Table 4 and Table 5. The detailed data for significant differences are
included in the Appendix, in Tables 6 and 7.

As shown in Table 3, for the bioscience course, all models achieved high accuracy, ranging from 63% for week 3 to 100%
for week 12. However, F1 scores, which are robust measures of the quality of model prediction, range from 0.55 for week 3 to
0.09 for week 7. Except for the anomaly for week 12, F1 scores are decreasing for engagement with individual quizzes, which
are highest for weeks 3 and 9. In the marketing course, the model accuracy is between 0.67 and 0.86, with F1 scores between
0.39 and 0.56 and AUC between 0.72 and 0.93. One interesting pattern that showed up in both courses is the general increase in
model accuracy and AUC. This pattern might be attributed to the fact that as we move forward in the semester, we have more
behavioural student engagement data with email CTAs, which adds to the predictive power of models for upcoming weeks.

Looking at results from both courses (Table 4 and Table 5), the strongest—albeit inconsistent—predictor of feedback
engagement was prior engagement with the feedback, especially early in the course. In the bioscience course, feedback

Table 2. Logistic regression results for predicting passing the course with weekly feedback engagement
(a) The bioscience course

Predictor OR SE Stat. p

Week 3 feedback engagement (Quiz 1) 2.25 0.37 2.22 0.03*
Week 4 feedback engagement (Quiz 1) 0.82 0.48 −0.41 0.68
Week 5 feedback engagement (Quiz 1) 0.92 0.45 −0.20 0.84
Week 6 feedback engagement (Quiz 1) 1.68 0.58 0.90 0.37
Week 7 feedback engagement (Quiz 1) 1.42 0.40 0.88 0.38

Week 9 feedback engagement (Quiz 2) 4.14 0.57 2.50 0.01*
Week 10 feedback engagement (Quiz 2) 1.97 0.58 1.18 0.24
Week 11 feedback engagement (Quiz 2) 0.52 0.72 −0.91 0.36
Week 12 feedback engagement (Quiz 2) 0.67 0.78 −0.51 0.61

(b) The marketing course

Predictor OR SE Stat. p

Week 1 feedback engagement (Assessment 1) 0.96 0.58 −0.07 0.94
Week 2 feedback engagement (Assessment 1) 1.39 0.54 0.60 0.55
Week 3 feedback engagement (Assessment 1) 4.37 0.64 2.31 0.02*

Week 4 feedback engagement (Assessment 2) 0.88 0.62 −0.21 0.84
Week 5 feedback engagement (Assessment 2) 1.47 0.66 0.58 0.56
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Table 3. Results of weekly logistic regression models.
(a) The bioscience course

Outcome Variable Accuracy F1 AUC

Week 3 feedback engagement (Quiz 1) 0.63 0.55 0.68
Week 4 feedback engagement (Quiz 1) 0.69 0.43 0.83
Week 5 feedback engagement (Quiz 1) 0.68 0.27 0.74
Week 6 feedback engagement (Quiz 1) 0.71 0.22 0.78
Week 7 feedback engagement (Quiz 1) 0.73 0.09 0.79
Week 9 feedback engagement (Quiz 2) 0.75 0.31 0.81
Week 10 feedback engagement (Quiz 2) 0.77 0.29 0.84
Week 11 feedback engagement (Quiz 2) 0.81 0.13 0.88
Week 12 feedback engagement (Quiz 2) 1.00 0.20 1.00

(b) The marketing course

Outcome Variable Accuracy F1 AUC

Week 1 feedback engagement (Assessment 1) 0.67 0.42 0.72
Week 2 feedback engagement (Assessment 1) 0.79 0.56 0.85
Week 3 feedback engagement (Assessment 1) 0.86 0.42 0.92
Week 4 feedback engagement (Assessment 2) 0.86 0.45 0.89
Week 5 feedback engagement (Assessment 2) 0.83 0.39 0.93

engagement in week 3 (first week of intervention) was a statistically significant predictor of student feedback engagement in
weeks 4 to 6. In contrast, engagement with week 4 feedback was the only significant predictor of week 9 feedback engagement,
with students who engaged with week 4 feedback being more than five times as likely to engage with week 9 feedback.
Similarly, students who engaged with week 5 feedback were 3.26 times as likely to engage with week 10 messages. Students
who engaged with week 6 were over six times as likely to engage with week 10 and week 11 feedback. Finally, students that
engaged with week 9 feedback were over 6 and 14 times as likely to engage with feedback in weeks 10 and 11, respectively.
Similar patterns were observed in the marketing course, with week 1 engagement being the most significant predictor of future
feedback engagement. Students who engaged with week 1 feedback were 4.85 and 13 times as likely to engage with week 2
and week 3 feedback, respectively. Similarly, week 2 feedback engagement was the significant predictor of the engagement in
week 4, with students who engaged with week 2 feedback being over 10 times as likely to engage with week 4 feedback.

Besides the feedback engagement in previous weeks, we see a significant association between student demographics and
their feedback engagement (Table 4 and Table 5). In the bioscience course, female students were more than twice as likely to
engage with feedback in week 3 and week 9, while culturally and linguistically diverse (CALD) students were 4.5 times as
likely to engage with week 7 feedback. Finally, mature students and students who did not have any previous attainment were
about one quarter as likely to engage with week 10 feedback messages. In the marketing course, students who had previously
attained a feedback-engaged (VET) qualification were 9.83 times as likely to engage with provided feedback. We also see
that part-time students are 11.36 times as likely to engage with week 3 emails as full-time students. Students who have some
college background or no previous attainment were much less likely to engage with week 3 emails, and students who entered
university through other admission pathways were over 15 times as likely to engage with week 3 messages.

5.3 RQ3: Students’ Perception of CTAs in Personalized Feedback Messages
To examine student perceptions of actionable CTAs in feedback messages, we conducted two focus groups with participants
from the bioscience course, with eight and five students, respectively. Students expressed a wide variety of opinions about the
course and the feedback. The following themes emerged in the bioscience course focus groups: the challenges presented by the
course, feedback email messages as reminders, and links in engaging with the course.

• Challenges presented by the course: Students found the course challenging and hard, especially those who had not
completed chemistry or biology subjects in high school. They mentioned that attending the lectures and tutorials helped
them understand the contents of the course. Interacting with fellow students also helped struggling students to learn in
this course.

• Feedback email messages as reminders: Personalized feedback emails helped students evaluate their progress in the
course and get back on track in case they were falling behind. One student said, “It made sure I got things done because
I’m a big procrastinator.” Another student described her feelings when opening the emails: “So when I got them, I was
like, oh this is overwhelming, and then I was like, no. And then I just kinda deleted them [respondents laugh]. But like a
few of ’em were good. A few of them would pop up and be like, you got an email from the co-ordinator, which was
helpful. And every time that came up I was like, oh this must be important.” However, the feeling changed after acting
on the feedback: “once you like clicked on it you’re like, okay I’ve done it, it’s done.”

• The role of links in engaging with the course: Students mentioned that the links made the emails easy to understand and
act upon. One student said, “I guess if you’re lazy, you just click it and you know where it is [laughs] so easier.” Another
student mentioned “They kinda help because they take you straight there instead of having to go through.” Another
student described the role of links in her own words: “You’re just reading then oh you know exactly what she meant.”
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Table 4. The bioscience course—Odds ratios for nine logistic regression models predicting weekly feedback engagement
using demographic and feedback engagement predictors. Boldface* represents significance at the p < 0.05 level.

Week N Feedback Engaged (Binary outcome variable)

Predictor variable Week 3 Week 4 Week 5 Week 6 Week 7 Week 9 Week 10 Week 11 Week 12

Attendance = Part-time 0.89 0.74 0.77 0.88 NA 0.66 2.12 0.44 1.00
Gender = Female 2.35* 0.55 1.23 2.59 2.43 2.78* 1.07 0.55 1.00
English at home = No 0.70 1.36 2.34 1.65 4.58* 1.26 1.14 1.18 1.00
Mature = No 0.67 0.46 1.32 0.44 1.09 0.89 0.26* 0.73 1.00
Program = Foundation 0.78 18.61 2.83 0.43 0.51 1.16 0.64 0.55 1.00

Admission basis = VET 0.65 1.31 1.54 3.15 1.74 1.04 0.68 NA 1.00
Admission basis = Mature age 2.05 0.27 1.48 0.95 9.97 0.30 0.59 9.22 1.00
Admission basis = Other 0.49 0.04 0.23 1.51 1.64 0.93 3.97 1.03 1.00

Previous attainment = Some college 0.69 0.07 1.37 NA NA 1.91 NA NA 1.00
Previous attainment = VET course 1.56 0.61 0.64 0.27 0.56 1.01 0.79 3.05 1.00
Previous attainment = Nothing 0.62 1.21 0.78 0.74 0.76 3.48 0.17* 0.29 1.00

Engagement with feedback in previous weeks (binary predictor)

Week 3 feedback engaged 27.75* 2.86* 5.33* 2.81 2.00 2.12 0.47 1.00
Week 4 feedback engaged 2.16 0.34 0.57 5.62* 0.56 0.73 1.00
Week 5 feedback engaged 1.50 0.62 1.86 3.26* 0.79 1.00
Week 6 feedback engaged 2.06 0.97 6.31* 6.59* 1.00
Week 7 feedback engaged 1.24 2.84 NA 1.00
Week 9 feedback engaged 6.38* 14.34* 1.00
Week 10 feedback engaged 1.02 1.00
Week 11 feedback engaged 1.00

Notes: Baseline for Admission basis = Secondary education; Baseline for Previous attainment = Secondary education;
VET: Vocational Education and Training.

6. Discussion
Our first research question focused on the relationship between student engagement with feedback CTAs and passing the course.
According to RQ1 results (Table 2), for the bioscience course, acting upon the first email in each set of messages (via clicking
the first CTA) was positively associated with passing the course, making early engagement with feedback messages a predictor
of student outcomes. Our results indicate that students who engage with the feedback early in the course have higher chances
of passing the course, which might be because the feedback messages nudged students to engage early with the course and
study regularly throughout the semester (Lim et al., 2019). Early engagement may also create more time for spaced learning,
interleaving, and other learning strategies that are associated with higher retention in the long run (Bjork et al., 2013). For the
marketing course, this pattern was observed with a two-week delay, so students who engaged with week 3 emails (as opposed
to week 1) were more than four times as likely to pass the course. While this warrants further research and examination, one
explanation for this delay might be the differences in student populations. The marketing course is online (versus a blended
course such as the bioscience course), and the student cohort comprised more mature students (58% in the marketing course
versus 16% in the bioscience course) and more part-time students (48% in the marketing course versus 6% in the bioscience
course) (see Table 1), so we might speculate that students in the marketing course are more likely to be older and have full-time
jobs and other commitments, and their limited time does not allow them to engage early with the messages, so they engage
“just in time” to complete and submit their graded assignments. Another explanation might be the prior knowledge of students,
since online students are more likely to have professional experience, so they may not have felt the need to engage early in the
course. This pattern was observed in previous studies, such as Kovanović, Gašević, Joksimović, Hatala, and Adesope (2015),
where students with a good prior knowledge had minimal engagement with the course but completed the course successfully.
Similarly, the different design of the two courses (one blended and one fully online), as well as the different design of the
specific learning activities, could also contribute to the observed differences in student engagement with the feedback (Nguyen,
Rienties, Toetenel, Ferguson, & Whitelock, 2017; Nguyen, Huptych, & Rienties, 2018). Given the critical importance of
learning design for the success of learning analytics interventions (Lockyer & Dawson, 2011), further research is needed to
examine how learning design considerations affect student engagement with feedback.

The second research question explored the feedback engagement patterns of different student demographic groups, because
we believe it would be useful for educators to identify students who may have specific challenges with feedback engagement.
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Table 5. The marketing course—Odds ratios for five logistic regression models predicting weekly feedback engagement
using demographic and feedback engagement predictors. Boldface represents significance at p < 0.05 level.

Week N Feedback Engaged (Binary outcome variable)

Predictor variable Week 1 Week 2 Week 3 Week 4 Week 5

Attendance = Part-time 1.17 1.24 11.36* 0.62 1.96
Gender = Female 1.40 1.92 1.71 4.33 14.01
Mature = No 0.50 0.67 1.57 0.66 0.10

Admission basis = VET 0.18 0.39 3.96 8.61 0.02
Admission basis = Some college 0.72 0.73 8.81 7.93 2.10
Admission basis = Other 1.56 0.18 15.38* 2.99 0.15

Previous GPA = Missing 0.46 1.51 0.07* 0.73 0.03
Previous GPA = Below median 0.50 1.48 1.27 0.75 4.39

Previous attainment = Some college 4.07 0.16 0.04* 0.43 49.43
Previous attainment = VET course 9.83* 1.55 0.22 0.19 34.43
Previous attainment = Nothing 2.57 0.47 0.01* 2.05 219.27

Program = Accounting 1.73 0.94 1.55 0.54 1.93
Program = Human Resources 0.64 0.52 1.39 0.00 0.29
Program = IT & Communication 2.14 0.49 16.93 2.73 0.00
Program = Marketing 1.20 0.07* 6.62 0.32 0.45

Engagement with feedback in previous weeks (binary predictor)

Week 1 feedback engagement 4.85* 13.06* 0.77 1.18
Week 2 feedback engagement 4.02 10.37* 1.87
Week 3 feedback engagement 3.21 6.98
Week 4 feedback engagement 3.93

Notes: Baseline for Admission basis = Secondary education; Baseline for Previous attainment = Secondary education;
VET: Vocational Education and Training.

In our study, with the bioscience group, the association of feedback engagement with student demographics was sporadic,
with no consistent association over time (Table 4). The only pattern belonged to female students, who were more likely to
engage in week 3 and week 9, corresponding to the first successive messages for quiz 1 and 2, respectively, and CALD students
showed higher engagement in week 7, and the engagement of mature students was lower in week 10. These findings for female
students are aligned with previous research by Turner and Gibbs (2010), who suggest that female students are more likely to
act on feedback. However, this pattern of higher female engagement was not observed in the second group, the marketing
course. Therefore, based on these two studies, previous engagement remains the most important variable for predicting student
engagement with future customized feedback messages.

Finally, the third research question focused on student perceptions of feedback messages, including CTA links. As discussed
in the results section, three themes were drawn out of the focus group data. Two of these themes already feature in education
literature: introductory science courses are known to be challenging for students (McKay et al., 2012), and previous research
into customized feedback messages has revealed that feedback messages help students track their progress (Pardo et al., 2019).
However, the third theme—exploring the value of links to students—is new to education and provides novel insights into
students’ engagement with feedback messages containing CTAs. The value of making messages easy and saving users’ time is
well recognized in digital marketing (Szymanski & Hise, 2000; Sharp, 2017), and it was beneficial to have this confirmed by
students as users of the feedback system.

7. Limitations
The present study has some limitations. First, the patterns observed in this study originate from two small student cohorts
with a specific kind of feedback and thus are not generalizable to other learning contexts. Each course is a unique learning
experience, and student engagement with feedback is a function of many factors (e.g., teaching method, course structure, timing
of emails, appropriate subject lines) that cannot be examined in a single study. Future research in this area will uncover which
patterns will show up in different situations. Second, while logistic regression is a simple and widely used modelling technique,
it is also possible that the relatively small size of student cohorts has impacted some of the findings of our study, especially
given the lower number of clicks in the latter weeks of the courses. As a result, the findings presented in this study should be
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treated as exploratory, and future work should focus on confirming some of the patterns identified in the present study.
Similarly, the associations found in this study have a correlational nature, and causal relationships could not be inferred

from an observational study like the current research paper. For example, we cannot infer that engaging with these feedback
messages caused students to pass the course, nor can we conclude that students engaged with these feedback messages because
they have already engaged with the learning activities suggested in the previous messages. Therefore, we must be careful when
interpreting the results of observational studies; we can only imply a correlation, not causation. Correlation is a necessary but
not sufficient condition of causation (Rodgers & Nicewander, 1988). In other words, this study does not answer the question,
“Are the personal feedback messages containing CTAs getting students to engage with learning activities who would not have
done those activities anyway?” This point is a caveat in evaluating the impact of digital marketing activities as well: “Are the
ads getting people to buy stuff who would not have bought that stuff anyway?” (O’Neil, 2013, p. 9). Future studies can answer
this question through careful experimental design and investigate whether engaging with feedback messages leads to greater
academic outcomes, or whether the students that engage are those that were the high achievers in a cohort. Future studies could
also further compare the differences in the effectiveness of actionable feedback between online and traditional modes of study.
Comparing the same course in two different environments would also provide better insight into the results, which is currently
an additional limitation of this study.

Finally, we recognize the limitations of the proxy used for student feedback in this study, and we acknowledge that clicking
a CTA link does not necessarily mean that action was taken nor that learning happened. Human learning is inherently complex,
and no measure can capture this complexity perfectly. However, these measures of student engagement with feedback represent
useful proxies that enable us to improve our understanding of human learning and interaction with the feedback, and the present
study sets out a robust methodology for future research. One scenario for improving the proxy in the future is to augment
our dataset with other datasets or other measures of engagement, such as the time interval between the first engagement and
completing that learning activity (such as first clicking on the quiz link and submitting the quiz) or student engagement in
general after the first click on the CTA for that week. These proxies may help us delve deeper into the impacts of actionable
feedback messages and fine-tune our feedback system to maximize our support for students. Similarly, a more in-depth study
looking at the value of provided CTA links would enable us to examine the usefulness of provided feedback messages after
students engage with them.

8. Conclusion
The present study makes two main contributions: (1) empirically examining student engagement with technology-mediated
feedback and (2) laying the methodological groundwork for future empirical analyses of student engagement with technology-
mediated feedback. To the best of our knowledge, this is the first study to use an empirical methodology to examine student
engagement with technology-mediated feedback. While previous studies have examined student perceptions of feedback, we
tracked student engagement with feedback messages, looking at the relationship with both student demographic characteristics
and student success defined as passing the course. This study outlines a methodology for using the OnTask and Moodle
platforms to run similar analyses in the future; this approach uses simple and handy functionalities that are already familiar to
most online educators. While this study is a first step toward understanding students’ engagement with feedback messages, we
hope that in the future, similar studies will offer new insight into the complexities of feedback provision in technology-mediated
settings.

The findings of our study confirm existing literature around self-regulated learning skills and the role of proper time
management in student learning (Winne & Hadwin, 1998; Butler & Winne, 1995) and show that early feedback engagement is
associated with passing the course. Further improving educators’ understanding of feedback provision in technology-mediated
settings using this methodology would create the potential for early intervention and support for students who are likely
to fall behind in their studies—students who do not engage with early feedback. We further demonstrated that making
feedback messages actionable has experiential and analytical benefits. Actionable feedback messages improve student learning
experiences by directing them to the next suggested learning activity in an easy and seamless way, helping them with their
time management. The actionability of feedback messages also offers analytical benefits, since educators and researchers
can track student engagement with feedback, finding previously undiscovered patterns in the data that can become a stepping
stone to continuously improving the feedback system and narrowing the feedback gap. Applying a data-driven approach to
improving feedback processes and narrowing the feedback gap by using trackable CTAs in customized email messages was well
received by students. These methods allowed the researchers to quantitatively explore student reactions to feedback messages,
establish a methodology for discovering patterns, design interventions, and improve feedback recipience for students of different
backgrounds. The current paper demonstrates that the popular and tried-and-true digital marketing method of collecting data on
actions on feedback messages is applicable to education, which has great potential to help researchers understand feedback
recipience at a deeper level and narrow the feedback gap.
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Appendices

Student Engagement with Feedback Messages

Table 6. The bioscience course—Student engagement with feedback messages for different groups of students that showed
significant differences in logistic regression models. Total Emails Sent corresponds to the number of feedback emails with
CTAs sent to a particular student group. Similarly, Total CTA Clicks corresponds to the number of times students from this
group clicked on CTA hyperlinks.

Significant Predictor Engagement

Outcome variable (Topic) Variable Level Total Emails Sent Total CTA Clicks Opening Rate

Week 3 feedback engaged Gender Male 75 31 41%
Female 143 82 57%

Week 4 feedback engaged (Quiz 1) Week 3 feedback engaged No 105 3 3%
Yes 113 43 38%

Week 5 feedback engaged (Quiz 1) Week 3 feedback engaged No 105 9 9%
Yes 113 30 27%

Week 6 feedback engaged (Quiz 1) Week 3 feedback engaged No 105 6 6%
Yes 113 23 20%

Week 7 feedback engaged (Quiz 1) English at home Yes 182 6 3%
No 36 4 11%

Week 9 feedback engaged (Quiz 2) Gender Male 71 9 13%
Female 127 37 29%

Week 4 feedback engaged No 153 22 14%
Yes 45 24 53%

Week 10 feedback engaged (Quiz 2) Mature Yes 32 10 31%
No 166 26 16%

Previous attainment Secondary education 103 21 20%
Some college 10 0 0%

Previous attainment VET course 64 12 19%
Nothing 21 3 14%

Week 5 feedback engaged No 160 23 14%
Yes 38 13 34%

Week 6 feedback engaged No 169 22 13%
Yes 29 14 48%

Week 9 feedback engaged No 152 18 12%
Yes 46 18 39%

Week 11 feedback engaged (Quiz 2) Week 6 feedback engaged No 169 9 5%
Yes 29 5 17%

Week 9 feedback engaged No 152 6 4%
Yes 46 8 17%

Notes: VET: Vocational Education and Training.



Table 7. The marketing course—Student engagement with feedback messages for different groups of students that showed
significant differences in logistic regression models. Total Emails Sent corresponds to the number of feedback emails with
CTAs sent to a particular student group. Similarly, Total CTA Clicks corresponds to the number of times students from this
group clicked on CTA hyperlinks.

Significant Predictor Engagement

Outcome Variable (Topic) Variable Level Total Emails Sent Total CTA Clicks Opening Rate

Week 1 feedback engaged (Assignment 1) Previous attainment Secondary education 11 2 18%
Some college 33 11 33%
VET course 21 9 43%
Nothing 10 4 40%

Week 2 feedback engaged (Assignment 1) Program Management 11 5 45%
Human Resources 11 5 45%
Marketing 19 4 21%
Accounting 28 17 61%
IT & Communication 7 2 29%

Week 1 feedback engaged No 50 17 34%
Yes 26 16 62%

Week 3 feedback engaged (Assignment 1) Attendance Full-time 40 9 22%
Part-time 38 13 34%

Gender Male 25 6 24%
Female 53 16 30%

Week 1 feedback engaged No 52 8 15%
Yes 26 14 54%

Week 4 feedback engaged (Assignment 2) Week 2 feedback engaged No 45 6 13%
Yes 33 16 48%

Week 5 feedback engaged (Assignment 2) Admission basis Secondary education 17 2 12%
VET 19 4 21%
Some college 19 7 37%
Other 23 4 17%

Notes: VET: Vocational Education and Training.
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