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ABSTRACT

The proliferation of digital educational applications (apps) has revolutionized the
pedagogical landscape for students and instructors, both within and beyond the confines of
traditional classrooms. Educational apps offer a variety of features that can help students learn
more effectively, including personalized instruction and real-time feedback. However, some
studies have found that students may not be engaging with the apps regularly or for extended
periods of time. This lack of engagement can limit the apps’ potential to improve student learning.
Consequently, researchers have investigated methods to enhance students’ app engagement,
including the use of digital nudges. Digital nudging is a strategy that proposes utilizing small, non-
intrusive cues that capitalize on individuals’ cognitive biases to influence their behavior.

This dissertation makes a significant contribution to ongoing efforts by examining the
effectiveness of nudge-based digital interventions in improving students’ engagement with the
CourseMIRROR educational app. CourseMIRROR is an educational mobile app that prompts
students to reflect on the interesting and confusing aspects of lectures throughout a semester. The
CourseMIRROR app uses Natural Language Processing (NLP) algorithms to 1) scaffold the
students while generating reflections and 2) summarize the students’ submitted reflections. This
study focuses on designing digital nudges to improve students’ cognitive and behavioral
engagement with specific features of the app that are crucial to achieving its primary purposes.
These primary purposes include 1) facilitating students to submit reflections, 2) enabling students
to view the reflection summary interface, and 3) scaffolding students to write in-depth and
comprehensive reflections. The study consists of three experiments investigating the effectiveness

of these digital nudges for improving student engagement with the CourseMIRROR app.
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For this dissertation, | conducted three experiments by implementing the CourseMIRROR
app in multiple sections of a first-year engineering course at Purdue University over a semester.
Experiment 1 investigated the impact of social comparison nudge and neutral reminder nudge to
increase students’ reflection submissions by using the app. Students were randomly assigned to
one of three conditions: social comparison nudge, neutral reminder nudge, or baseline (no nudge).
The social comparison nudge involved reminding and showing peers’ behavior through their
reflection submissions, and the neutral reminder nudge involved sending automated reminders to
students to submit their reflections. The results indicated that social comparison and neutral
reminder nudges were effective in increasing reflection submissions compared to the baseline
condition. However, the social comparison nudge was slightly more effective in improving the
number of reflection submissions than the neutral reminder nudge. Also, the nudge interventions
became effective in increasing the reflection submissions by refocusing the students’ attention as
time progressed in the semester.

Experiment 2 explored the impact of summary reminder nudges and interface nudges to
increase students’ visits to the reflection summary interface in the app. Students were randomly
assigned to summary reminder nudge, interface nudge, or baseline conditions. The summary
reminder nudge involved reminding students to visit the reflection summary interface in the app.
The interface nudge involved making the summary available lecture more prominent to draw
students’ attention to the reflection summary interface. The result revealed that summary reminder
and interface nudges did not significantly improve the number of students’ visits to the reflection
summary interface. Also, for all conditions, students’ visits to reflection summary interface

decreased over time as time progressed.
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Experiment 3 examined the impact of scaffolding and throttling mindless nudges on
promoting more comprehensive and lengthier reflection submissions. Students were randomly
assigned to one of three conditions: scaffolding nudge, throttling mindless nudge, or baseline. The
scaffolding nudge involved providing students with real-time feedback to guide their reflection
writing, while the throttling mindless nudge involved giving a pause to re-think if they want to
move forward to the next question or revise their reflection in the application. Overall, the results
showed that scaffolding and throttling mindless nudges effectively promoted more comprehensive
and lengthier reflection submissions over the semester and within each time. However, students’
reflections in all conditions remained either consistent or decreased in reflection text length and
specificity score over time in a semester.

The study’s results indicate that digital nudges can effectively enhance students’
engagement with educational applications, especially in reflection activities using
CourseMIRROR. These findings provide valuable insights into designing and implementing
digital nudges in educational apps and evaluating their impact on student engagement. Future
research should build on these results to develop a more comprehensive understanding of the

potential of digital nudges to support student engagement in educational technology settings.
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INTRODUCTION

Over the last two decades, the advancement in the digital technology has revolutionized
the teaching and learning experiences (Bilyalova et al., 2020). With this digital transformation,
students and instructors can access digital tools, such as mobile devices and applications that can
improve their teaching and learning experiences (Menon, 2022). In this regard, a notable digital
advancement is an educational application (app) defined as software designed for instructional
purposes that can be used on different devices, including smartphones, and tablets (Geissinger,
1997). Prior studies have discussed that such apps help reduce the students’ cognitive load by
providing access to interactive and easy-to-learn content beyond time and space constraints
(Camilleri & Camilleri, 2017; Zydney & Warner, 2016). Consequently, educational apps have
become an essential teaching and learning tool for both instructors and students.

Education literature has discussed a range of benefits that educational apps provide to both
students and instructors in enhancing the learning experience (Zhang & Liao, 2015). For students,
educational apps provide easy access to high-quality learning materials and resources, irrespective
of their location, or socioeconomic status (Falloon, 2013). A key benefit of educational apps is
their ability to increase student engagement with learning activities (Wu et al., 2013). This has
been confirmed by several studies that incorporated game-like elements (e.g., Bartel & Hagel,
2014), providing real-time feedback (e.g., Aljohani & Davis, 2013), and improving collaboration
(e.g., Bouta & Retalis, 2013) to make learning interactive and fun. Similarly, educational apps
have helped instructors to inform their pedagogical practices by monitoring student progress and
identifying areas where additional support may be needed using different data analytic techniques

(Fan et al., 2015). Additionally, educational apps can save teachers’ time by automating certain
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tasks, such as grading and assessment, freeing up more time for lesson planning and instruction
(Lim & Yunus, 2021; Zhao, 2019).

The widespread acceptance of educational apps as a valuable learning tool is also evident
from the increase in application downloads globally. The educational app downloads have
increased from 522 million in 2017 to 936 million in 2020 at both Google Play store and Apple
App store (Statista, 2020). Seeing the increasing importance of the educational app, the literature
has appeared focusing on the design and development of educational apps (Falloon, 2013;
Papadakis et al., 2018). However, a limited literature is exploring the students’ engagement with
the educational app and have raised concerns related to the educational app’s ineffectiveness to
engage students (Melcher et al., 2022; Pechenkina et al., 2017; Pham & Chen, 2018).

In the literature, app engagement is defined as the user’s meaningful and improved
interactions with technology (Doherty & Doherty, 2018). This engagement can have three
dimensions: behavioral, cognitive, and emotional. Behavioral engagement pertains to physical
participation or willingness to interact with technology (Bouta & Retalis, 2013; Islas Sedano et al.,
2013), cognitive engagement involves putting in the effort to learn or master a particular task
through the use of technology (Greene, 2015), and emotional engagement encompasses the
emotional response that arises during the use of technology (Doherty & Doherty, 2018). In this
study, I adopted the same conceptualization of a multidimensional perspective of app engagement,
with the distinction that the users were college students in my case. Furthermore, | only explored
the behavioral and cognitive dimensions of students’ engagement with the application.

In the context of app engagement, prior studies have argued that students are unable to
fully utilize the educational apps as they get disengaged and eventually abandon the app (Melcher

etal., 2022). This is evident by the educational apps’ retention rate (i.e., continuous usage) of 27%
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after 90 days of use, which is lower than the retention rate for other applications at 35%
(Sefferman, 2021). Moreover, the annual retention rate for educational apps is only 4% (Ben-
Joseph, 2021). This low retention rate is often attributed to the inability of these apps to engage
their users with the app, including instructors and learners (Pachler et al., 2009). The lack of
engagement can result in a decreased motivation to use the app, which ultimately reduces its
effectiveness in promoting learning. Thus, it could improve the educational app’s retention rate by
improving the students’ engagement.

Limited studies have explored the reasons related to the educational apps’ inability to
engage students with them regularly. One reason is that it is challenging for learners to prioritize
and remain engaged with any educational app, especially if they have many other apps and digital
tools competing for their attention (Loveless, n.d.). Additionally, integrating an educational app
into their daily routine can be difficult for learners, especially if it does not fit seamlessly into their
existing habits. These challenges can lead to low levels of engagement and utilization of
educational apps.

The survey of educational literature indicates that studies have typically focused on the
content and effectiveness of various educational apps on the students’ learning experience.
However, limited attention is given to the understand the students’ interaction with the app. In
other words, there is awareness about the effective content or structure of the app, but
understanding of how students interact or engaged with the educational apps is limited (Anwar et
al., 2022). Therefore, there is a need to understand the students’ engagement with the educational
app to improve their experience for effective learning outcomes. In this regard, limited studies
have discussed the strategies used by the educational app designers to improve the students’ app

engagement. These strategies include: 1) regularly updating the application with fresh content
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(Chiong & Shuler, 2010), 2) ensuring that the application has a well-designed user interface (Ul)
and user experience (UX; Fard, n.d.), 3) using push notifications (Pham et al., 2016), and 4)
creating interactive content that promotes engagement and active learning (Oh et al., 2015).
Although the implementation of these strategies has shown an increase in app engagement, the
literature argued the need to explore other ideas for improving the learners’ app engagement.

Among the ongoing efforts to improve learners’ app engagement, the idea of nudging has
shown some promising results as a cost-effective approach to improve app engagement
(Eslambolchilar et al., 2011; Fritz, 2017). “Nudging,” as introduced by Thaler & Sunstein (2008),
involves using subtle, indirect, and low-cost interventions to influence people’s decision-making
and behavior in a positive way while still preserving their freedom of choice. When this approach
is applied in the digital context, it is referred to as "digital nudge," and the process of implementing
such interventions is known as "digital nudging."

In the education literature, limited studies have explored the impact of nudging
interventions to improve the students app engagement (Damgaard & Nielsen, 2018; Harley et al.,
2007; Sherr et al., 2019). These studies have mostly employed reminder nudges (bringing the
students’ attention to a particular task or decision) to keep the students engaged with the
educational app (e.g., Simmons et al., 2018). Therefore, this study has explored the literature on
human-computer interaction (HCI) to explore approaches used to design nudge interventions in
this study. Furthermore, prior studies have mostly relied on app analytics (e.g., session length, total
time spent) to explore the impact of nudges on the student’s app engagement (Fancsali et al., 2021;
Pham et al., 2016; Pham & Chen, 2019). This study also relied on the app analytics (e.g., number

of reflection submission) to inform the research question. Furthermore, the aim of the study is to

19


https://www.zotero.org/google-docs/?vncNnK
https://www.zotero.org/google-docs/?Aw2a4p
https://www.zotero.org/google-docs/?BQedcA
https://www.zotero.org/google-docs/?3XOkrA
https://www.zotero.org/google-docs/?wzzTvh

enhance the literature by designing different nudging interventions and studying their impact on
the students’ app engagement within the classroom settings.

In this study, | used the idea of nudging to design digital nudge interventions and explored
their impact on students’ engagement in an educational app, i.e., CourseMIRROR.
CourseMIRROR is a mobile educational app that prompts students to reflect on their learning
experiences (Fan et al., 2015; Menekse et al., 2018). After each class, students are asked to reflect
on the confusing or interesting aspect of the lecture. Furthermore, a set of NLP algorithms is used
to summarize students’ reflections submitted for each lecture, and scaffold students during
reflection writing in the application. It also has an associated instructor website that provides
reflection summaries and individual reflections through different data analytics (e.g., reflection
submission rate). However, this study is focused only on the mobile application of the
CourseMIRROR system.

Previous research has shown that CourseMIRROR has a positive impact on various aspects
of students’ learning (e.g., Menekse, 2020; Menekse et al., 2018). However, studies have also
indicated a lack of students’ app engagement with the CourseMIRROR app. For instance, Fan et
al. (2015) conducted a pilot study by implementing the CourseMIRROR application in a STEM
classroom. The study found the students after using the app for some time submitting shallow or
irrelevant reflections to the prompt or lecture content such as "N/A" or "all good.” Additionally,
the students’ reflection length decreased over time. These results suggested that CourseMIRROR
was unable to engage students throughout the semester. Moreover, prior studies have argued that
students needs to remain highly engaged with the educational app to realized its’ full potential
(Hirsh-Pasek et al., 2015; Kim & Baek, 2018; Pham & Chen, 2019). In this regsrd, no previous

studies have designed strategies to improve the students’ app engagement with the
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CourseMIRROR mobile application. Therefore, this study serves as the initial effort to investigate
the impact of nudging interventions on the student’s engagement with the CourseMIRROR app.
Specifically, I conducted three different experiments to understand the impact of nudging
interventions on students’ engagement with features of the CourseMIRROR apps, essential to
achieve its primary goals. The primary goal of the application is to 1) encourage students to submit
more reflections, 2) enable the students to visit the reflection summary interface to read and learn
from their classmates’ reflection summary, and 3) scaffold students to write comprehensive and
detailed written reflections (Fan et al., 2015, 2017; Luo et al., 2015). This study designed five
nudge interventions to improve the students’ engagement with different features of the
CourseMIRROR app. The nudge interventions include reminder nudge (directs attention), social
comparison nudge (uses social norms to refocus students’ attention), interface nudge (highlights
choices through an interface design), scaffolding nudge (offers in-time feedback), and throttling
mindless nudge (prompts informed decisions by introducing a pause). Furthermore, this study used
educational app analytics as an engagement measure to understand the engagement differences

among students in different conditions (control vs. treatment).

Research questions

The following research question guided this study:
What is the effectiveness of nudging interventions on students’ engagement with the
CourseMIRROR application?

Specifically, I have following research questions guiding each experiment.
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Experiment 1:

1.

Experiment 2:

1.

Experiment 3:

1.

Facilitating students’ reflection submissions.

Do students receiving neutral reminder nudges submit more reflections compared
to the students receiving no nudge?

Do students receiving social comparison nudges submit more reflections compared
to the students receiving no nudge?

What is the relative effectiveness of both nudge interventions on the students’
reflection submissions?

How do the students’ reflection submissions change over time in each condition

(i.e., neutral reminder nudge, social comparison nudge, and baseline)?

Supporting students’ reflection summary views.

Do students receiving summary reminder nudges visit the reflection summary
interface more often than those who do not receive nudges?

Do students receiving interface nudge visits the reflection summary interface more
often than those who do not receive nudges?

What is the relative effectiveness of both nudge interventions on the students’
number of visits to the reflection summary interface?

How do the students’ reflection summary interface views change over time in each

condition (i.e., summary reminder nudge, interface nudge, and baseline)?

Scaffolding students to generate specific reflections.

Do students receiving scaffolding nudges show improvement in the specificity and

length of their reflections compared to those receiving no nudge?
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2. Do students receiving throttling mindless nudges show improvement in the
specificity and length of their reflections compared to those receiving no nudge?

3. What is the relative effectiveness of both nudge interventions on the specificity and
length of students’ reflections?

4. How do the students’ reflection specificity and text length change over time points
in each condition (i.e., scaffolding nudges, throttling mindless nudges, and

baseline)?

Significance of the study

This study contributes to the literature in several ways. First, the study aims to contribute
to the limited nudge literature in the STEM domain by designing nudge interventions in real
classroom settings. Second, this study employed an experimental research design and
interdisciplinary approach to explore the impact of the nudges on the students’ app engagement.
Even though studies have used the idea of nudging, limited studies have provided a theoretical
framework to ground their studies in previous research (e.g., Sherr et al., 2019). In this study, |
have conceptualized a theoretical framework to guide different stages of my study, such as the
selection of engagement measures, design of nudge intervention, and interpretation of the results.

Furthermore, prior studies mostly implemented single nudge intervention to achieve
desired goals (e.g., Harley et al., 2007). However, this study explores the relative efficacy of the
different nudge interventions toward a particular student’s behavior. Moreover, this study provided
insights into the design and guidelines for the discussed nudging interventions in similar contexts

for future research.
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THEORETICAL FRAMEWORK

I am using the multidimensional engagement theory and the nudge theory as the basis of
the theoretical framework in this study. This theoretical framework has played a pivotal role in
informing all aspects of this research, including the design of interventions, data collection,
analysis, and interpretation of results. The following section provides a detailed overview of each

theory and its contribution to the study’s theoretical framework.

Multidimensional perspectives of engagement

The concept of user engagement with digital technology is multidisciplinary in nature
(O’Brien, 2016), with conceptualizations based on context, technology, and dimensionality
(Doherty and Doherty, 2018). One of the earliest conceptualizations was presented by Chapman
(1997), who defined engagement as “something that ‘engages’ us is something that draws us in,
that attracts and holds our attention” (p. 3). Engagement is also considered a multi-stage process
where the user goes through various phases (O’Brien & Toms, 2008). These phases include
adoption (where users first adopt the application), engagement (where users begin interacting with
the application), disengagement (where users stop interacting with the application), and re-
engagement (where users re-engage with the application). Users can be seen as highly engaged
with the technology once they successfully complete these steps.

Owing to the complexity and diverse conceptualization of the topic, various disciplines
(e.g., Education, Human-Computer Interaction, and Behavioral Sciences) have often adopted a
multidimensional perspective of engagement as a theoretical foundation for investigating user
engagement with digital technology (Doherty & Doherty, 2018; O’Brien, 2016). This

multidimensional perspective of engagement is defined as the user’s (or student’s) meaningful and
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improved interaction with digital technology across three dimensions: behavioral, cognitive, and
emotional (Holdener et al., 2020; Kim et al., 2017; O’Brien, 2016; O’Brien & Toms, 2008). The
Behavioral dimension of engagement emphasizes users’ actions, willingness to participate, and
continuous interaction with technology, making it objectively measurable (Bouta & Retalis, 2013;
Islas Sedano et al., 2013). Previous studies have used a variety of measures to assess behavioral
engagement in educational apps. The commonly used quantitative measures of engagement are the
app usage (e.g., Pham & Chen, 2018), number of completed tasks (e.g., Anwar et al., 2022), and
number of accesses to the app feature (e.g., Jayasekaran et al., 2022). These measures guided the
studies by understanding the user’s behavior while interacting with the app.

The cognitive dimension of engagement refers to the conscious effort of the user to
understand or master a learning task associated with technology. This conscious interaction
includes the user’s attention (Pham et al., 2016), effort, or awareness (Islas Sedano et al., 2013)
while interacting with the technology. Cognitive engagement with educational apps has been
assessed through various measures, including self-reported measures (i.e., personal opinions,
perceptions, and experiences) and objective measures (i.e., observable and measurable
phenomena). One commonly used self-reported measure is questionnaires asking learners to rate
their engagement with an educational app. For example, Song et al. (2022) used a questionnaire to
measure cognitive engagement to enhance primary students’ vocabulary learning engagement,
which included items such as “I was totally absorbed in what I was doing.”

On the other hand, objective measures of cognitive engagement are typically educational
apps data analytics that revelated the learners’ interaction with the learning content or their
performance with the learning tasks, such as quiz attempts (e.g., Kizilcec & Chen, 2020) or

performance scores (e.g., Pham & Chen, 2018). Additionally, some studies have started using the
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physiological measures (e.g., electroencephalography (EEG) and eye tracking) to explore
cognitive engagement while learners interact with educational apps (e.g., Apicella et al., 2022).
For instance, Halderman et al. (2021) used EEG measures to understand brain activity to examine
students’ cognitive engagement while they attempted an online simulated GRE.

Lastly, the emotional dimension of engagement refers to the emotional reaction developed
by the users while interacting with the technology (Doherty & Doherty, 2018). Furthermore,
emotions are also interrelated with user behavior and cognitive development (Ruth et al. 2002). In
other words, emotional engagement can also be achieved by improving the other two aspects of
the engagement. Prior studies into the emotional aspect of app engagement mostly relied on the
self-report measure, which requires participants to rate their emotional experiences while using the
app. For example, Ding & Chai (2015) used a survey to assess emotional engagement with the
usage of the mobile learning app. Their results revealed that emotions have an impact on the
continuous usage of mobile applications. Some studies have started to use advanced objective
measures to understand emotional engagement. These measures include physiological measures
such as heart rate variability, electrodermal activity, and facial expressions (de Vreede et al., 2019).
These measures provide an objective assessment of emotional engagement that is less susceptible
to self-reported biases.

In this study, I primarily focused on the two dimensions of engagement, i.e., cognitive and
behavioral, to fully understand the role of student engagement with the CourseMIRROR mobile
app. These dimensions have guided my conceptualization of student engagement, engagement
measures selection, and data interpretation in this study. Through the investigation of the students’
interaction with the application, | was able to identify the measures of their app engagement that

are relevant to my study. The student’s cognitive engagement in the CourseMIRROR app is
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indicated by their deep and critical thinking while writing reflections on their learning experiences.
To measure their cognitive engagement, | used the reflection specificity score as a cognitive
engagement measure which is essentially a numeric value showing the relevance of their reflection
with the reflection prompts and lecture content. For the behavioral engagement, I relied on the
students’ behavior analytics, i.e., count of reflection submissions, reflection text length, and
summarization views. Furthermore, | analyze these engagement measures to understand the extent
to which students engage with the application. This multidimensional perspective of students’ app
engagement has allowed me to explore the impact of introduced interventions on the students’
interaction with the CourseMIRROR app.

A growing body of educational technology literature suggests that nudging can be used as
an effective and cost-effective way to improve students’ app engagement in the digital
environment (Brown et al., 2019; Fancsali et al., 2021; Pham et al., 2016). In this study, | have
used the idea of nudging to improve the students’ app engagement using the CourssMIRROR
educational application. The use of nudges in educational applications seems like a natural choice
to improve students’ app engagement, as Weinmann et al. (2016) have observed that user interface
designers frequently employ nudging interventions, whether intentionally or not, to influence user

behavior during app interactions.

Nudge theory

The other major component of the theoretical framework of this study is based on the
Nudge theory, which suggests that despite being aware of their best interests, people sometimes
behave in irrational ways and fail to make the best choices (Thaler & Sunstein, 2008). In addition,
people’s actions can be predictable. Therefore, behavioral interventions can be designed to help

encourage individuals to make better decisions (Ariely, 2009). The Nudge theory proposes that
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positive reinforcement or indirect suggestions (i.e., small behavioral interventions) can influence
people’s behavior and decision-making to achieve a desirable outcome (Weijers et al., 2020).
Moreover, different mindsets (i.e., set of beliefs) have been investigated by Dweck (2016), such
as fixed mindset and growth mindset. It is believed that people with a fixed mindset give up easily,
whereas those with a growth mindset persist and try to expand their learning. Dweck (2016) further
believed that small behavioral interventions such as nudges could effectively develop a growth
mindset.

Thaler and Sunstein (2008) defined the term “nudge” as “any aspect of the choice
architecture that alters people’s behavior predictably without forbidding any options or
significantly changing their economic incentives” (p. 6). Here, choice architecture refers to the
environment in which an individual is exposed to various choices. The choice architecture is
designed to influence peoples’ behavior, where people have choices, but their options are not
limited, which allows for autonomous decision-making. Any intervention that alters human
behavior can be considered a nudge if it is easy, simple, non-commanding, cost-effective, and
supports an autonomous choice of options. For instance, introducing a norm nudge such as a
descriptive social norm (informing people about your norm of paying taxes) in tax letters has
increased the repayment rate by 15 percentage points (Office Behavioural Insights Team, 2012).
Similarly, the nudge through chocolate placement beside champagne instead of meat or any other
place would positively impact the sale of chocolates (Thaler and Sunstein 2008).

Nudge theory is broadly based on two theories: 1) Prospect theory and 2) dual-process
framework. According to the prospect theory, humans make irrational decisions not because of
mental overload, lack of calculating capacity, or limited information (Neuhaus, 2020). Instead,
human beings naturally use heuristics or shortcuts to ease or accelerate their decision-making

process. Moreover, Thaler and Sunstein (2008) linked prospect theory with the dual process
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theory. The dual process theory states that human beings process information based on two
systems, namely System 1 and System 2. In System 1, they deal with automatic, instinctive, and
uncontrolled thinking. To facilitate this thinking, System 1 takes quick actions by using heuristics
and shortcuts. For example, spontaneous responses, like snacking on the food placed in front of us
or getting startled by sudden movements or loud noises. On the other hand, System 2 is concerned
with “reflective,” meaning controlled, deliberate, thought-out, slow, rational, and self-aware
thinking. Therefore, this system takes more information and in-depth analysis into the decision-
making process. Some examples of behavior characterized by System 2 include parking a car in a
narrow space, comparing two laptops for the best value, or filling out a tax form.

Both the prospect theory and dual process theory discuss nudging as a way to alter people’s
behavior using heuristics and shortcuts to make rational choices. Furthermore, dual process theory
suggests that human behavior is often guided by the system 1, as little effort is involved in making
decisions (Weijers et al., 2020). This reliance on System 1 can cause behavioral inconsistencies
with a person’s goals. For instance, if a person’s goal is to lose weight, they may still indulge in
snacking due to overreliance on System 1. The suggested absence of rationality in System 1
generates some insignificant environmental cues that can strongly influence behavior, whereas in
the case of System 2 these cues are insignificant.

The nudge theory assumes that instead of resisting or countering the lack of rationality of
System 1, it should be accepted and brought to good use. Thaler and Sunstein (2008) believe that
people’s behavior should be predictably altered through nudges in the environment instead of
restricting their options or changing the incentives. The nudges use the lack of rationality of System
1 and can help people make better decisions. Based on this argument, research has shown that
well-designed nudges can influence students’ behavior to improve their interaction with the app

and significantly impact their app engagement (e.g., Castleman et al., 2014; Pham et al., 2016).
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The rationale behind using nudge theory as a construct in my theoretical framework is that it helps
us in understanding that how nudge interventions can be designed and used to leverage students’
cognitive biases and their tendency to use heuristics to influence their behavior and encourage their
engagement with the app.

In this study, | designed the nudge interventions within the CourseMIRROR application
and explored their impact on the students’ app engagement using the theoretical lens of Nudge
theory and multi-dimensional perspective of engagement. Nudge theory, on the one hand, informs
this study by explaining that nudging interventions can work as positive reinforcement or indirect
cues for influencing students’ decision-making. On the other hand, the multi-dimensional
perspective of student engagement informs us about students’ meaningful and continuous
interaction with the CourseMIRROR application. The collective understanding offered by these
two theoretical lenses in this theoretical framework has enabled a profound understanding of app
engagement and its dimensions in designing digital nudges to target behavioral and cognitive

dimensions of engagement.
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LITERATURE REVIEW

Digital nudging

The concept of nudging has been extended to the digital space, which is referred to as
digital nudges and the process of introducing them as digital nudging (Barev, 2020). Digital
nudging is defined as “a subtle form of using design, information, and interactive elements to guide
user behavior in digital environments, without restricting the individual’s freedom of choice”
(Meske & Potthoff, 2017, p. 2589). The term digital environment refers to the collection of user
interfaces and interactive tools that enable individuals to navigate and make informed decisions
within the digital realm. These interfaces include simple menu-driven interfaces, recommendation
engines, search algorithms, and content management systems. While there has been extensive
research on the impact of nudging in physical environments (e.g., framing of options in a form to
opt for a service; (Pichert & Katsikopoulos, 2008), there is limited but growing interest in the
potential of nudging to influence human decision-making in the digital realm (Teuber et al., 2022).

The concept of nudging has a long history in technology literature, with user interface
designers acting knowingly or unknowingly as choice architects influencing people’s decisions
through their designs (Weinmann et al., 2016). Although it has not always been referred to as a
“digital nudge”, the application of nudging intervention has a natural extension in the digital realm.
For instance, Carr (2013) discussed the mobile payment system “Square,” which utilizes digital
nudges to increase the tip amount for clients. The nudge strategy in this system involves setting a
default behavior for tipping, which requires clients to actively opt out if they do not wish to leave
a tip. By using this simple default nudge strategy, the payment system can increase the tipping

amount. Moreover, any intervention that satisfies the general principles of nudging (simple, cost-
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effective, non-commanding, and suggestive) and is presented in the digital environment can be
considered a digital nudge.

Digital nudging is a relatively new idea, but a considerable amount of literature has started
discussing the topic in recent years. Various studies have explored the use of digital nudges and
their effectiveness in different contexts. For instance, the Fitbit activity monitor was used with a
combination of nudges (e.g., reminder nudge) to help people increase their physical activity (Mele
et al., 2021). Additionally, warnings have been employed as digital nudges to discourage
unnecessary online purchases (Esposito et al., 2017). Furthermore, several studies have been
conducted on the design of effective digital nudges, which propose different models for designing
digital nudges. For instance, Meske & Potthoff (2017) suggested a “digital nudging process model’
that outlines a design pattern for digital nudges. This model consisted of three stages: analyzing
the desired behavior and goals of a digital nudge, designing the appropriate nudge aligned with the
goal, and evaluating whether the nudge achieved its goal.

Similarly, Schneider et al. (2018) discussed a cyclical model for designing and assessing
the effectiveness of the digital nudge. This model includes steps such as defining a goal,
understanding the users, designing the nudge, and evaluating the effectiveness of the nudge.
Broadly, all previous nudge design models aimed to create an effective nudge aligned with targeted
people’s behavior (i.e., identified goals) and then evaluate whether the nudge achieves the desired
behavior. This study followed the same design pattern where nudging interventions were designed
to improve the students’ app engagement and then evaluate the effectiveness of these nudge
interventions in achieving the desired behavior. Additionally, researchers have also explored
digital nudges and their application in various studies, including systematic literature reviews

(Bergram et al., 2022; Mirsch et al., 2017), policy papers (e.g., Einfeld, 2019; John et al., 2009),
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work-in-progress papers (e.g., Hummel et al., 2017; Wilkinson et al., 2017), or even full

explanatory studies (e.g., Brown et al., 2019; Schneider & Graham, 2017).

Ethical considerations for designing a digital nudge

Researchers have emphasized considering the ethical implications while designing the
nudge (Lembcke et al., 2019; Paunov et al., 2019). As digital nudge is supposed to influence
people’s behavior directly, they must be designed and implemented ethically. While introducing
the idea of nudging, Thaler & Sunstein (2008) discussed several ethical principles for nudging,
with the most important being the principle of non-paternalism. The principle emphasized that
nudges should not be designed to promote the preferences of choice architects but rather to serve
the interests of the people being nudged. Therefore, designing digital nudges with ethical
considerations is crucial to ensure that the nudges do not infringe the people’s rights or manipulate
them in unethical ways (Lembcke et al., 2019; Schmidt & Engelen, 2020).

Prior studies have also argued that nudges can have unintended consequences resulting in
a backlash if ethics are not considered. For instance, the Netherlands passed a bill in 2016 to
increase organ donation rates using the default nudge, presuming citizens as donors unless they
opted out. However, the bill backfired as the number of citizens refusing to donate broke records.
The Dutch rebelled against it, feeling their autonomy violated (Disappointing Donor Week, n.d.).
The incident highlights the importance of ethical considerations when designing nudges, even with
the intention of the greater good, as not considering ethics could lead to unintended consequences.

There has been much debate surrounding the ethical implications of designing digital
nudges. To address these concerns, Lembcke et al. (2019) have identified a set of widely accepted
ethical considerations that should guide the design of nudges. These include ensuring freedom of

choice, transparency in the implementation of nudges, and the use of goal-oriented justifications.
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Freedom of choice means that individuals should have complete autonomy over their decisions
and actions. Digital nudges should not limit or prohibit specific choices (Barton & Griine-Yanoff,
2015) but rather provide information and encourage individuals to make their own informed
decisions. The potential harm caused by nudges that undermine autonomy is significant. Nudges
that restrict choices and remove agency can lead to resentment and pushback from those who feel
that their freedom has been infringed upon. An example of a digital nudge that violates freedom
of choice would be a pop-up advertisement to automatically redirects users to a specific website
without their consent (Soe et al., 2020). This undermines the users’ autonomy to decide where
whether they want to visit the website. Such a digital nudge would also be manipulative, as it
forces the users to view the website without giving them a choice. This violates the ethical
principles of digital nudging, which should always prioritize informing and empowering users to
make their own decisions.

In contrast to the previous example, a digital nudge described by van der Laan & Orcholska
(2022) utilizes a self-scanning function within an app to suggest healthier alternatives when a user
scans an unhealthy food item. Their research demonstrated that the app design, with prompts and
suggestions for healthier options, could encourage users to make better food choices. In this case,
the app designer didn’t use the nudge to restrict users’ food choices or enforce a diet plan. Instead,
the nudge provided users with information that helps them to make an informed decision about
their food choice while nudging them to develop healthy habits.

Transparency is another crucial ethical consideration that should be considered when
designing nudges. When using digital nudges, it is important to ensure transparency and openness
so that individuals can easily recognize when they are being nudged. This can be achieved through

various means, such as highlighting the digital nudge with borders, textual hints, or other
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recognizable features (Lembcke et al., 2019). Transparency is important to build trust and
credibility with individuals and to ensure that nudges are not perceived as manipulative or
coercive. For example, an online shopping website may use digital nudges to encourage customers
to purchase more items by highlighting specific products as a limited-time deal compared to other
deals (30 Best Examples of Nudge Marketing in ECommerce, 2022). However, this nudge violates
the transparency rule because it tries to exploit the customer’s fear of missing out without
informing them that these recommendations are based on their previous search history and
purchase behavior.

In contrast to the previous example, a digital nudge through email may be used by a teacher
to remind their students about an upcoming project deadline (Williams, 2021). The email could
mention that past students had taken a week of hard work to complete similar projects and suggest
that the students start working on their projects. The goal of the email is to help students refocus
their attention on their projects and suggest them either complete the work or ignore the email.
This transparent approach helps to ensure that students are aware of being nudged and allows them
to make their own decisions.

Goal-oriented justifications are also essential ethical considerations when designing
nudges. Nudges should be designed with a clear and justifiable goal in mind, such as improving
learning outcomes, app engagement, health outcomes, or promoting environmental sustainability.
For instance, Teuber et al. (2022) used a nudge sent through email where students were prompted
to take breaks during their study sessions. In the email, students had 5-7 minutes videos with
guided physical exercises and health-promoting explanations without a clear or justifiable goal in

mind. The intent was to improve the students’ mental well-being. However, it violates the goal-
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oriented justifications rule as the students are unable to understand its goal. The result of this nudge
also shows no significant impact.

In contrast, a language learning app (Pham & Chen, 2018) uses reminder digital nudges to
encourage users to practice their language skills by sending reminders to complete daily lessons
and quizzes. The app clearly communicates the goal of improving language proficiency and
provides feedback and progress tracking to help users achieve their language learning goals. This
aligns with the goal-oriented justifications rule, as the nudges are designed to promote a clear and
justifiable goal that is aligned with the interests of the intended population. Overall, ethical
considerations are critical when designing nudges. They help to ensure that nudges are
implemented in a way that respects individual autonomy, promotes transparency, and is goal-
oriented toward their interest.

Furthermore, digital nudging has been vastly adopted and is constantly evolving in the
digital design space, especially in the user interface (Ul) field. However, there is still a need for
research studies that could provide a better understanding of the theoretical mechanisms explaining
the digital nudge. In this way, future researchers will be able to ground their investigation on a
sound theoretical understanding of nudging and make informed designs, especially for the
development of persuasive technology (e.g., behavior-change support systems; Oinas-Kukkonen,
2010).

Building upon the previous discussion, this study aims to expand the literature on digital
nudging by carefully designing and incorporating digital nudges to influence students’ engagement
with educational applications. The study will make two significant contributions to the digital
nudging literature. Firstly, it explored the effects of digital nudges on students’ engagement with
educational applications. This investigation will provide valuable insights into how digital nudges

can be designed to promote better students’ engagement. Secondly, the study discussed the design
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of digital nudges that can be used in the mobile educational application, addressing a gap in the

current literature.

Nudge design approaches in Human-Computer Interaction (HCI)

Human-computer interaction (HCI) is a multidisciplinary field that is defined as “a
discipline that is concerned with the design, evaluation, and implementation of interactive
computing systems for human use and with the study of major phenomena surrounding them”
(Hewett et al., 1992, p.5). Therefore, the majority of HCI focuses on designing user interfaces for
engaging and efficient interaction between the user and the Information technology (IT) artifacts
(e.g., websites and software applications). The aim of HCI research is to improve the user
experience (Grudin, 1992) by making it more natural, efficient, and enjoyable. In this context, the
concept of nudging has emerged as a valuable and natural choice tool for interface designers
seeking to guide human-computer interaction (Jesse & Jannach, 2021). By using nudges, designers
can encourage users to make optimal choices and achieve their goals more effectively. As a result,
nudging has become an increasingly important area of study in HCI research, offering valuable
insights into how to design the digital environment for better user engagement and satisfaction.

Seeing the relevance of nudging in the HCI domain, it has been eagerly adopted and applied
in several contexts, such as promoting healthy behavior (Lee et al., 2011), encouraging attention
toward privacy settings while using applications (Harbach et al., 2014), protecting the unintended
disclosure on the mobile application (Wang et al., 2014), and many more (see Caraban et al., 2019).
HCI researchers believe that digital nudges can effectively facilitate the users’ decision-making in
the digital space as they often have to make multiple decisions and may lack the ability to make
informed choices (Mirsch et al., 2017). An example of nudging in HCI is the study by Turland et

al. (2015), who developed an application that used color coding and presentation order to nudge
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users towards choosing a safer Wi-Fi network. Given the potential impact of nudges on user
decision-making, the nudging can be considered an important skill for HCI researchers when
designing a new interface.

With the increasing use of digital technologies and the constant need to make decisions,
the nudging can help users make better choices without feeling overwhelmed. The use of nudging
in the domain of HCI has gained significant attention, leading to a myriad of literature. For
instance, Harbach et al. (2014) used nudge to appraise the users about the risks associated with
giving app permissions. They did so by redesigning the dialogue of the Google Play Store. Their
results revealed that it improves the user’s attention when giving permission to the application.
Lee et al. (2011), on the other hand, made use of three cognitive biases to develop a robot that
nudged users toward healthy eating. Their result showed that the nudging interventions were
effective but directly depended upon the user’s awareness of the healthy choices.

Furthermore, the literature suggests that the majority of recommendation systems make use
of nudging because their purpose is to present the users with their desired choices (Jesse &
Jannach, 2021). For instance, Jung et al. (2018) discussed an adaptive financial recommendation
system that can detect the situation when the user is prone to decision inertia (i.e., the tendency to
repeat previous choices). By detecting the situation, the system adapts the interface elements in a
way to nudge them to make informed financial decisions. Additionally, Caraban et al. (2019)
conducted systematic literature and discussed the most commonly used nudging interventions in
the HCI. They identified 23 different mechanisms of nudging and classified them into six
categories based on the purpose of nudging. These six categories include facilitating (reducing
cognitive effect to motivate the users; e.g., Egebark & Ekstrém, 2016), confront (pause to reflect

on their choice; e.g., Agapie et al., 2013), deceive (provide a deception to promote desirable
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behavior; e.g., Cockburn et al., 2015), social influence (take advantage of user tendency to social
norm adherence; e.g., Cheng et al., 2013), reinforce (increase the presence of desirable behavior;
e.g., Ferreira et al., 2014), and fear (evoke the feeling of fear, loss or uncertainty; e.g., Kaptein et
al., 2015).

In HCI literature, the digital nudge has been generally employed by designing an interface,
providing information, or modification of interactive interface elements in a way to leverage users’
cognitive biases to achieve desired user behavior, ultimately improving the interaction between
users and IT artifacts. Following are some commonly used approaches in the HCI research to

design the nudges for achieving the desired behavior.

Interface presentation

Interface presentation is an approach used to design the nudges in a way that modifies the
user interface elements (e.g., informational components and input controls) to encourage a
particular choice. The surveyed literature shows that the HCI research has abundantly used this
approach to design the nudges (Brewer & Jones, 2015; Chittaro, 2016; Gouveia et al., 2016). For
instance, Cai & Xu (2008) investigated the impact of the nudge on the users’ consideration set and
then purchasing the high-quality product. For this nudge, authors presented products using
different sorting (i.e., descending, ascending, and random) based on the quality attributes and
observed the user behavior. Their result found that the descending sorting of the products based
on their quality attribute encourages the users to consider and then buy high-quality products.
Similarly, another study (Kammerer & Gerjets, 2014) designed and investigated the facilitator
nudge (i.e., presenting the search results in grid view) to improve the users’ selection of trustworthy

material on a search engine (e.g., Google). The result of the study indicated that users are more
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likely to select trustworthy pages if the search results are in the grid view rather than the traditional

list view in the search engine.

Social comparisons information

In this approach, the HCI researchers design nudges by providing peer or social behavior
information as a reference point (Brown et al., 2019) to guide user’s decision making. In addition,
the researchers have argued that this approach needs to be carefully used to design an effective
nudge because it could backfire as we are enabling the users by providing a reference point in the
form of their actions or people’s behavior. For instance, showing below-average user performance
can mislead users to adjust their behavior accordingly. Moreover, studies have shown that enabling
the users’ choice by showing the performance of similar users has proven to be effective. For
instance, Eckles et al. (2009) used this approach to nudge the users into answering a particular
question. They showed the percentage of the participants who answered a certain question, which
led to the increased submission of the answer. Similarly, another study (Caraban et al., 2015)
discussed the development of an electric plugin for a teeth brushing device, where the device
tracked the user (child) brushing behavior and provided information to the parent through light on

the device.

Digital alerts/feedback

Another commonly used approach for nudging in the HCI domain is to remind the user of
a particular choice/behavior (Nekmat, 2020). These approaches have broadly used digital prompts
(e.g., dialog box, push notification) and real-time feedback. For instance, Hirano et al. (2013) used

‘WalkMinder,” a mobile phone application, where the users were nudged with an alert (i.e., buzz
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sound) whenever they did not work for a long time. Their study showed that the nudge was
effective in making the users aware of their activity patterns.

Another study (Gouveia et al., 2016) incorporated nudging using this approach by showing
only last-hour physical activity reports in a smartwatch. Thus, making the feedback scarce and
encouraging the users to be more physically active. Their result revealed that this nudge has
effectively increased the user’s physical activity. Even though these approaches have proven to be
effective in influencing the users’ behavior, researchers have suggested that the studies using this
approach should follow certain design considerations; otherwise, they may not be effective
(Caraban et al., 2019). These design considerations are: 1) Timing: it is critical to consider the time
when it will be most effective. 2) Frequency: The nudge designers need to be careful about the
frequency of this approach as it could frustrate the users. 3) Personalization: this approach requires

that the nudges be personalized for a given situation and target a particular behavior.

Default options

In HCI literature, another approach used to nudge the users is to pre-select the desired
option as default (Paunov et al., 2019). This approach has been commonly used in studies to nudge
users to make sustainable choices, such as their willingness to donate, food selection, or opt for
green energy services (Lemken, 2021). For example, one of the exemplary studies using this
approach is (Egebark & Ekstrom, 2016), which modified the default printer option to a “double-
sided printer.” Their study revealed that this has effectively reduced printing paper consumption.
Another study by Al-Ameen et al. (2015) used a CueR, a novel cued-recognition authentication
scheme that provides users with random and memorable passwords based on their selected clues.

Their result revealed that all users was able to recall their password after one week of registration.
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Although this approach is a powerful way to nudge the users, the researcher has echoed
caution while using this approach, as this could have ethical repercussions (Paunov et al., 2019).
Therefore, the nudge designer must use them ethically and transparently. By making the default
choice align with the user’s interests and values, designers can nudge users toward making

decisions that benefit themselves and society.

Throttling mindless activity

Throttling mindless activity is another approach used to nudge the users in the HCI
literature. Mindless activity is the act of engaging or performing a task with little conscious thought
or effort. In this context, throttling refers to restricting or regulating the user’s engagement with
any mindless activity. Therefore, the idea behind this approach is to pause the activity for some
time and give users a chance to re-evaluate their choice (Bergram et al., 2020). Literature has
shown that nudging the user through this approach has improved the user’s ability to focus and
engage with the activity(Caraban et al., 2019; Konstantinou et al., 2019). For instance, Wang et
al., (2014) designed a plugin for the Chrome browser that withheld the publication of a Facebook
post for 10 seconds, inciting the re-examination of the post’s content. Although the countdown
could have been avoided, their study revealed that several participants reformulated the content
and even abandoned the publication during the time interval.

In addition to the approaches discussed, the HCI researchers have also explored different
frameworks to study the cognitive biases of user behaviors that can be mitigated using optimal
nudging interventions (Caraban et al., 2019). For example, Hansen & Jespersen (2013) put nudges
into four distinct classifications on the basis of the thinking mode they target (i.e., automatic vs.
reflective) and whether the user is aware of the purpose and means to bring about the behavioral

change. Dolan et al. (2012) suggested a framework called “Mindspace” which encapsulates nine
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essential behavioral influences. The mnemonic "Mindspace" stands for nine important aspects that
influence human decision-making in this framework. These aspects include messenger, incentives,
norms, defaults, salience, priming, affect, commitment, and ego. Nudge designers can utilize these
behavioral influences to develop effective nudges aligned with the desired goals. Additionally,
Schneider et al. (2018) linked cognitive biases with the choice, i.e., binary, discrete, or continuous,
and the various interface elements that can be used to influence behavior through interface
elements such as checkboxes, radio buttons, and drop-down menus.

Despite the widespread adoption of nudging in HCI and promising results in this particular
area, there are a few concerns regarding the use of nudging. First, the HCI researchers are not sure
about the ability to nudge to bring a sustainable behavioral change. For instance, Egebark &
Ekstrom (2016) found that although the impact of the “double-sided print” option remained for a
few months, it began to fade with the use of new printers that had the option of single-sided print
as the default. On the other hand, Rogers et al. (2010) found that the impact of twinkling lights (a
nudge) that showed the closest path to the staircase remained for more than eight weeks and
beyond, even after the removal of the nudge.

Another concern is that nudge execution may yield unexpected results since people often
compensate for their actions (e.g., people might prefer to print more in case of the double side so
they could carry less weight) and unexpected interpretations (e.g., once households were shown
that they were below the average electricity consumption they started to consume more electricity).
For instance, Kankane et al. (2018) found out that the users did not create their own password once
they were made aware that they would receive an automatically generated password. Additionally,
Munson et al. (2015) found out that people made lesser commitments once they were asked to

make their commitments public because most of them feared criticism. Gouveia et al. (2016) found
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that user motivation increased because of enabling social comparisons in cases where the user
performance was similar in comparison to others. This also implies that nudges can have an
adverse impact in cases where this condition cannot be met. To that extent, the majority of studies
did not inquire into possible backfires and unexpected effects of nudges. Therefore, a stronger
emphasis on understanding the underlying behavioral mechanism is required to better design and

utilize effective nudging.

Educational application, engagement, and nudging

Since the Internet revolution, there has been enormous growth in the design and
development of educational apps (Papadakis & Kalogiannakis, 2017). Educational apps are
software designed for educational purposes that can be used in smart devices such as smartphones
and tablets (Geissinger, 1997). The educational app aims to make education more effective
compared to the traditional means of education, leveraging the latest technology advancements to
enhance the overall learning experience (Rocha & Coutinho, 2015). Also, these apps have helped
educational researchers to redefine the learning experiences by providing a platform to promote
self-study (e.g., He, 2018), teaching support (e.g., Littlemore & Farmer, 2014), and making
education accessible to the remotest areas of the world (Sruthi & Mukherjee, 2020).

Seeing the importance of educational apps, a vast literature on their design and
development has emerged (e.g., Muslimin et al., 2017; Singler et al., 2016). Educational apps have
now been readily integrated into both traditional and non-traditional educational settings to serve
varied learners (Kayalar, 2016; Tularam, 2018). For instance, these apps have been employed to
teach people in diverse domains such as education (e.g., Cavus, 2011), health (e.g., Lin et al.,
2018), and even moving towards standalone personalized learning platforms such as Coursera

(Korableva et al., 2019), Byju (Sruthi & Mukherjee, 2020), and SoloLearn (Quinn, 2018).
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Educational apps can take many forms, with the most popular ones being games,
simulations, mobile apps, and virtual reality (Ivan Stojsi¢ et al., 2017). The most popular type of
educational app is games based on the concept of Gamification, which involves incorporating the
game elements such as points, badges, and leaderboards to make learning more engaging and
enjoyable (Mayer, 2019). Another type is the simulation applications, which allow learners to
visualize the problem, practice skills, and apply knowledge in emulated real-time scenarios
(Kincaid et al., 2003). These apps are popular in STEM education fields such as healthcare,
engineering, and aviation (D’Angelo et al., 2014). Another commonly used educational app is the
mobile application, which has made learning portable by providing simple access to the study
material on students’ cell phones or tablets (Bustillo et al., 2017). Lastly, Virtual reality(VR)
applications allow students to experience environments and situations similar to those in the real
world (Kavanagh et al., 2017), whether exploring historical sites, human body, or conducting
experiments in a lab.

Educational app is also becoming relevant in the educational domain as they are being
increasingly used to deliver/manage content, gamify educational topics, or facilitate course
management for both teachers and students (Hirsh-Pasek et al., 2015). For instance, most
educational institutes have at least one learning management system, such as the Blackboard
learning management system (Ashok, 2011; Y. Hwang & Vrongistinos, 2012) and Brightspace
(Francom et al., 2021; Jiang et al., 2020). Furthermore, the recent pandemic has also seen massive
influx of educational apps because of the remote teaching. Among these apps, the most important
emergence was the video conferencing applications such as Microsoft Teams and Zoom (Cavus &
Sekyere-Asiedu, 2021). These app became virtual classrooms and primarily used to deliver

lectures in the pandemic (Alameri et al., 2020).
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To this end, the researchers have the consensus that educational apps are an effective tool
to facilitate learning due to their potential to provide real-life experiences, provide scaffolding in
complex cognitive tasks (e.g., solving math equations; Kim, 2016), personalized feedback (Gielen
et al., 2018), and building collaboration among peers (Loughry et al., 2013). However, studies
have pointed out the issue of learners’ engagement with the educational application (Pham & Chen,
2018), an essential component to realize its full potential and improve students’ learning outcomes.
The majority of the literature on the educational app is focused on the design and development of
educational applications and their impact on students’ learning outcomes (e.g., Kim, 2016;
Muslimin et al., 2017). However, limited studies have explored the learner’s engagement with the
educational application (Pham & Chen, 2018).

In literature, app engagement is defined as an augmented user experience that combines
the behavioral, cognitive, and emotional aspects of an application’s usability (Doherty & Doherty,
2018). Researcher has argued that when learners are fully engaged with an educational app, they
are more likely to acquire knowledge and skills effectively, resulting in better learning outcomes
(Papadakis et al., 2018). Conversely, if the students are disengaged with the application, it may
lead to decreased motivation and even abandonment of the app.

Furthermore, prior studies have also demonstrated that there is a remarkable attribution
rate (i.e., the proportion of app installations and usage) due to a lack of students’ engagement with
educational apps in different educational domains such as linguistics (Godwin-Jones, 2011),
science (Zydney & Warner, 2016), and children’s education (Mkpojiogu et al., 2018). Shuler
(2012) analyzed the educational category in the Google and Apple store, two of the most famous
popular mobile application distribution platforms. The result revealed that almost 9 to 23 % of

applications were used only once and then deleted forever. Additionally, users opened only 39%
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of the educational apps more than 11 times (Haggerty, 2019). It is interesting to note here that
educational apps form the group of applications with the lowest retention rate (User Retention Rate
for Mobile Apps and Websites, 2017). Student engagement that leads to application retention has
therefore become an area of interest among researchers.

Despite the growing interest in this area, the literature on learners’ engagement with
educational apps is still in its early stages (Kim et al., 2017; Pham et al., 2016). Studies and experts
have pointed out that educational apps are currently not working up to their full potential because
of their lack of engagement (Pachler et al., 2009; User Retention Rate for Mobile Apps and
Websites, 2017). Haslam (2019) also stated that various useful educational apps get deleted before
the learner explores all their features. Therefore, future studies on engagement are of paramount
importance in improving the effectiveness of educational apps.

Seeing the increasing interest in improving the learners’ app engagement, studies have
explored different mechanisms to improve the learners’ app engagement, such as effective UI/UX
design (What Makes a Good Retention Rate?, 2019), interactive designs (Pham & Chen, 2018),
and continuous updates with fresh content (Grguric, 2023; Jay, 2015). Among the ongoing effort,
the idea of nudging has been used in the past and is getting increased attention in the educational
application literature to improve students’ app engagement. For instance, Weinmann et al. (2016)
stated that the user interface designers had been acting as choice architects knowingly or
unknowingly since they influenced people’s decisions. Through their design, they nudge people
to navigate the online decision environment.

Nudging is a powerful tool that can be leveraged to enhance the behavioral, cognitive, and
emotional aspects of app engagement in educational apps. Regarding the behavioral aspect, nudges

can encourage users to engage more consistently and productively with the app. For instance,
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digital nudges can be used to remind the students to complete tasks (Motz et al., 2021), participate
in discussions (Nguyen & Vo, n.d.), or scaffold the students (van Oldenbeek et al., 2019) that can
help students to interact continuously with the app. As a result, nudges can help develop desired
student habits that can raise the user’s overall engagement with the apps and improve their learning
outcomes.

Nudging can also impact the cognitive aspect of app engagement by promoting learning
and skill-building. Educational apps can use nudges to prompt users to review material they have
previously studied, practice specific skills, or solve problems (Dawood et al., 2013). These nudges
can help to reinforce learning, improve retention, and build cognitive abilities over time.
Additionally, nudges can be personalized based on users’ learning progress and preferences, which
can make them more effective and engaging (Brown et al., 2019). Finally, the nudging can impact
the emotional aspect of app engagement by providing positive reinforcement and feedback.
Educational apps can use nudges to acknowledge when a user has achieved a certain milestone or
completed a challenging task (Edwards & Li, 2020), which can create a sense of accomplishment
and pride. This positive reinforcement can help to build motivation and confidence, which can be
crucial for maintaining engagement over time.

In educational application literature, researchers have used nudging to increase the
student’s engagement with the application without realizing it. The closer aliases used instead of
nudging in previous studies includes push notification (Simmons et al., 2018), text messages
(Harley et al., 2007), and alerts (Nekmat, 2020). Following are a few nudging interventions that

have been used to improve the learners’ app engagement.
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Reminder nudge

In the literature, the most commonly used nudge intervention is the use of reminders to
keep the student engaged with the application. Studies using the reminder nudge strategy targeted
students’ behavior, such as students’ refocusing issues (Simmons et al., 2018) or their limited
attention span issues (Castleman et al., 2014; Castleman & Page, 2015). By targeting these
behaviors, the intention was to keep the students aware of the educational application and hence
increase their engagement with the educational apps. Weston et al. (2015) investigated the
engagement of patients in health-based educational apps. In the application, the patients were
educated about their health, which helped them make informed decisions. To improve the learners’
app engagement, studies employed reminder nudges, where patients were nudged three times to
play a quiz. Their result revealed that the initial nudge was highly successful, resulting in increased
participation of the users. However, the next two nudges were not as successful.

Furthermore, in the education technology literature, reminder nudges through push
notifications have produced some promising results on students’ app engagement (e.g., Pham et
al., 2016). It seems like a natural choice in education apps because it maps to the principle of any
intervention to qualify as the nudge. These principles are cost-effectiveness, autonomy, and
suggestiveness. For instance, Manser (2016) discussed the University of San Diego’s (USD) two
nudge interventions for student engagement and communication centers. These interventions
included sending messages through push notifications and messages. Their result revealed that the
push notifications were three times more likely to be seen by the students as compared to other
interventions. Overall, reminder nudge has produced some promising results in keeping the student
engaged with the educational application. However, it has also been discussed as a source of

disruption (Cutrell et al., 2001) for the users. Therefore, it could be one place for future research
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to start the inquiry and discuss reminder nudging through push notifications and students’ app

engagement.

Social comparison nudge

Another nudging intervention used by the studies was the use of a social comparison nudge
(information about the behavior of relevant peers). Such nudges exploit students’ tendency to
adhere to the social norm. For instance, Brown et al. (2019) used a web-enabled coaching system
to implement online personalized social comparison nudge. In their study, they alerted the students
about the behavior of their peers that have outperformed them. This way, the intention was to
increase the students’ interaction with the application. Even though their study did not find any
significant relationship between employed nudges and the student behavior, it provided a number
of suggestions that can be used to enhance the nudge research. One of the suggestions is that future
studies implementing the social comparison nudge need to be careful about their design because it
may impact students’ behavior negatively. For instance, if you share such nudges with well-
performing students, they may become overconfident and reduce their work effort.

Even though the social comparison nudge has proven to be effective in other contexts
(Szaszi et al., 2018), there are limited studies exploring the effect of this nudge strategy in the
education application domain. Also, limited studies have explored the type of information about
the peers in the social comparison nudge that can be more effective for students’ behavior change

(e.g., Brown et al., 2019).

Reinforce nudge

Another intervention discussed in the literature is the use of reinforcement nudge (increase

the presence of desired behavior options) to promote student engagement in the educational
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application. For instance, Bruehlman-Senecal et al. (2020) designed an application to tackle the
learners’ loneliness during the transition from college to university. In this study, the students
enrolled in the application were nudged to complete a social challenge, a reflection exercise, and
present the student testimonial. All these activities were introduced to encourage students to
develop social connectedness with their peers. Their studies collected the number of app page
access, social challenges, and a number of task submissions to measure the learners’ app
engagement. Their study found improved app engagement where the students were nudged from

the start of the study rather than delayed nudges.

Informational nudge

Few studies have used the informational nudge intervention to keep students engaged with
educational apps. This nudge provides information to individuals to help guide their decision-
making. This information nudge has been specifically employed to enable learners to self-assess
their ability and behavior by providing them with personalized feedback. This way, the learners’
interaction with the application is improved. For instance, Arnold & Pistilli (2012) designed a
nudge intervention, where students were provided with an alert to refocus their engagement with
the application. Their study hypothesized that the learners’ increased app engagement would
improve their academic performance. Hence, their study collected the learning analytics (e.g.,
previous performance, interaction with the LMS, and demographics). Their results were quite
promising as this nudge strategy increased students’ app engagement, as well as their performance.
Also, literature referred (e.g., Karlsen & Andersen, 2019) to the above-mentioned nudge as the
smart nudge (tailored according to the user’s behavior). However, they discussed that ethical

considerations should be kept in mind while designing such nudges to avoid misuse. Therefore,
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future research is needed to design and evaluate the nudges not only on the basis of their outcome
but through ethical considerations as well.

Overall, the surveyed literature showed that most studies exploring nudging and
engagement in educational apps have relied on educational application analytics (the measures
thought to affect engagement) and established their relationship with students’ engagement. Also,
few studies have used a large sample size of students’ user analytics to understand their
engagement with educational apps. For instance, Pham and Chen (2019) used a large sample size
of 95,430 learners. Broadly, the engagement measures used in the surveyed literature can be

divided into two categories, i.e., intra-session, or inter-session engagement measures, as shown in

table 1.
Table 1: Different measures to assess students’ engagement

Measures Examples

Inter-session engagement Session length, session count, average duration per day,
measures attempt per quiz, initial accuracy, session count, session

length

Intra-session engagement App retention, total time consumption, uninstall rate,
measures mastery of the task, average student time spent, courses

assessed, unique quiz attempted, total time consumption

Furthermore, these above-mentioned engagement measures can be divided into three
categories representing their targeted purpose, i.e., popularity (how much the application is being
used), activity (the number of user interaction events), and loyalty (the retention of the user within

the app) as shown in table 2.
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Table 2: Mapping of the categories with a measure

Categories Engagement measures
Popularity Session length, session count, total time consumption
Activity Mastery of the task, courses assessed, unique quiz attempted, attempt per

quiz, initial accuracy.

Loyalty Average duration per day, app retention, uninstall rate

While exploring effectiveness of digital nudges on the learners’ app engagement, the
studies explored the students’ increased application interaction or retention with the app. Hence,
they used the measurements in popular and loyalty categories to study students’ engagement.
However, limited studies explored the students’ cognitive engagement with educational apps.
Therefore, measurements in the activity category were underutilized in the engagement. For
instance, Pham and Chen’s (2018) used popularity and loyalty measures (session count, session
length, app retention, uninstall rate, and average duration per day) on student involvement and
retention in the app, while they used loyalty (mastery of the vocabulary learning task) to measure
the engagement’s cognitive aspect.

Based on the above discussion, it is evident that digital nudges have shown promising
results targeting students’ behavior to improve the learners’ engagement in educational
applications. However, there is a further need for experimentation to explore the effectiveness of
nudging interventions, specifically targeting the students’ behavior while interacting with the

educational application.

53



Nudging in STEM education

The field of STEM education has seen a growing interest in nudging in recent years, in part
because it has a low implementation cost and has produced promising results to influence students’
behavior (e.g., Bettinger & Baker, 2014; Hoxby et al., 2013). However, the use of nudging in
STEM education is still at an early stage. For instance, Szaszi et al. (2018) conducted a recent
systematic review of literature on nudging using 156 empirical studies, out of which a mere 4%
were related to education, and even fewer were related to STEM education. Hence, there is a
massive opportunity for researchers to study and implement effective nudging interventions in
STEM education.

In STEM education literature, studies have employed various nudging interventions to help
students make better choices and improve their learning outcomes (Damgaard & Nielsen, 2017).
One such intervention is a Reminder nudge which involves helping students refocus their attention
through focused messages/reminders. For instance, O’Neill (2019) used a reminder nudge to
increase the participation in advisor activities between students and the advisor by constantly
reminding them of the upcoming deadline and events. The purpose was to debase students’ beliefs
and help them to make informed decisions by taking into account their lack of self-control.

Another effective nudging intervention in STEM education is the Framing nudge. This
involves a small intentional change in the presentation/orientation of the choice architecture to
remove biases and encourage the students toward desired behavior. For example, McEvoy (2016)
conducted an experiment in a statistics course where students in the control condition attempted
the quiz starting with zero and earned points, while students in the treatment condition started with
560 points and then lost points. The study found that the fear of losing points improved the

performance of the students in the treatment condition compared to the control condition.
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Deadline nudge is another nudging intervention that works as a commitment device to help
students plan for their class tasks and refocus their attention. For instance, Tuckman (1998)
conducted an experiment where the students were divided into two conditions. The first condition
of students was tested frequently (deadlines), and the other condition was given homework after
the completion of each chapter. Furthermore, their study used a validated survey to profile the
students into high, medium, and low levels of procrastination. Their analysis revealed that heavily
procrastinating students with deadlines (frequent testing) outperformed the students in the other
condition.

Lastly, Scaffolding nudge is another effective nudging intervention used increasingly in
STEM education, specifically for teaching programming concepts (e.g., Sticklen et al., 2004) or
improving students’ writing (e.g., Wanchid, 2013). This approach intends to reduce the students’
cognitive load to achieve the desired students’ behavior. For instance, Zamprogno et al. (2020)
conducted a study where they designed scaffolding nudges to improve the student’s learning in the
automatic programming assessment tool. By doing so, they were able to help students in re-
focusing their effort on understanding their code failure and revisit the learning outcome of the
course or assignment, demonstrating the potential for scaffolding nudges to improve student
engagement and performance in STEM education.

Overall, the nudge literature has narrowly explored the cognitive biases to target students’
behavior in the STEM literature. For instance, the studies have mostly utilized the students’
cognitive biases, such as preference bias (i.e., inclination towards the short-term benefits) and
limited attention bias, to influence the students’ behaviors. These behaviors include students’ self-
control (e.g., Harley et al., 2007; O’Hara & Sparrow, 2019), attention limitations (e.g., Sherr et al.,

2019; Tuckman, 1998), loss aversion (e.g., McEvoy, 2016), and limited will power (e.g.,
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Patterson, 2018). For instance, Sherr et al. (2019) used reminder nudges to invoke students’
attention toward course goals and deadlines that can impact their grades. The result revealed that
students in the nudge condition performed better than the control condition.

Seeing the growing interest in the adoption of nudging in STEM, several institutions have
developed systems that make use of analytics to nudge students (Fritz, 2017). For instance, the
University of Michigan developed ‘Expert Coach’ (ECoach), which is a recommendation system
that facilitates students to pass difficult courses by providing a scaffolding nudge using analytics
(e.g., performance metrics and ECoach usage) and advice from their peers (McKay et al., 2012).
Several studies have shown the positive effect of the ECoach system on students’ academic
performance in STEM gateway courses (e.g., . Similarly, Fritz (2010) developed Check my
activity (CMA), a feedback system, at the University of Maryland to nudge the students with a
simple feedback nudge on their usage of the Blackboard learning system (BbLMS). Also, the
students can compare their BboLMS usage to an anonymous summary of peer usage. The intention
with such a nudge is that the students will become aware of their peer usage of the system, which
may help them to change their study behavior or encourage them to seek help.

The common trajectory found in the nudge literature in STEM education is that most
studies have introduced nudging to target students’ behavior and then measure its impact on
students’ learning performance. This process involves introducing nudge as an intervention,
measuring students’ behavior, and understanding its relationship with the outcome measure. For
instance, Patterson (2018) introduced the deadline nudge using the reminder as a commitment
device to refocus the student by showing their pre-set goals. In this case, the author used the
indirect measure of student learning performance rather than the direct method, which is seeing

their timely assignment submissions.
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Even though the existing literature has employed a number of nudging interventions, it did
not explore the relative impact of multiple nudging interventions in a single study. For instance,
Sherr et al. (2019) introduced two different kinds of nudging reminders. The first type was used to
remind the students to submit a self-monitoring log after each week. The second type was to
remind them about course tasks such as quizzes, assignments, and exams. The study focused on
the holistic view of the impact of nudging on student learning performance instead of the
comparative analysis of interventions. Similarly, Brown et al. (2019) emphasized that future
research should explore the relative efficacy of nudge interventions.

As the nudge literature in STEM is at a novice stage, studies have generally employed
untargeted and unplanned nudging interventions. For instance, Sherr et al. (2019) used the
reminder nudge to refocus students’ attention on the course task, such as self-monitoring log or
coursework. However, the prompts in the self-monitoring log were not designed to target students’
metacognitive thinking, as discussed in the study. Similarly, another study (Kizilcec et al., 2014)
also employed the reminder nudge intervention to increase the student’s course participation. Still,
its analysis didn’t account for the information about tracing students’ interaction with the
intervention, i.e., they did not know whether the students receiving the reminder email were
opening the information. Hence, there is a need for studies exploring the students’ cognitive
behaviors and biases to improve the process of designing effective nudging interventions.
Furthermore, there is a need for studies that can appropriately evaluate the effect of nudging on
the outcome measure.

Findings in the literature are generally heterogeneous when it comes to the effectiveness
of nudging on students’ behaviors. Therefore, there is a need to consolidate STEM nudge literature.

For instance, Persistence Plus, a non-profit organization, conducted a longitudinal quasi-
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experimental study (Soricone & Endel, 2019) employing reminder nudge (reminding students of
a particular task) and found a positive impact on the persistence of the students in the STEM field.
In contrast, Kizilcec et al. (2014) explored the impact of reminders and persuasive reminders in
online STEM courses using two separate experiments in a single study. The first experiment
showed a short-term impact of reminder nudges on students’ behavior (reducing procrastination)
that can increase students’ course participation. Also, the second experiment using a persuasive
reminder nudge showed no short-term impact, and in the long term, the effect was negative on
course participation.

In light of the above discussion, it is evident that there is a huge potential for STEM
researchers to explore the effectiveness of nudging interventions in STEM education. In addition,
the broader educational literature can be considered a guiding point for STEM researchers. For
instance, Damgaard & Nielsen (2018) conducted systematic literature and identified 12 broadly
used nudging interventions in education. Also, the authors acknowledge that these categories are
by no means exhaustive due to constant increases in the literature. Therefore, STEM researchers

can explore the broader range of nudging interventions discussed in the education literature.
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RESEARCH METHOD

This study aimed to investigate the impact of nudging interventions on students’
engagement with CourseMIRROR. In the educational literature, application (app) engagement is
described as the improved level of interaction and involvement a learner has with an application
(Anwar et al., 2022; Pham & Chen, 2018; Song et al., 2022). It is a multidimensional construct
influenced by behavioral, cognitive, and emotional components of the user’s experience (Kelders
et al., 2020) with the app. This chapter begins with a description of CourseMIRROR, site of
experiments, description of app engagement measures, and core principles used to design the
nudge interventions. Finally, I provide a description of three experiments conducted to explore the
impact of nudging interventions on students’ app engagement. These interventions were
specifically designed to improve the students’ app engagement and effectively implement

CourseMIRROR in a real classroom setting.

CourseMIRROR application

CourseMIRROR (i.e., mobile in-situ reflections and review with optimized rubrics) is a
mobile educational application designed to engage students in reflective thinking and self-
evaluation of their learning experiences (Fan et al., 2015; Menekse et al., 2018). CourseMIRROR
prompts students to reflect on the confusing or interesting aspects of each lecture throughout the
semester using their personal mobile devices (e.g., smartphones or tablets). Subsequently, a
Natural Language Processing (NLP) algorithm is used to create students’ reflection summaries for
confusing and interesting questions by combining their reflection submissions based on common
themes (Magooda et al., 2021). The summaries are made available to the students through the

mobile application. These summaries help students to conceptualize the difficulties faced by their
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classmates. Also, the associated website is designed for the instructors, where they can see
students’ reflection summaries and individual reflections along with other analytics to inform their

pedagogies for the class. Figure 1 shows interfaces of the CourseMIRROR mobile application.

|l Describe what was confusing or
need more details in today’s
class?

Describe what you found most interesting in
today’s class?

Figure 1: Primary interface of the CourseMIRROR a) Course screen, b) Lecture screen, ¢)
Reflection writing screen, and d) Reflection summary screen

The CourseMIRROR mobile application is available to download for free on both Apple
Appstore and Google Playstore. The students can log in to the application using their credentials
(i.e., email and password) and get authenticated through the application’s server. Once the students
log into the application, they can see their enrolled courses and register in a new course by clicking
on the “Add Course” button (figure 1a) and inputting passcode created by instructors on the
associated site. Furthermore, the students can go to the corresponding lecture by clicking on the
course item. The lecture screen is subdivided into two categories, i.e., Lecture tab (contains all
lectures except those available to write reflections) and “Open for reflection” tab (contains only

those lectures available to write reflections), as shown in figure 1b. The students can go to the
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reflection page (figure 1c) to submit and write a reflection by clicking on the lecture item under
the “Open for reflection” tab. Once submitted, the reflection is stored in the application’s server
database. After more than five students’ reflections are submitted to the database and the reflection
writing time ends (lecture time + lecture duration + 36 hours), the NLP algorithm generates
summaries of the reflections. Then, the summaries are shared with students and instructors on the
CourseMIRROR app (figure 1d) and the instructor site respectively.

For the CourseMIRROR app to be an effective instructional tool, we need to support and
scaffold students to generate detailed and comprehensive reflections, and encourage them to read
reflection summaries and learn from them (Menekse et al., 2018). Achieving these goals can be
challenging, especially in a technology-mediated learning context in a college classroom. To
address this challenge, this study implemented nudge interventions within the CourseMIRROR
application and explored their impact on students’ app engagement. The interventions were
designed to promote the three core purposes of the application (Menekse et al., 2018). These
purposes include 1) to enable and support students to submit reflections using the application, 2)
to enable students to access the reflection summary interface and learn from peer reflection
summaries, and 3) to enable students to provide in-depth and relevant (to the prompts and lecture
content) reflections for the system to make sense and provide insight to the instructor/fellow
students. Overall, this study aims to improve students’ app engagement by incorporating nudges

that are tailored to the specific needs of students.

Site
Purdue University is a land grant research university located in the midwestern region of
the United States. The first-year engineering program at Purdue enrolls around 3,347

undergraduate engineering students in the year 2021-2022, out of which women students represent
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26.4%, while underrepresented minority students make up 9.7% of the total enrollment (Purdue
Engineering Degree Programs & Enrollment 2021, n.d.). These students take courses in STEM
and communication, including ENGR 131 and ENGR 132, which teach engineering design, data
visualization, computer programming, communication, and teamwork. ENGR 132 focuses on
introducing programming skills using MATLAB to first-year engineering students. It is offered
year-round and is taken by the majority of the FYE students. ENGR 132 is a two-credit course that
utilizes active, blended, and project-based learning methodologies, including lectures, pair
programming in class, online modules, and team projects outside of class. Each section of the
course enrolls up to 120 students. This study collected data from ENGR 132 classes in Spring

2022.

Engagement measures

In the literature, app engagement in educational apps has been defined as an improved user
experience that encompasses behavioral, cognitive, and emotional aspects of its usability (Doherty
& Doherty, 2018; O’Brien & Toms, 2008). Prior research has typically relied on learners’
application analytics, such as session counts and quiz attempts, to inform their analyses (e.g.,
Brown et al., 2019; Bruehlman-Senecal et al., 2020; Pham & Chen, 2018). This study also relied
on the student usage analytics provided by the CourseMIRROR app to assess the effectiveness of
designed nudges on students’ app engagement.

The app engagement measures (usage analytics) used in this study include reflection
submissions (the number of times students submit reflections), reflection summarization views
(the number of times students see the summary interface), reflection specificity score (relevancy
score of reflection with the question prompts and lecture), and reflection text length. A detailed

description of the app engagement measures is provided within each experiment in the subsequent
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sections. This study aims to use these engagement measures to understand the impact of digital

nudges on students’ engagement with the CourseMIRROR app.

Nudge interventions
In light of the literature (Damgaard & Nielsen, 2018), nudge intervention should adhere to
the following three principles:
1. Simple: a nudge should use a language that is easily comprehensible for a large audience.
2. Cost-Effective: a nudge should not introduce additional costs to the design process.
3. Suggestive: the language of nudge should suggest the user is directed toward a desirable

behavior.

The nudges used in this study are designed based on the above-mentioned core guiding
principles. The study employed various nudge interventions, including reminder nudges, which
remind students’ of their intended behavior or action (Simmons et al., 2018), social comparison
nudges that leverage social influence by providing peer information to influence behavior (Brown
et al., 2019), interface nudges that use interface design to encourage or discourage specific
behavior (Schneider et al., 2018), throttling mindless nudges, which interrupt mindless behavior
to encourage thoughtful decision-making, and scaffolding nudges (Caraban et al., 2019), which
provide additional support to the learners for making informed decisions. All nudge interventions
used in the experiments were selected based on 1) the literature where these nudges were shown
to be effective in achieving the desired behavior as intended in the experiments, and 2) thorough
discussion with the research team to ensure whether the introduced nudge interventions were
aligned with the experiments’ goals. A detailed description of the nudges is provided in the

subsequent sections, describing each experiment.
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EXPERIMENTS

This study conducted three experiments that investigated the impact of nudging
interventions on students’ engagement with the CourseMIRROR. In this regard, each experiment
explored nudge interventions designed to improve students’ app engagement with the application’s
core purpose (Menekse et al., 2018). These core purposes are 1) facilitating student reflection
submissions, 2) increasing their visit to peer reflection summary interface, and 3) scaffolding
students to write in-depth and relevant reflections. This study was conducted in accordance and
guidance set by the Institutional Review Board (IRB) at Purdue University. Each experiment was
conducted using experimental research design and their data was then analyzed using quantitative
approaches (e.g., mean comparisons). | used IBM SPSS statistics (v. 29.0) to conduct the data
analysis. Moreover, assumption testing was performed before conducting the analysis. However,
| discussed only those assumptions that were violated in the analysis. | also discuss the alternate

analysis techniques used due to violation of certain assumptions.

Experiment 1: Facilitating students’ reflection submissions

One of the primary purposes of the application is to encourage and facilitate the students’
reflections submissions for a classroom. The literature suggests that students often tend to forget
things, and reminders nudges have proven to be effective in reminding students to complete a task
(Damgaard & Nielsen, 2018). Therefore, this study will introduce two different reminder nudge
interventions and explore their impact on the students’ submission of reflections using
CourseMIRROR app. The study hypothesizes that the employed nudges would remind students to
submit reflections and increase students’ reflection submissions. More specifically, this

experiment was guided by the following four research questions:
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1. Do students receiving neutral reminder nudges submit more reflections compared to
the students receiving no nudge?

2. Do students receiving social comparison nudges submit more reflections compared to
the students receiving no nudge?

3. What is the relative effectiveness of both nudge interventions on the students’ reflection
submissions?

4. How do the students’ reflection submissions change over time in each condition (i.e.,

neutral reminder nudge, social comparison nudge, and baseline)?

Participants

In this experiment, 181 undergraduate students from three sections of a first-year
engineering programming course (ENGR_132) at Purdue university were recruited to participate.
All of the students in the study used the CourseMIRROR application. Over the course of the
semester, participants submitted a total of 1768 reflections over 24 lectures and on average, each
student submitted around 10 reflections. | only used the students’ reflection submission
information from the first 24 lectures of each course section for the analysis. | excluded last week’s

lectures (i.e., final’s week) from the analysis due to low reflection submissions.

Reflection submissions

In this experiment, | used the students’ reflection submissions in the CourseMIRROR
application to measure students’ app engagement. The reflection submission is counted as the total
number of times a student submits the reflections for a course. For instance, if the course has 24

lectures, then the reflection submissions for a student can range from 0 — 24, answering all four
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questions in the single reflection as shown in the figure 2. Also, I did not use the partial reflection
submission by the student in the experiment. Therefore, each time a student submits a reflection
after a lecture, it indicates that they are actively using and engaging with the application. In other
words, the more frequently a student submits reflections, the higher their level of engagement with
the app. This experiment aimed to measure the effectiveness of nudge interventions to improve
students’ reflection submissions, which is a behavioral aspect of their app engagement. Also, this

experiment only used the students’ data with more than 2 reflection submissions.

Describe what was |l How confusing? (Please pick one) ] Describe what you find How interesting? (Please pick one;
confusing or needed { | most interesting in
more detail in today’s | | today's class? |
class? W sighy | 1. Slightly
2. Somewhat 1 2. Somewhat

3. Moderately | 3. Moderately

4. Mostly | 4, Mostly
|

5. Completely Il s completely

Figure 2: Reflection activity comprises of four questions in order froma - d

Nudge interventions
In this experiment, | introduced the following two reminder nudge interventions to improve

the students’ reflection submissions.
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Neutral reminder nudge

This nudge is a subtle form of digital prompting that provides non-intrusive cues to users
without making any explicit suggestions or recommendations (Simmons et al., 2018). | used this
neutral reminder nudge in the CourseMIRROR app to refocus students’ attention toward
submitting their reflections after each lecture. This intervention used push notifications to nudge
students, a pop-up message sent by a system to their mobile application. Two push notifications
were sent to students with varying levels of information to nudge them to submit reflections. The
message in both the notifications were thoroughly discussed by the research team to ensure their

validity and reliability. Following is the description of both push notifications:

Notification 1

For the first nudge, push notifications were sent to the students at the end of each lecture,
suggesting they submit their reflections. This push notification contained a message, i.e., “Lecture
(Number) is open to write a reflection for (class code)”. This nudge will be named Reminder 1.0

for future reference.

Notification 2

For the second notification, students were nudged after six hours of Reminder 1.0 with a
push notification. The second notification contained the message i.e., “Reminder! Lecture
(Number) is still open to write a reflection for (class code)”. The second reminder is used only for
those students who would not have submitted the reflection by then. This nudge will be named

Reminder 2.0 for future reference in the study.
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Social comparison nudge

This nudge uses social influence or comparison to encourage users to engage in certain
behaviors or activities (Brown et al., 2019). In this experiment, this nudge intervention is similar
to the neutral reminder nudge in reminding students through push notifications about the reflection
submission. However, unlike the neutral reminder nudge, social comparison nudge includes
information about peer behavior in the notification message, allowing students to make social
comparisons with their classmates. Therefore, students will be able to draw a social comparison
between their own behavior and that of their peers. Specifically, this nudge intervention provides
students with information on how many of their peers have already submitted their reflections after
a lecture, which can create a social norm that motivates students to engage with the app and submit
their reflections. In this experiment, this nudge is introduced twice using push notifications, same
as previous intervention. | discussed the message used in both notifications with the research team

to ensure their validity and reliability. Following are the description of designed notifications:

Notification 1

For the first nudge, the students were sent a push notification at the end of each lecture
containing a suggestive message, i.e., “Lecture (Number) is open to write a reflection for (class

code)”. This is the same as the previously discussed Reminder 1.0.

Notification 2

After six hours of Reminder 1.0, the students were nudged with a push notification to write
the reflection. The notification carried the message: “Reminder! (Percentage number) of your
peers have already submitted their reflections. Lecture (Number) is still open to write a reflection

for (class code).” Furthermore, | used 10% as a default percentage of the peers’ reflection
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submission if the reflection submissions are less than 10%. The default number of 10 were decided
by discussing it with the research team. However, | used the actual peer reflection submission
percentage in the message if the submission rate was more than 10%. This way, we tried to mitigate
students’ feelings that reflection submission is an unimportant activity. This reminder was only
sent to the students who had not submitted the reflection by six hours of Reminder 1.0. To make
it easy to reference the intervention, this nudge will be referred to as Reminder 2.1 throughout the
study.

Prior studies suggest that a digital nudge containing personalized information can be
referred to as a smart nudge (Karlsen & Andersen, 2019). In Reminder 2.1, students were provided
information about their peers’ behavior, thereby making this nudge a smart nudge. In addition to
the three core nudge principles, this study followed Karlsen & Andersen’s (2019) proposed eight
steps to design the smart nudge. Table 3 shows the steps used to design the smart nudge (Reminder

2.1) in this study.
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Table 3: Steps to design and nudge using a Reminder 2.1 (smart nudge)

Step 1 Define the goal Encouraging student to involve in the
reflection activity

Step 2 Understand the users Identify the student, either they submitted the
reflection or not.

Step 3 Understand the situation Fixed after six hours of previous nudge

Step 4 Targeting an activity Reminder for writing today’s lecture

reflection
Step 5 Calculating relevant Identify the peer students who have submitted
information the reflection
Step 6 Design the nudge Based on the percentage, we will dynamically
design the nudge message
Step 7 Present the nudge Nudge the student using the push notification
Step 8 Nudges evaluation Observing the success of the presented nudge
Procedure

In this experiment, | divided all sections of the class into three conditions by randomly
assigning students to each condition. The first condition, referred to as the baseline, did not receive
any intervention. The second condition referred to as neutral reminder nudge condition, received
reminders (Reminder 1.0 and Reminder 2.0) after each lecture. The third condition referred to as
social comparison nudge condition, received reminders (Reminder 1.0 and Reminder 2.1) after
each lecture. The reminders (Reminder 2.0 and 2.1) were only sent to students who had not
submitted reflections for the corresponding lecture. To achieve the random assignment of the
students, | randomly assigned each student to one of the conditions as they enrolled in any of the

course sections in the application. Also, the students could opt out of receiving the push
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notification at any time during the study. Table 4 shows the procedure to introduce the intervention

on the lecture day and the sample size in each condition.

Table 4: Procedure for intervention on the lecture day for each class

Nudging after  Nudging after six hours Sample size

Condition lecture end of lecture end

Baseline None None 57
Neutral reminder nudge Reminder 1.0 Reminder 2.0 67
Social comparison nudge Reminder 1.0 Reminder 2.1 57

Analysis and results for experiment 1

For research questions 1-3, I conducted a one-way ANOVA in which the within-subject
factor was conditions (baseline, neutral reminder nudge, and social comparison nudge) and the
dependent variable was the number of students’ reflection submissions in 24 lectures as app
engagement measure. The analysis aims to determine if the students’ app engagement (i.e., number
of reflection submissions) differed for conditions exposed to nudge interventions (neutral reminder
nudge and social comparison nudge) and no nudge intervention as a baseline. The data violated
the homogeneity of variances assumption, as assessed by Levene’s test of homogeneity of
variances (p = 0.036). Therefore, we used Welsh’s one-way ANOVA analysis, which is robust to
violations of this assumption. The analysis result showed significant differences in students’
reflection submissions among conditions, as indicated by Welch’s F (2,115.207) = 11.019, p <
0.001. As shown in figure 3, the mean of students’ reflection submissions increased in the
following order: from baseline to scaffolding nudge and then to social comparison nudge

condition.
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Figure 3: Mean of students’ reflection submissions for each condition

Furthermore, | conducted pairwise comparisons using the Games-Howell method to see
differences in the student’ reflection submissions between conditions. Reflection submission of
students in the social comparison and neutral reminder nudge conditions was significantly different
from the baseline condition, and other comparisons were non-significant. Table 5 shows mean

differences and p values for all comparisons.
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Table 5: Result for pairwise comparison using Games Howell method

Comparisons Mean difference p value
Neutral reminder nudge vs Baseline 2.07 0.006*
Social comparison nudge vs Baseline 3.28 <0.001**
Social comparison nudge vs Neutral reminder 1.20 0.30
nudge

*, ** indicate significant at p < 0.05 and p < 0.001, respectively.

To further understand the impact of nudging interventions on the students’ reflection
submissions, | explored the differences in students’ reflection submissions both within (for
research questions 1-3) and over time points (for research question 4). For the time points, | divided
the lecture data into three equal time points, namely, lectures 1-8 (time point 1), 9-16 (time point

2), and 17-24 (time point 3).

Interventions impact within timepoints

Three separate one-way ANOVA were conducted for each time point to see the
effectiveness of nudge interventions on the students’ reflection submissions. The dependent
variable in all analyses for each time point is the average of students’ reflection submissions during
that time. For time points 1 and 2, the one-way ANOVA assumption of homogeneity of variance
was violated as shown by Levene’s test (p < .05). Therefore, a more robust alternative, the Welch
ANOVA test, was used instead. The results of the Welch ANOVA test revealed no significant
difference in the students’ reflection submissions among conditions, F (2,114.982) = 2.50, p =
0.086 for the time point 1, while a significant difference existed in the students’ reflection

submissions among conditions for the time point 2 as indicated by, F (2,116.339) = 4.72, p = 0.01.
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For time point 3, the one-way ANOVA results revealed a significant difference in the students’
reflection submissions among conditions, F (2,178) = 4.52, p = 0.012.

I conducted a follow-up comparison to investigate the differences between the conditions
at time points 2 and 3, as the students’ reflections indicated significant variations between
conditions during these time points. For time point 2, pairwise comparisons were conducted using
the Games-Howell test, and it was found that the mean of students’ reflection submissions in the
social comparison nudge condition was significantly higher as compared to the baseline condition.
However, the mean students’ reflection submissions in the neutral reminder nudge condition were
similar to the other two conditions. Table 6 shows the mean differences and p values for all

comparisons.

Table 6: Result for pairwise comparison using Games Howell method for time point 2

Comparisons Mean difference p value
Neutral reminder nudge vs Baseline 0.51 0.323

Social comparison nudge vs Baseline 1.21 0.008*
So(cjial comparison nudge vs Neutral reminder 0.69 0.212

nudge

* Indicate significant at p < 0.05.

For time point 3, pairwise comparisons were conducted using the Bonferroni method and
it was found that students’ reflection submissions were significantly higher in the neutral reminder
and social comparison nudge conditions as compared to the baseline condition. Table 7 shows the

mean differences and p-values for all comparisons.
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Table 7: Result for pairwise comparison using Bonferroni method for time point 3

Comparisons Mean difference p value
Neutral reminder nudge vs Baseline 0.99 0.021*
Social comparison nudge vs Baseline 0.94 0.040*
Social comparison nudge vs Neutral reminder -0.04 1.00
nudge

* indicate significant at p < 0.05.

Overall, the mean of students’ reflection submissions at each time point for each condition

is displayed in figure 4.

4.5

35

25
1.5
0.5

0

Lecture 1-8 Lecture 9-16 Lecture 17-24

w

N

[N

M Baseline  m Neutral reminder nudge  ® Social comparison nudge

Figure 4: Mean of students’ reflection submissions at each time point for conditions

Figure 4 clearly indicates that students in the social comparison nudge condition had the

highest number of reflection submissions at each time point, followed by the reminder condition.
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This suggests that the social comparison nudge was the most effective intervention in this

experiment to improve student reflection submissions.

Interventions impact over time points

For research question 4, | conducted three separate one-way repeated measures ANOVA
for each condition to see the change of students’ reflection submissions over timepoints. For the
baseline condition, the result revealed statistically significant differences in students’ reflection
submissions over three time points, F (2, 112) = 4.661, p = 0.01. For the students in the neutral
reminder and social comparison nudge condition, the data violated the assumption of sphericity,
as assessed by Mauchly’s test of sphericity, ¥2(2) = 17.56, p < 0.001, ¥2(2) = 14.092, p < 0.001
respectively. | interpreted the result of one-way repeated measures ANOVA with Greenhouse and
Geisser correction. The mean of reflection did not reveal statistically significant differences over
time points in the reflection submission for the students in the neutral reminder nudge condition,
indicated by F (1.617, 106.732) = 2.620, p = 0.089. For the social comparison nudge condition,
the analysis revealed statistically significant differences in students’ reflection submissions over
the three time points, F (1.63, 91.35) = 4.708, p = 0.017.

Furthermore, | conducted the pairwise comparison with a Bonferroni adjustment for the
conditions showing significant differences over time in the students’ reflection submissions. For
the baseline condition, the analysis revealed a statistically significant increase from first to second
time point, decrease in the second to third time point, while all the other time point combinations

showed a non-significant difference in the students’ reflection submissions, as shown in table 8.
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Table 8: Result for pairwise comparisons using Bonferroni method for baseline condition

Time points Mean difference p value
2vs1 0.71 0.034*
3vsl -0.21 1.00

3vs2 0.93 0.016*

* indicate significant at p < 0.05.

For the social comparison nudge condition, pairwise comparison with a Bonferroni
adjustment revealed that there was a statistically significant increase in the reflection submissions
from first to second time point, and second to third time point, but all the other time points

combinations showed non-significant differences in the reflection submissions as shown in table

9.
Table 9: Result for pairwise comparisons using Bonferroni method for social comparison
nudge condition
Time points Mean difference p value
2vs1l 0.98 0.018*
3vsl 0.21 1.00
3vs2 1.193 0.009*

* indicate significant at p < 0.05.

Overall, figure 5 shows the change of students’ reflection submissions over time for each

condition.
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Figure 5: Mean of students’ reflection submissions for conditions over time points

Figure 5 shows that the mean of students’ reflection submissions in each condition varied
over time. However, the students in the social comparison nudge condition at all time points
submitted more reflection submissions, followed by the neutral reminder nudge condition, and

then the baseline condition.

Discussion for experiment 1

The finding of this experiment showed that the social comparison and neutral reminder
nudge interventions had a significant impact on the number of students’ reflection submissions in
the CourseMIRROR app over the semester. In addition, the pairwise comparisons showed that the
students’ reflection submissions in both nudge interventions conditions were significantly higher
than the baseline condition. However, there was no significant difference in the mean of students’
reflection submissions between the social comparison and neutral reminder nudge conditions.
These findings suggest that both nudge interventions were effective in improving the students’

reflection submissions. Figure 4 showed that the mean of students’ reflection submissions
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increased in the following order: from baseline to neutral reminder nudge, and then to social
comparison nudge condition. This finding provides evidence that nudging interventions can be
effective at increasing students’ engagement with educational apps, specifically the tasks needing
a reminder. Moreover, social comparison nudges were particularly effective to engaging the
students in refocusing their attention to reflection submissions in the app.

In addition to the between-condition analysis, | also explored the differences in students’
reflection submissions within and across time points. | split the lecture data into three equal time
points. Within timepoint, the analysis revealed that there were no significant differences in
reflection submissions among conditions at time point 1. However, at time point 2, students in the
social comparison nudge condition submitted significantly more reflections compared to other
conditions. Furthermore, at time point 3, students in both nudge intervention conditions submitted
significantly more reflections compared to the baseline condition. In other words, the students at
the start were submitting the reflections equally in each condition. However, as the semester
progressed, nudging intervention became effective in reminding them to submit reflections. This
finding is consistent with the literature that suggests nudges can have a long-lasting impact on
students’ behavior. For example, a study by Castleman and Page (2015) found that sending
targeted text message reminders to college students significantly increased their likelihood of
completing financial aid forms. Moreover, the effects of these nudges persisted for several months,
even after the intervention ended.

Across time points, the mean of students’ reflection submissions were significantly
different across time points. Specifically, the mean of reflection submission increased from time
point 1 to time point 2 and then significantly decreased further in time point 3 for students in the

social comparison and baseline condition over time in a semester. However, the students’ in the
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neutral reminder nudge condition were submitting reflections equally over time in the semester.
Overall, these findings suggest that the students’ engagement with the CourseMIRROR app
increased from first to second time point and then decline in the later stages of the course. This
trend means that the effectiveness of nudging interventions may be dependent on the engagement
stage, with engagement increasing over time but plateauing in the later stages. One probable
explanation is that students may undergo distinct phases of engagement throughout the duration
of the course (O’Brien & Toms, 2008). The literature suggests that app engagement has different
phases which includes a period of engagement, disengagement, or re-engagement (Doherty &
Doherty, 2018). Therefore, it is possible that the students are in the stage of disengagement towards
the end of the semester.

In this analysis, there was a trend of an increase in the first to second timepoint and then a
decline in the mean of reflection submissions for students in all conditions. However, students in
the social comparison nudge condition always submitted more reflections at all time points across
conditions, as shown in figure 4. The reason could be that the neutral reminder nudge did not
provide any additional information or feedback to the students other than reminding them and thus
may not have been as effective at motivating engagement. These findings are consistent with the
previous literature demonstrating the effectiveness of social comparison, and neutral reminder
nudges in reminding students to complete a task (Castleman & Page, 2015, 2016, 2017; Unkovic
et al., 2016). In the context of social comparison nudges, prior studies have investigated the use of
social comparison nudges in various contexts, including education, health, and environmental
sustainability, and have found that they can be effective in motivating individuals to change their
behavior. For instance, Franklin Jr et al. (2022) conducted a study to test the impact of different

digital nudges on the use of the Diagnostic Assessment and Achievement of College Skills
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(DAACS) suite. The study found that a nudge providing information about the success of previous
students who used DAACS previously resulted in increased engagement (i.e., completion of
assessment) with the suite.

Another study found that social comparison nudges based on an interactive visualization
of multiple behavioral indicators from past successful learning increased the completion rates of
the Massive Open Online Course (MOOQOC; Davis et al., 2017). Similarly, the effectiveness is also
aligned with social comparison theory (Van Lange et al., 2011), which suggests that individuals
often use social comparisons to evaluate their own abilities and performance. The social
comparison nudge in this study provided students with information about the number of reflections
submitted by their peers, which may have motivated them to engage more with the app to keep up
with or surpass their peers.

The findings of this experiment related to neutral reminder nudges are aligned with prior
literature, showing the effectiveness of a neutral reminder nudge in improving students’
engagement with educational apps. For example, Pham et al. (2016) found that sending reminder
nudges to students increased their engagement with a language learning app. The nudges included
notifications about upcoming tasks and encouraging messages to motivate students to continue
using the app. Similarly, Motz et al. (2021) found that sending reminder nudges to students
improved their engagement with an online Course. The nudges included information about the
students’ progress in the course, upcoming deadlines, and encouraging messages.

The effectiveness of reminder nudges is aligned with the Self-Determination Theory (Ryan
& Deci, 2000), as it provides learners with a sense of autonomy by reminding them of the task
they need to complete and giving them a choice to act on it. Reminder nudges may be perceived

as providing learners with a sense of autonomy by reminding them of the task they need to

81



complete and giving them a choice to act on it. The reminder nudge may also enhance their sense
of competence by providing a cue to initiate the action and, thus, help them to achieve their goals.
Additionally, the reminder nudge may help promote relatedness by reinforcing the connection
between learners and the educational technology platform, making them feel more engaged with
the platform and more likely to use it in the future.

Although the findings are consistent with the broad educational technology literature, there
are some exceptions that are worth noting. One previous study by Brown et al. (2019) used a web-
enabled coaching system to implement online personalized social comparison nudges. In their
study, they alerted the students about the behavior of their peers that have outperformed them. This
way, the intention was to increase the students’ interaction with the application and, in turn,
improve their academic performance. The study didn’t find any significant difference on the
students’ assignment access or performance. In contrast, the present study found that the social
comparison nudge was the most effective intervention in promoting app engagement. The
ineffectiveness of social comparison nudges in the Brown et al. (2019) study could be attributed
to the nature of the task, as the students were being graded on their attempted assignment.
Conversely, in this experiment, the task was not graded and did not contribute to their final grade.
Therefore, it can be argued that the nature of the task influences the effectiveness of the social
comparison nudges in educational apps.

Similarly, the literature broadly discusses the effectiveness of reminder nudges (Pham &
Chen, 2018; Sherr et al., 2019; Simmons et al., 2018). However, some studies have raised concerns
about their ability to change behavior, as they may also serve as a source of disruption (Cutrell et
al., 2001) for the user. The term "source of disruption” refers to the fact that everyday users receive

many reminders in the form of push notifications (Pielot et al., 2014) from different app sources,
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which can lead to them ignoring the application or even deleting it altogether. For instance, Weston
et al. (2015) examined the use of reminder nudges to improve patient engagement with health-
based educational apps. The patients were educated on health to make informed decisions and
were nudged three times to play a quiz during the game. While the initial nudge was successful in
increasing user participation, subsequent nudges were not effective. Similarly, another study
(Pham et al., 2016) found that overuse of reminder nudges through push notifications can have a
negative impact on student engagement with the application. In this experiment, | was careful to
avoid excessive use of reminder nudges. Specifically, | refrained from sending a second push
notification to students who had already submitted their reflection if they have already submitted
the reflection in case of both nudge interventions. This decision contributed to the effectiveness of
both interventions, as they may not have caused disruption but served as reminders to submit
reflections.

Overall, the current experiment showed that social comparison and neutral reminder
nudges could effectively improve app engagement, in our case, it was students’ reflection
submissions. However, the effectiveness of these nudges may vary depending on factors such as
the context and the target population. Specifically, this study focused on improving reflection
submissions in the CourseMIRROR app within a classroom setting, while previous studies targeted
tasks (e.g., completion of quiz, accessing the interface, or improving academic performance) in
commercial apps, learning systems, or online MOOCs. The students in this experiment attended
classes and observed the behavior of their peers and instructors, which could have influenced the
effectiveness of the nudges. Therefore, it is possible that these nudges may not be effective for all
students or in all educational settings. For example, some students may not respond well to social

comparison or reminder nudge and may instead be more motivated by other types of nudges, such
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as feedback or goal-setting nudges. Therefore, it would be interesting to consolidate these findings

by exploring the introduced nudge interventions’ effectiveness in different educational settings.

Experiment 2: Supporting students’ reflection summary views

Another purpose of the application is to encourage students’ learning by showing peers’
reflection summaries. The effectiveness of the CourseMIRROR application relies on the student
viewing the reflection summaries as it enables them to gain new perspectives and insights about
their learning while helping them understand their classmates’ challenges (Luo et al., 2015).
Therefore, this study has explored nudge interventions used in the broader nudge literature that
can navigate the user toward particular content (Schneider et al., 2018) in the digital environment.
The two nudge interventions that have been used for this purpose are interface nudge and reminder
nudge interventions in the broader literature (e.g., Brewer & Jones, 2015; Caraban et al., 2019;
Phametal., 2016; Pham & Chen, 2018). Therefore, this study introduced these nudge interventions
to explore their impact on the student reflection summary views, a behavioral aspect of app
engagement. The study hypothesizes that the employed nudges would increase students’ reflection
summary views. More specifically, this experiment was guided by the following four research
questions:

1. Do students receiving summary reminder nudges visit the reflection summary
interface more often than those who do not receive nudges?

2. Do students receiving interface nudge visit the reflection summary interface more
often than those who do not receive nudges?

3. What is the relative effectiveness of both nudge interventions on the students’

number of visits to the reflection summary interface?
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4. How do the students’ reflection summary interface views change over time in each

condition (i.e., summary reminder nudge, interface nudge, and baseline)?

Participants

In this experimental study, | recruited 266 students from four sections of an undergraduate
first-year engineering programming course (ENGR 132) at Purdue University. All the study’s
participants used the CourseMIRROR application and submitted reflections throughout the
semester. We focused on 24 lectures for three sections and 15 for one section. To merge the data,
we used linear transformation to give weight to the data from the section with 15 lectures. | have

discussed the linear transformation in the reflection summary view section of the experiment.

Reflection summary views

In this experiment, | used the students’ reflection summary views in the CourseMIRROR
application to measure their app engagement. The CourseMIRROR application is designed to
engage students in reflection activity for a classroom. One feature of the application is to create a
reflection summary after students have submitted their reflections using the application and make
it available to the students (see an example of the reflection summary interface in figure 1d).
Students are expected to see the reflection summary and understand their peer’s difficulties and
misunderstandings related to the lecture, a critical component for the effectiveness of the
application on students’ learning (Menekse et al., 2018). This experiment aimed to see the
effectiveness of nudge interventions to encourage students’ visits to the reflection summary
interface for improving behavioral app engagement. Hence, the students’ reflection summary

views are used as an app engagement measure.
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Reflection summary views provide a measure of the level of interaction between the
students and the application. Therefore, if the students see the reflection summary interface
frequently, it shows a higher level of app engagement. For this experiment, I implemented a feature
in the application that kept track of whether the student visited the reflection summary interface at
least once for a particular lecture. Reflection summary views are measured for the experiment, as
the sum of student visits (yes/no) to the summary interface. For instance, if the course has 24
lectures, and the student visits the reflection summary of every lecture at least once, the
summarization views will be 24.

Furthermore, | have one class section that has 15 lectures while all other class sections have
24. To combine the reflection summary views data, | performed a linear transformation to assign
equal weightage to the students’ reflection summary views in the section with 15 lectures as the

other sections has 24 lectures, using the following formula:

(old_value — old_min) * (new_max — new_min)

new_value =
- (old_max — old_min) + new_min

For instance, if a student accessed the reflection summary interface during six out of the
15 total lectures, we would set their old_min (minimum number of summary interface visits) value
to 0 and old_max (maximum number of summary interface visits) value to 15. To adjust their
range to 0 as the new_min value and 24 as the new_max value, we applied the linear transformation
and got a new value of 9.6. This approach allowed to adjust the weightage of the reflection
summary views for the classes with 15 lectures, whether considering the total reflection summary

views in a semester or dividing the data into multiple time points.
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Nudge interventions

In this experiment, | introduced the following two nudge interventions and explored their

impact on the student reflection summary views.

Summary reminder nudge

This reminder nudge intervention helps students to refocus their attention on the
availability of the lecture’s reflection summary and encourages them to visit the reflection
summary interface to review their peers’ reflections, reinforcing their learning experience. By
providing a timely and specific reminder, students are more likely to engage with the reflection
summary interface, leading to increased interaction with the application and, ultimately, greater
student app engagement.

In this experiment, the system nudged the students using push notifications once the
reflection summary of the lecture became available in the mobile app. The reflection summary
becomes available when the reflection writing time is over and more than five students’ reflections
are submitted for the lecture. The application nudged students using push notification with a
general message, i.e., “The reflection summary is available now for the lecture (Number) of (class
code).” The message used in the notifications was discussed with the research team to ensure their

validity and reliability.

Interface nudge

In this nudge intervention, the application interface is designed to highlight the presence of
the desired option and nudges the users for its selection (Brewer & Jones, 2015), usually referred
to as reinforce nudge. However, | will refer this nudge as an interface nudge to make it more

intuitive for the reader as it involves interface redesign. In this experiment, interface nudges were
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introduced by redesigning the application’s current lecture screen (as shown in figure 6a) in a way
that makes the availability of summarization lectures more prominent to the students. The modified
lecture interface used for this experiment categorizes the lecture tabs into available lectures
(contains lectures with available summaries) and remaining lectures (contains closed and
upcoming lectures), as shown in figure 6b. By using the interface nudge, students are more likely

to visit the reflection summary interface, resulting in increased app engagement.

a) b)

Summary available lectures

1 Feb 01, 2022

2 Feb 07, 2022

3 Feb 14,2022
4

Feb 16, 2022

Remaining lectures
4 Feb 20, 2022

& Feb 24,2022

Figure 6: Default lecture interface (a) and Lecture interface nudge (b)

Procedure

In this experiment, | divided four sections of the class into three conditions and randomly
assigned the students to one of three conditions: one condition received a summary reminder
nudge, another condition received an interface nudge, and the third condition served as a baseline
and received no nudge. For the random assignment, the students are assigned to one of the

conditions upon enrolling in any section of the course. I will refer the condition by their received
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nudge intervention in this experiment. Table 10 shows the participant distribution in each

condition.
Table 10: Distribution of students in each condition
Condition Sample size
Baseline 97
Interface nudge 82
Summary reminder nudge 87

Analysis and results for experiment 2

For research questions 1-3, | conducted the one-way ANOVA analysis to see the impact of
nudge interventions on the students’ visits to the reflection summary interface of the
CourseMIRROR application. 1 used a non-parametric alternative of One-way ANOVA, i.e.,
Kruskal-Wallis h test as the data didn’t satisfied the normality assumption of the analysis.
Distributions of students’ reflection summary views were similar for all conditions, as assessed by
boxplots. The analysis revealed that there is no significant difference in the students’ reflection
summary views among conditions, as indicated by ¥2(2) = 1.316, p = .518.

Furthermore, 1 was interested to see if the nudge intervention has had an impact on the
student’s reflection summary views within each time point (for research questions 1-3) and over
time points (for research question 4). For the time points, | split the lecture data with 24 lectures
into three equal time points, namely, lectures 1-8 (time point 1), 9-16 (time point 2), and 17-24
(time point 3). For the section with 15 lectures, | performed the linear transformation (using the
formula explained in the reflection summarization view section) to give equal weight to students’

reflection summary views in each time point by splitting the class into three time points namely,
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lecture 1-5 (time point 1), 6-10 (time point 2), and 11-15 (time point 3). Then, | merged both data

from sections with 24 and 15 lectures.

Interventions impact within time points

To inform the study, I conducted three separate one-way ANOVA tests to see the difference
in students’ reflection summary views among conditions (baseline, interface nudge, and summary
reminder nudge) within each time point in the semester. A non-parametric alternative, Kruskal-
Wallis H test, was used as the one-way ANOVA assumption of normality was violated for each
time point. Distributions of students’ reflection summary views similar for all conditions at each
time point, as assessed by boxplots. The analysis result revealed that students’ reflection summary
views were not significantly different among conditions, ¥2(2) = 3.36, p = .186, ¥2(2) = 1.80, p =

407 and ¥2(2) = 3.12, p = .210 for time point 1, 2, and 3, respectively.

Interventions impact over time points

For research question 4, | used the same time points as above and conducted three separate
Freidman tests for each condition to see the change of reflection summary views over time for
each condition as data didn’t meet the normality assumption of one-way repeated measure
ANOVA. The results of the Freidman test indicated that there were statistically significant
differences in students’ summarization views at the three timepoints, ¥2(2) =49.42.039, p <0.001,
¥2(2) = 99.10, p < 0.001, and %2(2) = 66.382, p < 0.001 for students in the baseline, interface
nudge, and summary reminder nudge conditions. Similarly, the post hoc analysis of all conditions

shows that the reflection summary views significantly decrease over time as shown in table 11.
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Table 11: Median of reflection summary views over time in each condition

Time pointl  Time point2 Time point 3

Condition Median values for reflection summary views p values

Baseline 1.00 0.00 0.00 <0.001**
Interface nudge 1.00 0.00 0.00 <0.001**
Summary reminder nudge 1.00 0.00 0.00 <0.001**

** indicate significant at p < 0.001

Discussion for experiment 2

The findings of this experiment revealed that both nudge interventions, interface, and
summary reminder nudge, did not significantly impact students’ engagement with the reflection
summary interface of the CourseMIRROR application. The analysis showed no statistically
significant differences in the students’ reflection summary views among conditions, indicating that
the nudge interventions did not influence the students’ engagement with the application. This
finding contradicts our initial hypothesis that the nudge intervention would increase students’
engagement with the reflection summary interface of the app.

| also explored the impact of interventions on the students’ reflection summary views
within and across three time points in the semester. Within time point, the results indicated that
there were no significant differences in reflection summary views among conditions at each time
point. This analysis contradicts the finding of the experiment 1, where neutral reminder nudge was
effective in increasing the students’ reflection submissions. Across time points, there was a
statistically significant decrease in reflection summary views over time for all three conditions.
This finding is consistent with previous research suggesting that students tend to lose interest in

using educational apps over time (Pham & Chen, 2018).
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The findings of this experiment on the interface nudge is not consistent with the existing
broader literature on its’ impact on students’(or general user) navigational behavior towards a
particular content. Fitz-Walter et al., (2012) examined interface changes aimed at improving
student engagement with an application designed to help university orientation. Their study
revealed an increase in student engagement with the application. Similarly, another study
(Gorissen et al., 2015) examined the impact of a of a tagging interface on student navigation of
recorded lectures, finding that students who used the interface became more engaged with the
videos and scored higher grades than those who used the regular interface. Also, the tagging
interface helped students locate relevant parts of the lectures more efficiently. Despite the positive
impact of interface nudges found in some studies, there are few studies that show non-significant
results. Bowen et al. (2018) evaluated the effectiveness of interface nudges in two versions of a
LibGuide. The study compared a longer, complex menu with more accessible course-related
information to a shorter, simpler menu with less accessible information. The results showed that
students needed equal time to reach for required course content.

In the context of the reminder nudge, most studies have shown the effectiveness of the
reminder nudge in influencing the students’ behavior (e.g., Dobronyi et al., 2019; Simmons et al.,
2018). For instance, Pham & Chen, (2019) implemented the push notification to increase students’
app engagement with the mobile application, i.e., PACARD (Personalized Adaptive CARD-based
interface). Their result revealed that nudging the students through push notifications increases the
students’ session counts (i.e., number of app used at one time by a single user), duration of use,
and app retention (i.e., continuous use of the app). However, few studies discussed how reminder
nudges could be ineffective in improving students’ engagement with the educational app (Cutrell

etal., 2001).
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There are several possible explanations for the non-significant results found in this
experiment. One possible explanation is that the students did not find the nudge interventions used
in the experiment compelling enough or relevant to their learning. This could have resulted in
students ignoring the prompts and continuing with their usual study habits. Also, the engineering
class used for this experiment has well-aligned course learning content, assessment and pedagogy
and students generally have clear expectations, as a result, they generally do well in the course.
This might lead them to believe that they will do fine in the class without engaging in the reflection
activity implemented through CourseMIRROR app. Hence, a class that has a greater variety of
performance might provide clearer results. Another possible explanation is that the reflection
summary interface itself was not engaging or useful for the students, which could have led to a
less frequent use than expected. For instance, | redesigned the lecture interface in such a way that
the lectures with available reflection summaries were displayed separately, making them more
prominent for students to approach as shown in figure 5b. The interface redesign for the nudge
likely allowed students to ignore the lectures with available summaries as they may not have
perceived them as useful for their learning. It is also possible that the sample size used in this study
was not large enough to detect significant differences among conditions. A larger sample size
might be needed to provide more statistical power and to detect smaller differences among
conditions that could be meaningful.

These alternative explanations have several implications for future research. First, it is
important to design nudge interventions that are relevant and compelling to students and that are
tailored to their learning needs and preferences (Lembcke et al., 2019). Secondly, future research
should investigate alternative ways of encouraging students to engage with reflection summaries,

such as incorporating gamification elements or personalization features. Thirdly, future research
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should also consider using larger sample sizes to increase the statistical power of the study and to
detect smaller differences among conditions. Finally, subsequent study from this experiment could
be to qualitatively explore the reasons behind the nudge ineffectiveness to increase the reflection
summary visits in the CourseMIRROR app. Similar approaches can be used by other studies
exploring the impact of nudge interventions on the students’ behavior to use multiple data sources

for triangulating their findings.

Experiment 3: Scaffolding students to generate specific reflections

The CourseMIRROR application is specifically designed to facilitate the reflection writing
process, and gather comprehensive reflections from students (Fan et al., 2015). Therefore, it is
essential that students are able to provide relevant and in-depth reflections. This is a critical aspect
of the application, as it relies heavily on the quality of reflections submitted by students. Therefore,
it is imperative that students are able to write reflections thoughtfully and with careful
consideration in the application. To achieve this, the experiment aims to help students in writing
comprehensive reflection using the nudges, and in doing so, improve their app engagement.

In nudge literature, scaffolding and throttling mindless nudges have proven effective in
providing real-time feedback to the users, which helps them to re-evaluate their thought processes
and make informed decisions (Brown et al., 2019; Fritz, 2017). Hence, this experiment aimed to
examine the impact of these two nudges to encourage students to write more detailed and
comprehensive reflections in the CourseMIRROR application. The study hypothesized that the
designed nudges would encourage students to rethink their reflection writing process and write
more relevant and lengthy reflections, ultimately leading to improved cognitive and behavioral

engagement with the app. This experiment is guided by the following four research questions:
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1. Do students receiving a scaffolding nudge show improvement in the specificity and length
of their reflections compared to those receiving no nudge?

2. Do students receiving a throttling mindless nudge show improvement in the specificity and
length of their reflections compared to those receiving no nudge?

3. What is the relative effectiveness of the scaffolding and throttling nudges on the specificity
and length of students’ reflections?

4. How do the students’ reflection specificity and text length change over time in each

condition (i.e., scaffolding nudges, throttling mindless nudges, and baseline)?

Participants

In this experiment, 317 students from six sections of an undergraduate introductory first-
year engineering programming course (ENGR_132) at Purdue university voluntarily participated
in the study. The participating students used the CourseMIRROR app and submitted the reflection
throughout the semester. For the analysis, | only included students who had submitted at least two
reflections throughout the semester in the class. All participating students submitted a total of 3891
reflections. | focused on the reflection specificity of 24 lectures for each section of the course and

excluded last week’s lectures, as they had low reflection submissions.

Engagement measures

In this experiment, reflection specificity score and reflection text length were used as an

engagement measures. The description of them are as follows:
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Reflection specificity score

The application asks the students to reflect on the confusing or interesting aspects after
each lecture. Students must answer four reflection questions after one another in a single reflection

submission, as shown in table 12.

Table 12: Reflection questions details

Question order Question prompt Question type

1 Describe what was confusing or needed more Open-ended question
details in today’s class?

2 How confusing? [Please pick one] Survey question
1.Slightly 2. Somewhat 3. Moderately
4. Mostly 5. Completely

3 Describe what you found most interesting in Open-ended question
today’s class?

4 How interesting? [Please pick one] Survey guestion
1. Slightly 2. Somewhat 3. Moderately
4. Mostly 5. Completely

To inform the study, we utilized a natural language processing (NLP) algorithm (see
detailed description in appendix A) to calculate the reflection specificity score of the students’
open-ended reflections submission. This reflection specificity score provides the extent to which
reflection is relevant to prompt and lecture (Butt et al., 2022). This score provides valuable insight
into the student’s cognitive engagement with the app, as it reflects how well they can synthesize
their learning experience in the lecture and reflect on it. For instance, when students receive a high
reflection specificity score, it indicates that their reflection is directly relevant to the lecture content

and reflection prompts. This, in turn, suggests that the student is highly engaged with the
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application. Therefore, the reflection specificity score can be used as a cognitive app measure for
the analysis.

My colleagues and | evaluated the agreement of the score evaluated by the NLP algorithm
and human coders when evaluating the specificity of the reflection data. The result revealed a high
level of agreement using Cohen’s kappa as indicated by k (NLP) = 0.775 and « (NLP) = 0.773
with human coding for each set of reflection data discussing the interesting and confusing lecture’s
aspect (Butt et al., 2022), respectively. This high agreement indicates that the reflection specificity
algorithm can be used to measure specificity score of the students’ reflection. Hence, for this
experiment, | used average reflection specificity scores of students’ reflections evaluated by the

NLP algorithm as a cognitive app engagement measure.

Reflection text length

Throughout the semester, after each lecture, students are prompted to provide textual
responses to two open-ended questions, as shown in table 12. The study used the length (i.e.,
number of words) of the students’ written reflections to measure app engagement. The reflection
text length provides valuable insights into how frequently students are interacting with the app (in
our case, reflection writing activity) and their willingness to take the time to reflect on what they
have learned.

Lengthier students’ reflections suggest that they are engaged with the app and are taking
the time to reflect on their learning. The effectiveness of CourseMIRROR apps depends on
students’ readiness to put in the time and effort necessary to reflect in-depth on their learning
experience. On the other hand, students writing shorter or shallow detailed reflections may show
that the app is not holding the student’s focus or that they are not completely engaged. Therefore,

reflection text length can be used as an app engagement measure to effectively understand the
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students’ meaningful interaction in the CourseMIRROR app. By analyzing the length of students’
written reflections, the study can better assess the impact of the designed nudges on students’

cognitive and behavioral app engagement.

Nudge interventions

This study explored the impact of the following two nudge interventions to improve the

reflection specificity and text length of the students.

Throttling mindless nudge

In this nudge intervention, the users are given a pause to re-evaluate their decision (Wang
et al. 2014). This study used this nudge intervention by providing students with a pause using an
alert dialogue box, containing a scaffolding message in the application. Also, there are two options
in the alert dialogue box to choose from: “Proceed”, and “Ok! I will revise it” (see example in the
figure 7). The students can select one option to move forward. If they choose “proceed” option,
they will move to the next question. On the other hand, if they choose the other option (“Ok! I will
revise it”), the students will stay on the same question interface and revise the reflection before
moving on to the next question. This pause and the scaffolding message are intended to help
students re-evaluate their response to the open-ended reflection question before proceeding to the
next question. This can help students to think more deeply and critically about the question and
the lecture content, which can improve the quality and length of their responses.

In addition, the scaffolding messages used in the alert dialogue box are designed to provide
students with specific guidance to improve their reflection specificity score (see an example of
nudge in figure 7). By providing tailored guidance, the scaffolding message can help students to

write thoughtful, and detailed reflections, which can be seen in the text length and specificity of
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their reflection. Therefore, when a student responds to reflection question and proceeds to the next
question in the reflection activity, the application evaluates the reflection specificity score using
an NLP algorithm through an API. The API evaluates the students’ textual reflections and scores
them with a value ranging from 1 to 4 (4 being the high relevance and 1 being the shallow relevance
to the lecture and reflection prompt). If the reflection quality score is less than or equal to 2, then
the application gives an alert with a scaffolding message. The scaffolding message is decided based

on the reflection specificity and question being asked, as shown in table 13.

Table 13: The messages used for the throttling mindless nudge

Reflection quality

Reflection questions

1 2
Describe what was Please tell us what you found  Your feedback is valuable,
confusing or needed more  confusing or unclear in today’s  please provide additional
details in today’s class? class. details.
Describe what you found Please tell us what you found  Your feedback is valuable,
most interesting in today’s interesting or important in please provide additional
class? today’s class" details.

Figure 7 shows the throttling mindless nudge in the CourseMIRROR application.
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Describe what was confusing or

need more details in today’s
class?

lal

Figure 7: Alert for throttling mindless nudge

Scaffolding nudge

In this nudge intervention, users are provided with constant feedback to help them make
informed decisions about their behavior (Fancsali et al., 2021). In this experiment, students are
nudged by providing real-time feedback using the scaffolding messages, and color bar during their
reflection writing process in the app, as shown in figure 7. By providing feedback during the
reflection writing process, students can receive immediate guidance on improving their responses,
reducing the cognitive load of having to self-assess their writing. Thus, guiding them to improve
the reflection specificity and provide an in-depth reflection.

In addition, the constant feedback is based on the reflection specificity score by an NLP
algorithm through API. This real-time scaffolding messages intends to help students write relevant,
more thoughtful, and detailed reflection, which can be reflected in the text length and reflection
specificity score. The API using NLP algorithm provides a specificity score ranging from 4 (highly
relevant to the lecture and reflection prompt) and 1 (shallow relevance to the lecture and reflection
prompt). The scaffolding messages and color bar changes in a real time changes based on these

reflection questions and specificity score, as shown in table 14.
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Table 14: Rubric to select color code and scaffolding message

Reflection question

Describe what was Describe what you found
Reflection confusing or needed more most interesting in today’s
specificity Color code details in today’s class? class?
1 Red Please tell us what you Please tell us what you
found confusing or found interesting or
unclear in today’s class.  important in today’s class
2 Yellow Your feedback is valuable, please provide additional
details.
3 Blue Sounds good, can you Sounds good, can you
please tell us why it is please tell us why it is
confusing? interesting?
4 Green Great, thanks!

Figure 8 (a-d) shows the possible combination of scaffolding message and color coding for

the confusing question, asking students to reflect on the confusing aspects of the lecture:
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Describe what was confusing or ||l Describe what was confusing or |l Describe what was confusing or ‘Ml Describe what was confusing or
need more details in today’s need more details in today’s need more details in today’s need more details in today’s
Il class? Il class? Il class?

‘Your feedback is valuable, please provide | Sounds good, can you please tell us why it is[lil |
additional details. (|l contusing? | Great, thanks!

The lecture was confusing. The lecture was confusing. | was a bit confused at first
I didn’t understand the by the equation to find a
loop and how to implement it

in the excel sheet.

Figure 8: Example of scaffolding nudge while students reflect on the confusing aspect of
the lecture

Procedure

In this experiment, six sections of the FYE class were divided into three conditions. The
first condition, referred to as the baseline, received no intervention. The second condition, known
as scaffolding nudge condition, received the scaffolding nudge. The third condition, throttling
mindless nudge, received the throttling mindless nudge. | will refer the condition by their
intervention name. Students were randomly assigned to one of the conditions as they enrolled in
any of the course sections in the application. To inform our analysis, we selected 24 lectures in a
semester for each course section. Table 15 shows the distribution of students in each experimental

condition.
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Table 15: Distribution of students in each condition

Condition Sample size
Baseline 105
Scaffolding nudge 106
Throttling mindless nudge 106

Analysis and results for experiment 3

In the analysis, the effectiveness of the nudges was separately evaluated using both
engagement measures: reflection specificity score and text length. For each engagement measure,
the impact of the nudges was separately evaluated for students’ reflections on the confusing and
interesting aspects of the lectures. For convenience, | will refer to the students’ reflections
describing the interesting and confusing aspects of the lecture as interesting and confusing
questions, respectively. The means and standard deviation for students’ reflection specificity and

text length (i.e., number of words) for both question types are presented in table 16.

Table 16: Means and standard deviation of engagement measures for each question type

Interesting question Confusing question

Mean Standard Mean Standard

Engagement measures deviation deviation
Reflection specificity score 3.04 0.61 2.76 0.71
Reflection text length 15.43 9.73 16.04 10.74
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Reflection specificity score as a dependent variable

To inform the research questions, different analyses were conducted with the dependent
variable being the reflection specificity score for the student’s reflection to the interesting and
confusing questions in the application.

For research questions 1-3, | conducted a one-way ANOVA to assess the impact of the
nudge interventions on students’ specificity scores for their reflections on both interesting and
confusing questions in each condition. The within-subject factor for the analysis was the nudge
conditions (as shown in table 15), and the dependent variable was the students’ average reflection
specificity score for the respective questions across 24 lectures. Since the data violated the
homogeneity of variances assumption, as indicated by a significant Levene test (p < 0.05), |
conducted a one-way Welch ANOVA to determine whether the student’s reflection specificity
score differed among the baseline, scaffolding nudge, and throttling mindless nudge conditions for
both question types. The results revealed that students’ reflection specificity scores for the
interesting question were significantly different among conditions, with Welsh’s F (2, 207.245) =
9.235, p < 0.001. However, for the confusing question, the students’ reflection specificity scores
were not significantly different among conditions, as indicated by Welsh’s F (2, 206.715) = 2.094,
p =0.126.

The mean of students’ reflections specificity score for the interesting question in both the
scaffolding and throttling mindless nudge conditions was more than the baseline condition, as

shown in figure 9.
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2.86
2.75
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Baseline Scaffolding nudge Throttling mindless nudge

Figure 9: Mean of reflection specificity score for each condition

Additionally, I conducted pairwise comparisons using the Games-Howell test for the
student’s reflection specificity score of the interesting question. The post hoc analysis revealed
that students’ reflection specificity scores increased significantly from the baseline to the
scaffolding nudge condition and from the baseline to the throttling mindless nudge condition.
However, all other comparison combinations were not significant. Table 17 shows the mean
differences and p values of all comparisons using the reflection specificity score of the interesting

question.
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Table 17: Interesting question - Result for pairwise comparison using Games Howell

method
Comparisons Mean difference p value
Scaffolding nudge vs Baseline 0.27 0.004*
Throttling mindless nudge vs Baseline 0.29 <0.001**
Throttling mindless nudge vs Scaffolding nudge 0.02 0.952

*, ** indicate significant at p < 0.05 and p < 0.001, respectively.

Furthermore, |1 am interested to see the effectiveness of the nudging intervention on
specificity scores of students’ reflections on the interesting and confusing questions, both within
(for research questions 1-3) and across each time point (research question 4). To inform this
analysis, | divided the lecture data into three equal time points, namely, lectures 1-8 (time point
1), 9-16 (time point 2), and 17-24 (time point 3), to assess the effectiveness of the nudging
interventions on students’ reflection specificity scores. At each time point, | took the average
specificity score of students’ reflection submissions as the dependent variable. Students who did
not submit reflections during two-time points were excluded from this analysis. However, multiple
imputations were used to estimate the reflection specificity scores of students who did not submit
any reflections at any one time point. This was done by taking the average of their average
reflection specificity scores for the other two time points. Table 18 shows the descriptive statistics

of each condition after the imputations.
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Table 18: Distribution of students in each condition

Condition Sample size
Baseline 97
Scaffolding nudge 103
Throttling mindless nudge 104

Interventions impact within each time point

For students’ reflections on the interesting question, | conducted three separate one-way
ANOVA to evaluate the impact of nudge interventions on the students’ reflection specificity score
in each condition within each time point. For time point 1 and 3, | used Welsh one-way ANOVA
as the data violated the homogeneity of variance assumption, as indicated by a significant Levene’s
test (p < 0.05). The results of ANOVAs revealed that students’ reflection specificity score was
statistically significant for each condition as indicated by Welch’s F (2,200.012) = 5.427, p = .005,
and Welch’s F (2, 199.613) = 6.191, p = .002, for time point 1 and 3 respectively. For time point
2, the result of ANOVAs revealed that students’ reflection specificity score was statistically
significant for each condition as indicated by F (2,301) = 7.884, p < 0.001.

Furthermore, pairwise comparisons were conducted to see the differences in students’
reflection specificity scores among conditions at each time point. For time point 1, | conducted
pairwise comparisons using Games-Howell. The analysis result revealed that the increase in the
students’ reflection specificity score was significantly higher from baseline to the scaffolding
nudge condition and from baseline to the throttling mindless nudge condition. Table 19 shows the

result of the Games-Howell post hoc analysis.
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Table 19: Interesting question - Result for pairwise comparisons using Games Howell
method for time point 1

Comparisons Mean difference p value
Scaffolding nudge vs Baseline 0.25 0.03*
Throttling mindless nudge vs Baseline 0.28 0.009*
Throttling mindless nudge vs Scaffolding nudge 0.02 0.972

* indicate significant at p < 0.05.

For time point 2, | conducted pairwise comparison using the Bonferroni post hoc method
which revealed that the increase in the mean of students’ reflection specificity score from baseline
to the scaffolding nudge condition was statistically significant as well as from baseline to the
throttling mindless nudge condition. Table 20 shows the result of the pairwise comparison using

the Bonferroni method.

Table 20: Interesting question - Result for pairwise comparison using Bonferroni method
for time point 2

Comparisons Mean difference p value
Scaffolding nudge vs Baseline 0.34 0.002**
Throttling mindless nudge vs Baseline 0.33 0.002**
Throttling mindless nudge vs Scaffolding nudge -0.01 1.00

** indicate significant at p < 0.001.

For time point 3, | conducted Games-Howell post hoc analysis for the pairwise comparison,
which revealed that the increase in the students’ reflection specificity score from the baseline to

the scaffolding nudge condition was statistically significant and from baseline to the throttling
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mindless nudge condition. Table 21 shows the result of the pairwise comparison using Games-

Howell for time point 3.

Table 21: Interesting question - Result for pairwise comparison using Games Howell
method for time point 3

Comparisons Mean difference p value
Scaffolding nudge vs Baseline 0.26 0.035*
Throttling mindless nudge vs Baseline 0.32 0.003**
Throttling mindless nudge vs Scaffolding nudge 0.05 0.867

*, ** indicate significant at p < 0.05 and p < 0.001, respectively.

Overall, figure 10 shows the decreasing trend of specificity score in the students’ reflection

to the interesting question within each time point for each condition.
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Figure 10: Interesting question - Mean of students’ reflection specificity score within each time
point for each condition
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For reflections on the confusing question, | conducted three separate one-way ANOVA to
evaluate the impact of nudge interventions on the students’ reflection specificity score in each
condition within each time point. For all time points, | used the Welsh one-way ANOVA as the
data violated the homogeneity of variance assumption, indicated by a significant Levene’s test (p
< 0.05). The analysis revealed that the students’ reflection specificity was not significantly
different among conditions at time point 1 for Welsh’s F (2, 200.18) = 0.35, p = 0.705 while it was
significantly different among conditions for time point 2 and 3 as indicated by Welsh’s F
(2,199.710) = 3.88, p = 0.02, and Welch’s F (2, 199.366) = 3.277, p = .040 respectively.

Pairwise comparisons were conducted for time points 2 and 3 using students’ reflection
specificity as it showed the variation in students’ reflection specificity scores between conditions.
For time point 2, | conducted Games-Howell post hoc analysis for the pairwise comparison, which
revealed that the increase in the students’ reflection specificity score from the baseline to the
scaffolding nudge condition was statistically significant. Table 22 shows the result of the pairwise

comparison using Games-Howell for time point 2.

Table 22: Confusing question - Result for pairwise comparison using Games Howell
method for time point 2

Comparisons Mean difference p value
Scaffolding nudge vs Baseline 0.31 0.021*
Throttling mindless nudge vs Baseline 0.19 0.183
Throttling mindless nudge vs Scaffolding nudge 0.12 0.59

* indicates significant at p < 0.05.

For time point 3, | conducted Games-Howell post hoc analysis for the pairwise

comparisons which revealed that the increase in the students’ reflection specificity score from the
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baseline to the throttling mindless nudge condition was statistically significant. Table 23 shows

the result of the pairwise comparison using Games-Howell for time point 3:

Table 23: Confusing question - Result for pairwise comparison using Games Howell
method for time point 3

Comparisons Mean difference p value
Scaffolding nudge vs Baseline 0.21 0.18
Throttling mindless nudge vs Baseline 0.27 0.04*
Throttling mindless nudge vs Scaffolding nudge 0.05 1.0

* indicates significant at p < 0.05.

Overall, figure 11 shows the decreasing trend of reflection specificity score within each

time point for each condition.
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Figure 11: Confusing questions - Mean of students’ reflection specificity score within each time
point for each condition
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Intervention impact over time Points

For reflection on the interesting question, | conducted three separate one-way repeated
measures ANOVA tests for each condition to see if there was any change in reflection specificity
score over three time points. All three ANOVASs revealed that there were significant differences
in the reflection specificity score over time in each condition, indicated by the analysis results F
(2,192) =7.74, p < 0.001(baseline), F (2,204) = 5.6 p= 0.004 (scaffolding nudge), and F (2,206) =
6.09 p= 0.003 (throttling mindless nudge). Follow-up tests were conducted for each condition to
evaluate the difference among the means between each time point. For the baseline condition, the
reflection specificity scores significantly decreased from time point 1 to 2 and from time point 1
to 3, but not from time point 2 to 3. For the scaffolding nudge condition, the reflection specificity
scores significantly decreased from time point 1 to 3, but not from time point 1 to 2, or from time
point 2 to 3. For the throttling mindless nudge condition, the reflection specificity scores
significantly decreased from time point 1 to 3 and not from time point 1 to 2, or not from time
point 2 to 3. Table 24 shows the pairwise comparison of time points for each condition with mean

differences, and p values:

Table 24: Interesting question - Pairwise comparison of time point using Bonferroni
method for each condition.

Throttling mindless

Time point Baseline Scaffolding nudge nudge
Mean Mean Mean
difference  pvalue  difference  pvalue difference p value
2vsl 0.177 0.013* 0.09 0.447 0.127 0.05
3vsl 0.235 0.002* 0.22 0.006* 0.194 0.005*
2vs 3 0.058 0.972 0.134 0.16 0.067 0.73

* indicate significant at p < 0.05.
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Overall, figure 12 shows the change in students’ reflection specificity scores over time for

each condition.
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Figure 12: Interesting question - Mean of students’ reflection specificity score over time for each
condition

For reflection on the confusing question, | conducted three separate one-way repeated
measures ANOVA tests for each condition to see if there were differences in students’ reflection
specificity score over three timepoints. For both baseline and scaffolding nudge condition, the
ANOVA:s result showed that there were significant differences in the reflection specificity score
over time, indicated by the analysis results, F (2,192) = 5.479, p < .001, and F (1.87,190.986) =
4.980, p= 0.009 (with Greenhouse-Geiser correction). For the students in the throttling mindless
nudge condition, the analysis revealed no significant differences in the reflection specificity score
over time, F (2,206) = 5.44 p= 0.162. Additionally, I conducted a pairwise comparison with

Bonferroni adjustment among time points to see the change in the reflection specificity score for
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the baseline and scaffolding nudge condition. For the baseline condition, the reflection specificity
score significantly decreased from time point 1 to 2, and from time point 1 to 3, but not from time
point 2 to 3. For the scaffolding nudge condition, the reflection specificity score was statistically
significantly decreased from time point 1 to 3, but not from time point 1 to 2, or from time point 2
to 3. Table 25 shows the pairwise comparison of time points for baseline and scaffolding nudge

condition with mean differences, and p values:

Table 25: Confusing question - Pairwise comparison of time point using Bonferroni method for
each condition

Time points Baseline Scaffolding nudge
Mean difference p value Mean difference p value
2vs 1 0.37 0.013* 0.01 0.31
3vsl 0.44 0.002* 0.28 0.019*
2vs 3 0.072 0.895 0.17 0.11

* indicate significant at p < 0.05.

Overall, Figure 13 shows the mean reflection specificity score over time for each

condition.
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Figure 13: Confusing question - Mean of students’ reflection specificity score over time for each
condition

Reflection text length as a dependent variable

To inform research questions (1-3), different analyses were conducted to evaluate the
impact of scaffolding and throttling mindless nudges on the students’ reflection text length for the
interesting and confusing aspect of the lecture for each condition. As the data violated the
normality assumption, I conducted a non-parametric Kruskal-Wallis H test to inform the study. In
the analysis, the within-subject factor was the nudge conditions (as shown in table 18), and the
dependent variable was text length of students’ reflections on both interesting and confusing
reflection questions. The distribution of the reflection text length was not similar for all conditions,
as assessed by visual inspection of a boxplot for both questions. The result revealed that the text
length of reflections to interesting and confusing questions were significantly different among
conditions, H (2) = 35.115, p < 0.001, and H (2) = 49.85, p < 0.001, respectively.

Furthermore, | conducted the pairwise comparison using Dunn’s method for text length of

students’ reflections on both questions. For the reflections on the interesting question, the post hoc
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analysis revealed significant differences (p < 0.001) in students’ reflection text length in the
baseline condition (mean rank = 116.09) as compared to the scaffolding nudge condition (mean
rank = 175.01) and throttling mindless nudge condition (mean rank = 185.50). Table 26 shows

the result of the pairwise comparison using Dunn’s method.

Table 26: Interesting question - Result for pairwise comparison of conditions using Dunn’s

method
Comparisons Mean rank difference p value
Scaffolding nudge vs Baseline 58.94 <0.001**
Throttling mindless nudge vs Baseline 69.41 <0.001**
Throttling mindless nudge vs Scaffolding 10.49 1.00

nudge

** indicate significant p < 0.001.

For reflection on the confusing question, post hoc analysis revealed statistically significant
differences (p < .001) in students’ reflection text length in the baseline condition (mean rank =
107.82) as compared to the scaffolding nudge (mean rank = 178.37) and throttling mindless
nudge (mean rank = 190.32) conditions. Table 27 shows the result of the pairwise comparison

using Dunn’s method.
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Table 27: Confusing question - Result for pairwise comparison using Dunn’s method

Comparisons Mean rank difference p value
Scaffolding nudge vs Baseline 70.54 <0.001**
Throttling mindless nudge vs Baseline 82.49 < 0.001**
Throttling mindless nudge vs Scaffolding 11.942 1.00
nudge

** indicate significant at p < 0.001.

To further understand the impact of nudging interventions in scaffolding students to write
a lengthy reflection, | examined the differences in text length of the student’s reflections on
interesting and confusing questions, both within (for research questions 1-3) and across each time
points (for research question 4). For the time points, | divided the lecture data into three equal time
points, namely, lectures 1-8 (time point 1), 9-16 (time point 2), and 17-24 (time point 3). | excluded
students who did not submit any reflection within any two time points. However, | included
students whose average reflection text length for only one time point was missing. | used multiple
imputations to estimate the average reflection text length of students who did not submit any
reflections during any one time point by taking the average of their reflection text length in the

other two time points. Table 28 shows the participants in each condition after multiple imputations.
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Table 28: Distribution of participants in each condition

Condition Sample size
Baseline 97
Scaffolding nudge 103
Throttling mindless nudge 104

Interventions impact within each time point

For reflection on the interesting question, | conducted three separate one-way ANOVAS
to evaluate the impact of nudge interventions on the students’ reflection text length for each
condition within three time points. In this regard, | used Kruskal-Wallis H test for each time point
separately, as the data did not meet the normality assumptions for one-way ANOVA. The analysis
revealed that the students’ reflection text length varied significantly among conditions at each time
point, as indicated by H(2) = 28.18 (p < 0.001), H(2) = 29.40 (p < 0.001), and H(2) =31.34 (p <
0.001) for time point 1, 2 and 3 respectively.

Additionally, I performed a pairwise comparisons using Dunn’s method for each time
point. For time point 1, there were significant differences in students’ reflection text length
between the scaffolding nudge (mean rank = 167.62) and baseline (mean rank = 113.58)
conditions, and baseline and throttling mindless nudge (mean rank = 172.83) conditions, but not
between the throttling mindless nudge and scaffolding nudge conditions. Table 29 shows the mean

rank differences and p-value of all comparisons:
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Table 29: Interesting question - Result for pairwise comparison using Dunn’s method for

time point 1
Comparisons Mean rank difference p value
Scaffolding nudge vs Baseline 54.03 0.00**
Throttling mindless nudge vs Baseline 60.2 0.00**
Throttling mindless nudge vs Scaffolding nudge 6.21 1.0

** indicate significant at p < 0.001.

For time point 2, students’ reflection text length is significantly different between the

scaffolding nudge (mean rank = 164.43) and baseline (mean rank = 113.32) conditions, and
baseline and throttling mindless nudge (mean rank = 177.23) conditions, but not between the

throttling mindless nudge and scaffolding nudge conditions. Table 30 showed the mean rank

difference and p value of all comparisons

Table 30: Interesting question - Result for pairwise comparison using Bonferroni method
for time point 2

Comparisons Mean rank difference p value
Scaffolding nudge vs Baseline 51.10 0.00**
Throttling mindless nudge vs Baseline 63.91 0.00**
Throttling mindless nudge vs Scaffolding 12.80 0.884

nudge

** indicate significant p < 0.001.

For time point 3, students’ reflection text length was significantly different between

baseline (mean rank = 112.05) and both scaffolding nudge (mean rank = 164.82) and throttling
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mindless nudge (mean rank = 178.03) conditions. All the other comparisons were non-significant.

Table 31 showed the mean rank difference and p value of all comparisons:

Table 31: Interesting question - Result for pairwise comparison using Bonferroni method
for time point 3

Comparisons Mean rank difference p value
Scaffolding nudge vs Baseline 52.77 0.00**
Throttling mindless nudge vs Baseline 65.98 0.00**
Throttling mindless nudge vs Scaffolding nudge 13.20 0.839

** indicate significant p < 0.001.

Overall, the figure 14 showed the students in the throttling mindless nudge, and scaffolding
conditions wrote lengthier reflection as compared to the baseline condition, as evident by a mean

rank score of students’ reflection text length with-in each time point for conditions.
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Figure 14: Interesting question - Mean rank score of students’ reflection text length within each
time points for each condition
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For students’ reflection on the confusing question, | conducted three separate one-way
ANOVA: s to evaluate the impact of nudge interventions on the students’ reflection text length in
each condition within each time point. In this regard, I used the Kruskal-Wallis H test for each
time point separately as the data did not meet the assumptions for one-way ANOVA. The analysis
revealed that the length of students’ reflection text varied significantly among conditions, as
indicated by H(2) = 29.69 (p < 0.001), H(2) = 39.01 (p < 0.001), and H(2) =50.967 (p < 0.001)
for time point 1, 2 and 3, respectively.

Additionally, I performed a pairwise comparison using Dunn’s method for each time point.
For time point 1, there are statistically significant differences in students’ reflection text length
between the scaffolding nudge (mean rank = 166.64) and baseline (mean rank = 107.28)
conditions, and baseline and throttling mindless nudge (mean rank = 180.67) conditions, but not
between the throttling mindless nudge and scaffolding nudge conditions. Table 32 showed the

mean rank difference and p value of all comparisons.

Table 32: Confusing question - Result for pairwise comparison using Dunn’s method for

time point 1
Comparisons Mean rank difference p value
Scaffolding nudge vs Baseline 59.35 0.00**
Throttling mindless nudge vs Baseline 73.38 0.00**
throttling mindless nudge vs Scaffolding nudge 14.02 1.0

** indicate significant at p < 0.001.
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For time point 2, students’ reflection text length was found to be significantly different
between the scaffolding nudge (mean rank = 167.13) and baseline (mean rank = 101.15)
conditions, and baseline and throttling mindless nudge (mean rank = 185.90) conditions, but not
between the throttling mindless nudge and scaffolding nudge conditions. Table 33 showed the

mean rank difference and p-value of all comparisons.

Table 33: Confusing question - Result for pairwise comparison using Bonferroni method
for time point 2

Comparisons Mean rank difference p value
Scaffolding nudge vs Baseline 65.97 0.00**
Throttling mindless nudge vs Baseline 84.74 0.00**
Throttling mindless nudge vs Scaffolding nudge 18.76 0.753

** indicate significant at p < 0.001.

For time point 3, students’ reflection text was significantly different between baseline
condition (mean rank = 112.05) and both scaffolding nudge (mean rank = 164.82) and throttling
mindless nudge (mean rank = 178.03) conditions. All the other comparisons were non-significant.

Table 34 showed the mean rank difference and p value of all comparison.

122



Table 34: Confusing question - Result for pairwise comparison using Bonferroni method
for time point 3

Comparisons Mean rank difference p value
Scaffolding nudge vs Baseline 52.77 0.00**
Throttling mindless nudge vs Baseline 65.98 0.00**
Throttling mindless nudge vs Scaffolding nudge 13.20 0.374

** indicate significant at p < 0.001.

Overall, figure 15 shows that the students in the throttling mindless nudge and scaffolding
nudge conditions wrote lengthier reflection compared to the baseline condition, as indicated by the

mean rank score of students’ reflection text length with-in each time point for conditions.
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Figure 15: Confusing question - Mean rank score of students’ reflection text length within each
timepoints for each condition
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Interventions impact over time points

For students’ reflections on the interesting question, | explored if there were any variations
in the students’ reflection text length over three time points for each condition. For the baseline
condition, | used Friedman test as the data violated the normality assumption of the One-way
Repeated Measure ANOVA. The analysis result showed that there were significant differences in
the reflection text length score over time, as indicated by ¥2(2) = 10.90, p < 0.001. Pairwise
comparisons with a Bonferroni correction were also carried out for the baseline condition, which
revealed that the reflection text length was significantly decreased (p = 0.004) from the time point
1 (median = 2.20) to 3 (median = 1.74), but no other comparison was significant.

For the scaffolding nudge condition, | used the one-way repeated measure ANOVA with
Greenhouse-Geisser correction as the data didn’t meet the sphericity assumption. The result
revealed the significant differences in the reflection specificity score over time: F (1.87,190.837)
= 3.67, p = 0.030. Post hoc analysis with a Bonferroni adjustment revealed that the reflection text
length significantly decreased from time point 1 to 2 but not between time point 1 and 3, or
between time point 2 and 3.

For the throttling mindless nudge condition, | used Friedman test as the data violated the
normality assumption of the One-way Repeated Measure ANOVA. The analysis results showed
that there were no significant differences in the reflection text length score, as indicated by %2(2)
= 1.65, p =0.438. Overall, figure 16 shows the mean of reflection text length score over time for

each condition.
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Figure 16: Interesting question - Mean of students’ reflection text length over time for each
condition

For students’ reflections on the confusing question, I explored if there were any variations
in the reflection text length across three different time points for each condition. Three Friedman
tests for each condition were conducted as the data violated the normality assumption of the One-
way Repeated Measure ANOVA. The analysis showed that there were significant differences in
the reflection text length, as indicated by the results y2(2) =37.97, p < 0.001, y2(2) = 12.72, p <
0.001, and ¥2(2) =9.05, p < 0.001 for baseline, scaffolding nudge, and throttling mindless nudge
conditions. Follow-up tests were conducted for all conditions in the experiment. For the baseline
condition, pairwise comparisons with a Bonferroni correction were also carried out, which
revealed that the reflection specificity score was significantly different from the time point 1
(median = 10.50) to the 2 (median = 7.25) (p < 0.001), and 3 (median = 6.0) (p < 0.001) but no
other comparison was significant.

For the scaffolding nudge condition, pairwise comparisons with a Bonferroni correction

were also carried out, which revealed that the reflection text length was significantly decrease from
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the time point 1 (median = 18.66) to the time point 2 (median = 15.00) (p =.02), and 3 (mean rank
= 16.00) (p = .002) but no other comparison was significant. For the throttling mindless nudge
condition, pairwise comparisons with a Bonferroni correction were also carried out, which
revealed that the reflection text length was significantly decrease from the time point 1 (median =
18.75) to the time point 2 (mean rank = 17.91) (p = .023), and the time point 3 (median = 16.00)
(p =.034) but no other comparison was significant. Figure 17 shows the mean reflection text length

score over time for each condition.
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Figure 17: Confusing question - Mean of students’ reflection text length over time for each
condition

Discussion for experiment 3

The results of the experiment were mixed regarding the impact of nudging interventions
on students’ reflection specificity scores and text length in response to questions, asking about the

interesting and confusing aspect of the lectures in the CourseMIRROR application.
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The first analysis examined the impact of scaffolding and throttling mindless nudges on
students’ reflection specificity scores and text length of their response to interesting and confusing
questions over semester. The results showed that students in the scaffolding and throttling mindless
nudge conditions wrote more relevant reflections for the interesting question compared to the
baseline condition. The students in both nudging intervention conditions wrote lengthy reflections
for both the confusing and interesting questions compared to the baseline condition. On the whole,
these nudges were successful in enhancing students’ reflection specificity scores and text length
which is consistent with the previous studies on the effect of nudges on the students’ engagement
in the reflection writing (Mohammadhassan et al., 2020; Nelson et al., 2012).

Furthermore, the result showed that the impact of nudging interventions could vary among
conditions within and across three time points in the semester. Within time points, the results
indicated that, at time point 1, students in the scaffolding and throttling mindless nudge conditions
had significantly higher reflection specificity scores compared to the baseline condition for the
interesting question, but no significant differences were found for the confusing question. In case
of reflection text length, students in the scaffolding nudge condition wrote significantly more for
both questions at the time point 1. At time point 2, students in both nudging intervention conditions
had significantly higher reflection specificity scores for the interesting question compared to the
baseline condition. Moreover, the students in the scaffolding nudge condition had significantly
higher scores for the confusing question compared to the baseline condition. Once again, the
scaffolding nudge condition wrote significantly more reflection text for both question types at time
point 2. Finally, at time point 3, students in both intervention conditions had significantly higher
reflection specificity scores compared to the baseline condition for the interesting question. In

addition, students in the throttling mindless nudge condition had significantly higher reflection

127



specificity scores as compared to the baseline condition for the confusing question. Students in the
scaffolding and throttling mindless nudge conditions wrote significantly lengthier reflections for
both questions at time point 3. Overall, both interventions were effective at different time points
in promoting students’ app engagement by improving their reflection text length and the specificity
of reflection questions.

The effectiveness of scaffolding and throttling mindless nudges on app engagement at
different time points may be due to several factors. A possible explanation is that both nudge
interventions were providing some form of support and guidance to the students during the
reflection writing process either through real-time feedback or through a throttling mindless
activity by enabling a pause through an alert dialogue box. This finding is consistent with the
existing literature on the impact of nudging (Castleman & Page, 2015) and the first experiment’s
findings. Another possible explanation is that the constant feedback through nudges may have
acted as a motivator, as they could see that they were improving by looking at the color bar or
seeing no alert dialogue over time. This confidence in achievement might have reinforced their
self-efficacy and encouraged them to remain engaged with the application, aligned with previous
literature. Previous studies have also discussed the relationship of constant feedback with students’
motivation in the classroom activity (Burgers et al., 2015), which in our case is reflection activity
using the CourseMIRROR app.

Across time points, there was a significant decrease in students’ reflection specificity
scores of the baseline condition from time point 1 to 2 and 3 for both reflection questions.
However, students in the baseline condition wrote significantly less reflection text from time
points 1 to 3 for the interesting question and from time points 1 to 2 and then 3 for the confusing

question. In the case of the scaffolding nudge condition, the students had a significant decrease in
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reflection specificity scores from time point 1 to 3 for both interesting and confusing questions and
they wrote significantly less reflection text from time point 1 to 2 for the interesting question and
from time point 1 to 2 to 3 for the confusing question. In the case of the throttling mindless nudge
condition, there was a significant increase in reflection specificity scores from time point 1 to 2
and 3 for the interesting question. At the same time, there was no significant difference over time
points for the confusing question. However, the throttling mindless nudge condition showed no
significant difference in the reflection text length for the interesting question. However, there was
a significant decrease from time point 1 to 2 to 3 for the confusing question. Overall, the study
suggests that the students in both nudge intervention either decrease or stay consistent over time
points.

The varied effects of the scaffolding and throttling mindless nudge interventions over time
points are intriguing. In all conditions, students wrote highly relevant and lengthier reflections in
the first time point. However, all students reflection specificity and text length reduced
significantly as time progressed in the semester. In other words, nudging interventions were not
able to constantly influence the students’ behavior over the semester. One possible explanation
could be the setting of the class where students start working in teams towards the end of the
semester. Therefore, they might not feel the need for reflection activity and thus reduce the
engagement with the application. Another explanation could be that the difficulty level of the class
increases over time and they start spending more time on other graded classroom activities.
Therefore, it is important to consider these factors when exploring the effectiveness of nudging
interventions over time. Additionally, longitudinal studies can help identify the specific factors
that influence the effectiveness of nudging interventions and help to develop more effective nudges

that can sustain their impact over time.

129



The experiment’s findings indicate that scaffolding and throttling mindless nudges can
effectively promote reflection and improve the quality of student responses to reflection questions,
particularly in enhancing reflection text length. These findings are consistent with the literature on
nudging interventions, which suggests that small prompts or cues can have a significant impact on
behavior (Thaler and Sunstein, 2008) and have a positive impact on students’ (or general user) app
engagement (e.g., Basu et al., 2015; Fahid et al., 2021; Fancsali et al., 2018; Zydney & Warner,
2016).

Prior studies have explored the scaffolding nudge’s impact on the students’ app
engagement by improving their reflective or general writing. For instance, Looi et al. (2011)
conducted a study using the MyDesk app, which includes scaffolding students with KWL tool
while they reflection on their learning progress. The study revealed that students were able to
reflect deeply, indicating a high level of cognitive app engagement. Another study by Hwang et
al. (2012) investigated the efficacy of the Ubiquitous Scientific Device Trainer (USDT) app, which
guided students on operating scientific devices within a museum. Students who used the app
outperformed those who received instructor demonstrations, indicating their cognitive app
engagement and better application of their knowledge. The authors suggest that providing users
with guidance and resources can help to reduce the cognitive load associated with using a new
app, making it more likely that users will continue to engage with it and have better learning
experience.

While studies have found the scaffolding nudge effective in improving cognitive app
engagement, some studies have shown either no effect or mixed results. For instance, Wingate
(2010) used the scaffolding nudge by presenting the content feedback to improve the student’s

writing. While the nudge improved some students writing, there was no impact on many other

130



students’ writings. They further found that the scaffolding nudge lessened their motivation,
resulting in disengagement with the feedback while writing. Similarly, another study by Mitchell
et al. (2019) showed that the scaffolding nudge didn’t improve the students’ writing quality,
specifically students with low self-efficacy and high anxiety levels. A similar phenomenon is seen
in the study (Wambsganss et al., 2022) where the students’ self-efficacy was the same, but the
scaffolding nudge didn’t improve students’ reflection writing. Therefore, it would be interesting
to see the impact of the scaffolding nudge by moderating the students’ motivational constructs
(e.g., self-efficacy, or self-regulation).

Throttling mindless nudges has not yet been widely used in the context of educational apps,
as indicated by the literature survey. However, the broader technology literature has frequently
applied this technique to improve user engagement (i.e., make informed decision) with various
types of apps (e.g., Bergram et al., 2020; Caraban et al., 2020; Griining et al., 2023). In a study by
Caraban et al. (2019), different effective nudge interventions were explored in the context of
human-computer interaction (HCI). The study found that throttling mindless nudges can be
effective in changing user behavior, as it provides a time buffer to allow users to reverse their
uninformed actions. Similarly, Wang et al. (2014) investigated the effectiveness of throttling
mindless nudges to improve the quality of Facebook posts by the user. They introduced mindless
nudge by introducing a 10-second delay using a Chrome plugin before the publication of Facebook
posts. The findings revealed that participants were more likely to revise or abandon their posts
during the delay because of the nudge, resulting in more thoughtful and deliberate behavior.

Overall, the current experiment showed that both nudge interventions were effective to
scaffold students during their reflection writing and improved their cognitive and behavioral app

engagement. However, more research is needed to explore the long-term effectiveness of these
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interventions over time. Specifically, it would be interesting to see whether the positive effects of
scaffolding and throttling mindless nudge diminish once students have received enough training.
Furthermore, it is important to consider the duration and frequency of the interventions, as well as
the specific scaffolding prompts used, to optimize the effectiveness of both nudging interventions.
Further research could also examine the implementation of nudging interventions in diverse
educational contexts and investigate potential factors that moderate their effectiveness. By
addressing these gaps in the literature, we can better understand how to optimize the use of nudging

techniques to promote learning and engagement in educational applications.
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SUMMARY AND DISCUSSION FOR ALL THREE EXPERIMENTS

The findings of these experiments provide insights into the effectiveness of nudging
interventions for improving the students’ engagement with the primary features (i.e., purposes) of
the CourseMIRROR app. Specifically, this study has found that the social comparison nudge and
neutral reminder nudge are effective for improving the students’ reflection submissions.
Additionally, students receiving a social comparison nudge were more likely to submit their
reflections in comparison to those who either just received a neutral reminder nudge or no nudge.
However, the summary reminder and interface nudges were found to be ineffective in improving
students’ visits to the reflection summary interface, suggesting that these nudges may not be the
best approach for improving students’ engagement with the application.

Finally, the scaffolding and throttling mindless nudges were found to be effective in
improving the specificity and text length of students’ reflections, indicating that these nudges were
successful in promoting students’ deeper engagement during the reflection writing process in the
app. However, the effectiveness of these nudges varied within and across different time points
during a semester, suggesting that a nuanced approach is needed to optimize their effectiveness.

These findings are consistent with previous research on digital nudges in education. For
example, a study by Franklin Jr et al. (2022) found that social comparison nudge was effective in
improve the students engagement with an assessment tool suite (DAACS; Diagnostic Assessment
and Achievement of College Skills). Similarly, another study (Sherr et al., 2019) found that
reminder nudges are an effective tool to bring about the desired behavioral changes and improve
the students’ learning.

The findings regarding the summary reminder and interface nudges are surprising, as

previous research suggests that these types of nudges can be effective in promoting behavioral
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change (Bowen et al., 2018; Dobronyi et al., 2019; Simmons et al., 2018). For example, a study
by Gorissen et al. (2015) found interface nudge to be effective for encouraging students to engage
more deeply with online course content. It is possible that the lack of effectiveness observed in
this study is due to the specific design of the nudges or the context in which they were used.

The findings regarding the scaffolding and throttling mindless nudges are consistent with
previous research on their use to promote students’ (or user) cognitive and behavioral engagement
in the digital environment. For example, a study by Wambsganss et al. (2022) found that
scaffolding can be effective in improving the students’ argumentative writing and thus improving
their cognitive engagement. Similarly, a study by van Oldenbeek et al., (2019) found that the
email-based feedback nudge increased the students’ views and duration of new learning videos.
Similarly, the effectiveness of throttling mindless nudges for influencing users’ behavior in the
digital environment has been discussed in the broader technology literature but scarcely in the
educational setting (Damgaard & Nielsen, 2018). For instance, a study by Griining et al. (2023)
found throttling mindless nudges to be effective in reducing the usage of certain apps by the users.
Similarly, Caraban et al. (2019) identified this nudge as one of the 23 effective nudges used in HCI
literature to influence the user’s decision making.

The findings of this study also highlight the importance of considering the specific context
in which digital nudges are implemented. While | found reminder nudges to be effective in
improving students’ reflection submissions, they were not effective in refocusing the students’
attention to visit the reflection summary interface. This suggests that different nudges may not be
effective to bring about behavioral change in all contexts. Therefore, there is a need for studies to

explore the type of nudges that can be effective in improving certain behaviors among students.
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Furthermore, the varying results of the employed nudges within and across different
timepoints during a semester highlight the need for further research to determine the most effective
implementation strategies for digital nudges. This has been emphasized in the previous studies as
well. For instance, Kizilcec et al. (2014) explored the impact of reminder nudges in online STEM
courses and found varied impacts of nudging on short or long term student participation in a course.
Similarly, a review by Damgaard & Nielsen (2018) on nudging in education also emphasized the
need for studies to understand the sustainable impact of nudging on students’ behavior.

Overall, the findings of this study showed that nudging interventions were effective in
improving the students’ app engagement in the CourseMIRROR application. This study also
contributes to the growing body of research investigating the effectiveness of digital nudges to
improve the students’ app engagement. These findings will support the future research in designing
engaging educational apps that could provide a better learning experience to students.
Furthermore, the understanding of digital nudging can help to design cost-effective interventions
to facilitate students’ ability to regulate their study habits, enhancing their motivation, improving
their focus, and providing personalized learning experience (Damgaard & Nielsen, 2018; Edwards

& Li, 2020).
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CONCLUSION & IMPLICATIONS

This study aimed to investigate the impact of nudging interventions on app engagement in
a first-year engineering class using the CourseMIRROR application. Specifically, the study
focused on designing and testing nudging interventions to facilitate the students’ reflection
submissions, supporting their visit to reflections summary interface, and scaffolding the students
to write in-depth and comprehensive reflections. Three experiments were conducted to achieve
these objectives. In the first experiment, | explored whether a social comparison nudge and a
neutral reminder could improve students’ reflection submissions. The results of the study indicate
that both the neutral reminder and social comparison nudges had a significant impact on increasing
students’ reflection submissions compared to the baseline condition over the semester. However,
a closer examination of the results within the three equally divided time points revealed that
initially, there was no significant difference in reflection submission among the conditions. As
time progressed, the students in the social comparison nudge condition submitted more reflection,
and in the final time point, the reflection submission of students in both nudge intervention
conditions was significantly higher than the baseline condition. Interestingly, students in the
neutral reminder condition submitted reflection equally over time points, indicating that they may
have relied on the reminder to submit their reflection rather than their intrinsic motivation. Overall,
these findings highlight the effectiveness of nudges in increasing student engagement in
CourseMIRROR application and suggest that social comparison nudges may be particularly
effective in promoting sustained behavior change over time to submit reflections.

The second experiment investigated the impact of a summary reminder nudge and an
interface nudge to encourage students to view reflection summaries interface in the app. The results

of the study indicated that both nudge interventions were unable to increase the students’ reflection
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summary views compared to the baseline condition over the semester. Also, | explored the impact
of nudging interventions within three equally divided time points over the semester. The result
revealed that there was no significant difference in students’ reflection summary views among the
conditions. Interestingly, when compared over there times, students in all conditions showed a
decline in the reflection summary views, indicating that the employed nudge intervention could
not refocus the students’ attention toward reflection summary interface. Therefore, further research
is needed to identify factors that can effectively increase students’ engagement with reflection
summary interface.

Finally, the third experiment examined the impact of scaffolding and throttling mindless
nudges to scaffold students in writing specific reflections and encourage longer reflection texts.
The results revealed that both interventions significantly impacted students’ reflection specificity
scores for the interesting question, leading to longer reflection text lengths than the baseline
condition. However, the impact of nudging interventions varied across three time points, indicating
that their effectiveness may depend on the type of reflection questions, or the scaffolding clues
used to scaffold the students. Both scaffolding and throttling mindless nudges can effectively
promote reflection and improve the quality of student responses to reflection questions.

Furthermore, the study contributed to the educational technology literature in several ways.
First, this study provided empirical evidence on the impact of nudge interventions on students’ app
engagement. Second, this study is one of the few studies to the best of my knowledge in the context
of students’ app engagement that conceptualized the digital interventions as a nudge and provided
a theoretical framework to guide the research process of the experiments. Previously, studies used
digital nudge to enhance the students’ app engagement without even realizing it (e.g., Pham et al.,

2016) and even those which conceptualized them as nudge didn’t ground their work in the
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literature (e.g., Wambsganss et al., 2022). Therefore, this study can serve as foundation for the
future researchers working with nudge interventions to ensure that their study is well grounded in
the established principles and concepts. Moreover, they can use this study to build their
understanding in identifying digital nudges and students’ cognitive biases to influence the students’
behavior in the similar context. Third, previous studies have only investigated the impact of one
or two nudge interventions on the students’ behavior (e.g., Castleman et al., 2014; Mitrovic et al.
2019). However, this study employed three difference experiments, each introduced two
commonly used nudge interventions aligned with the study’s goal and explored their impact on
the students’ app engagement. Therefore, this study can provide a good repertoire of nudges that
can be effective in improve students’ engagement with the app. For instance, our finding showed
that reminder with social comparison information can be effective to remind the students about a
particular task because of their tendency to adhere to the social norm. Hence, this study provides
valuable insights to future researchers and app designers, exploring different cost-effective digital
nudges to influence the student’s behavior.

Finally, this study contributed to the design-based research on educational app where I
implemented a digital nudge to improve the students writing (in our case reflection wiring) using
the technology. In this regard, | discussed the integration of a digital nudge (based on the NLP
algorithms) in the CourseMIRROR app, and its’ implication to improve the students’
metacognitive skills (i.e., reflection writing). Hence this study provided a contribution to the
ongoing effort that focuses on the integration of similar advance technology enhancement in the
educational apps for improving other metacognitive skills such as comment writing
(Mohammadhassan et al., 2022), problem solving (Winkler, et al., 2021), and empathy

(Wambsganss et al., 2022). Hence, the research can further explore NLP techniques (e.g.,
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sentiment analysis, data mining) and use them as a nudge to students and keep them engaged with
the application.

In conclusion, the study provided valuable insights into the impact of nudging interventions
on student engagement with the CourseMIRROR application. The findings indicate that nudges
can effectively increase students’ app engagement, especially used for involving students in the
reflection activity. Specifically, social comparison nudges were found to be effective in promoting
sustained behavior change over time, while scaffolding and throttling mindless nudges were
effective in improving reflection specificity scores and encouraging longer reflection texts. The
study also emphasizes the careful design and testing of nudges intervention to ensure their
effectiveness and the significance of ongoing evaluation and refinement of interventions to

maintain their efficacy over time.
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LIMITATIONS AND FUTURE DIRECTIONS

The current study has several limitations that should be considered while understanding
the impact of the result and their interpretation. Also, these limitations allow future research to
address these gaps and comprehensively understand the impact of nudge interventions on students’
app engagement. One limitation is that the study was designed for a first-year engineering course
in a single institute. This limits the generalizability of the findings to other courses, institutions, or
even educational apps. Future research could address this limitation by replicating the study in
multiple courses or institutions and using various educational apps. Also, this study relied on
quantitative approaches to inform the study, limiting the findings’ depth and richness. Therefore,
it would be beneficial if future studies could be designed using the mixed method approach that
triangulates quantitative data (using data analytics) with qualitative data (using student interviews).
This approach would provide a comprehensive understanding of how well nudge interventions
alter student behavior while shedding light on why some interventions might be less successful
than others. Also, this method can provide a thorough understanding of the underlying mechanism
influencing the nudge intervention effectiveness. For example, a follow-up study could be
conducted after experiment 2 by interviewing the students and trying to understand their perception
of the employed nudge and why the nudge intervention did not result in improving students’ visits
to reflection summary interface. This study would provide a more thorough understanding of the
factors affecting student app engagement and how interventions could be tailored to improve
reflection summary views in the CourseMIRROR app.

Additionally, this study investigated the impact of nudge interventions at three different
time points. However, it would be beneficial to investigate the nudge intervention in parallel with

the activities taking place in the class. For example, classroom observations could be conducted to
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determine if the teacher emphasized using the application by consistently discussing their
reflection summaries and answering students’ questions about their reflections. These observations
can help us identify if the instructor’s frequent use of the app’s findings in their pedagogy or
emphasizing the students to use the application moderate nudging interventions’ impact on the
students’ app engagement, as students might see the relevance and importance of the application
to their learning experience. Moreover, the study only examined nudging interventions in short-
term effects over a semester. It is unclear if these effects will be sustained over a longer period or
may fade away after some time. Future research could address this limitation by conducting a
longitudinal study to examine nudging interventions’ long-term impact on students’ behavior.
Finally, the study did not account for potential student behavior variation due to their demographic
profile (e.g., gender, socioeconomic status), motivation, or self-efficacy levels. Future research
could address this limitation by examining the impact of nudging interventions controlling for
these variables.

In conclusion, the study provides valuable insights into the effects of nudging interventions
on students’ engagement with the CourseMIRROR app. Still, several limitations need to be
addressed in future research to enhance the validity and generalizability of the findings. In
conclusion, the study provides valuable insights into the effects of nudging interventions on
students’ engagement with the CourseMIRROR app. Still, several limitations need to be addressed

in future research to enhance the validity and generalizability of the findings.
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APPENDIX A: REFLECTION SPECIFICITY PREDICTION ALGORITHM

In the CourseMIRROR mobile application, students were scaffolded through some
prompts to improve the reflection based on the specificity score evaluated using a Natural language
processing algorithm during the reflection writing process. In this study, | used the natural
language processing (NLP) algorithm proposed by Magooda et al. (2022) to evaluate the
specificity score and design my intervention based on the specificity score. The proposed NLP
approach consists of a simple model where we generated feature based on the students’ reflections
and then use the classification module to produce the reflection specificity score. For feature
generation, the transformer-based bidirectional deep contextual language model was used to
automatically generate numerical features from raw students’ reflection text using the DistilBERT
model. The DistilBERT model used in our implementation is a distilled version of the original
BERT transformer-based encoder. By reducing the number of parameters to approximately 60%
of the original BERT, DistiIBERT is faster and better suited for real-time quality prediction.

Furthermore, we used a logistic regression classifier that operated on the generated features
in the previous step and produced a reflection specificity score of 1,2,3, or 4. We only trained the
logistic regression classification module to minimize the training load and kept the DistilBERT
parameters fixed. This approach also enables us to fine-tune the model with new samples over

time easily.
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