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Abstract

Digital advances in the learning space have changed the contours of student
engagement as well as how it is measured. Learning management systems and other
learning technologies now provide information about student behaviors with course
materials in the form of learning analytics. In the context of a large, integrated and
interdisciplinary Core curriculum course in a graduate school of public health, this
study undertook a pilot randomized controlled trial testing the effect of providing
a “behavioral nudge” in the form of digital images containing specific information
derived from learning analytics about past student behaviors and performance.
The study found that student engagement varied significantly from week to week,
but nudges linking coursework completion to assessment grade performance did
not significantly change student engagement. While the a priori hypotheses of this
pilot trial were not upheld, this study yielded significant findings that can guide
future efforts to increase student engagement. Future work should include a robust
qualitative assessment of student motivations, testing of nudges that tap into these
motivations and a richer examination of student learning behaviors over time using
stochastic analyses of data from the learning management system.

Keywords Academic engagement - Learning management system - Learning
analytics - Behavioral nudge - Graduate public health education

1 Background

Student engagement, a complex multi-dimensional construct, reflects the invest-

ment of a student’s time, energy, and other resources in course content. Dimensions
include behavioral engagement (i.e., observable actions that represent investment in
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learning, including attendance, coming to class prepared, and completing tasks) as
well as the cognitive efforts that drive behavioral engagement, and a broader sense
of connectedness or belonging students feel to the course and the academic insti-
tution (Trowler, 2010; Axelson & Flick 2010; Henrie et al., 2015). Fincham et al.
(2019) define academic engagement as “a student’s time on task, credit accrual, and
homework completion” and operationalize it through attention to analytics related
to video watching, problem submissions and weeks active in the learning manage-
ment system (LMS) that houses the course. Engagement is a critical construct as it
has been shown to correlate with satisfaction (Rajabalee & Santally, 2021), improve
course persistence (Fincham et al., 2019), and predict student success (including
grades, degree completion), educational attainment, and occupational attainment
(Reeve et al., 2020; Kahu & Nelson, 2018; Henrie et al., 2015).

A promising strategy to promote student engagement is the use of nudges, inex-
pensive, easily avoidable changes in the “choice architecture,” the environment in
which people make decisions (Thaler, 2018) that seek to help people make bene-
ficial changes in behavior without significantly changing incentives (Szaszi et al.,
2018). Nudges are increasingly being used in education to influence the underlying
cognitive processes that lead to a change in behaviors building toward an end goal
(Damgaard & Nielsen, 2018; Weijers et al., 2020). In education, nudge approaches
used to increase engagement have included reframing (focusing on gains rather than
losses, or presenting performance relative to other students), adding interim dead-
lines, and setting individualized goals (Damgaard & Nielsen, 2018).

Digital advances in the learning space have changed the contours of student
engagement as well as how it is measured. LMSs — now nearly ubiquitous in
higher education -- have presented new opportunities for students to interact
with course content (Vogt, 2016). The rapid deployment of digital technology in
the COVID-19 pandemic surfaced and enabled the examination of how students
engage with learning in digital spaces (Nkomo et al., 2021); as students returned
to live instruction, many are in blended learning environments, with digital course
content including videos, interactive modules, and readings hosted on an LMS.
Traditionally, student engagement has been assessed using self-report via surveys,
with some students over-reporting their engagement (Henrie et al., 2015). LMSs
represent an opportunity to overcome the drawbacks of self-reports by data mining
to assess student engagement objectively (Nkomo & Nat, 2021) using learning
analytics. Learning analytics has been defined as “the measurement, collection,
analysis and reporting of data about learners and their contexts, for purposes of
understanding and optimising [sic] learning and the environments in which it
occurs” (Long & Siemens, 2011, p. 33). Research on learning analytics produced in
an LMS examines faculty and student behaviors through digital interactions such as
clicks, views, downloads, submissions and communications.

In the context of a large, integrated and interdisciplinary Core curriculum course
in a graduate school of public health, we undertook a pilot randomized controlled
trial testing the effect of providing a “behavioral nudge” in the form of digital
images containing specific information about past student behaviors and included
in weekly to-do lists modules on the online course management system. This nudge
intervention is the latest initiative in an ongoing effort to implement active learning
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strategies in our interdisciplinary Core curriculum (Garbers et al., 2022) using
design-based research criteria by (1) addressing the complex problem of designing
for broad-scale integration of an educational innovation; (2) integrating user-
centered design principles; (3) using an iterative design process that incorporates
rigorous methods for usability testing; (4) moving to the implementation stage
of a long-term project with refined design questions; (5) collaborating with
interdisciplinary researchers and practitioners; and (6) exploring emerging design
principles related to scalability (Reeves et al., 2005). Prior published work describes
the rationale and development (Fried et al., 2014), short-term impact (Begg et al.,
2015), implementation and long-term impacts of these efforts (Garbers et al., 2022).
This pilot trial assesses the impact of using behavioral nudges that make explicit to
students the interconnection between course materials and assessments on course
engagement and subsequent learning outcomes.

2 Methods
2.1 Study design

This was a prospective, two-arm interventional randomized controlled trial carried
out within a public health graduate school Core curriculum course to test the impact
of nudges on student engagement with course content. Participants were randomized
to receive nudges (or not) based on the section they were enrolled in. The course had
four separate sections: two sections received the nudge intervention and two sections
did not receive the nudges (control condition). Given the small number of sections,
sections were assigned sequentially: control, intervention, control, intervention.

2.2 Setting

All candidates in the Masters of Public Health (MPH) program spend their
first semester in an interdisciplinary Core curriculum designed to provide an
interlocking foundation of public health knowledge. Public Health Interventions is
one course in this Core curriculum; the course includes three units (referred to as
“concentrations”) with different faculty and specific learning objectives for each
concentration. The course is taught in hybrid format, with some content delivered
through asynchronous lecture videos and interactive modules, and some live lectures
and hands-on lab sessions. The faculty across all concentrations within the course
meet regularly to integrate content. Grading across the three concentrations was
conducted by a single team of 14 graduate teaching assistants who were blind to the
project status.

2.3 Subjects

There was no direct recruitment of participants; this study included all 563 stu-
dents from the school’s six departments who were enrolled in the Public Health
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Interventions in Fall 2021. Three students were excluded from analyses because they
withdrew from the program during the Fall semester, leaving a final sample size of
560 (Fig. 1). This research was approved by the Institutional Review Board of the
authors’ institution following expedited review.

2.4 Measures

The primary hypothesis was that, for each nudge, exposure to the nudge intervention
would be associated with increased engagement with related course content. Sec-
ondarily, we hypothesized that increased engagement would in turn improve student
learning outcomes for the assessment related to the nudge and improve course-wide
outcomes. The primary outcome, engagement with course content, was collected
via the learning management system data. Engagement was operationalized as a
dichotomous (yes/no) variable, with any student who engaged with all of the course
content mapped to that week’s nudge was classified as engaging. For each element
within a week, students who accessed a mapped reading (by clicking on it) and/or
who watched at least 97% of the total minutes of that week’s asynchronous video(s)
and/or 100% of that week’s asynchronous module were labeled as engaging with
that specific course content. Learning outcomes for each nudge were operationalized
as the numerical grade (on a scale of 0-100) earned on the assessment mapped to the
nudge. Course-wide learning outcomes were operationalized as agreeing (strongly
or somewhat) with the following statements: I feel prepared to apply the course con-
tent to public health problems; I feel prepared to demonstrate the [course] compe-
tencies; and I am able to integrate concepts across the Core with ease (vs. with diffi-
culty, or not able). Course-wide student experience outcomes included course rating
for each concentration (excellent vs. good or very good vs. poor or very poor); and

Assessed for eligibility (n=563) ‘

I

‘ Randomized (n=563) ‘

l
l l

Allocation ‘ Allocated to intervention (n=278) ‘ ‘ Allocated to control (n=285) ‘
Analysis
Yy Analyzed (n=277) Analyzed (n=283)
Excluded from analysis (n=1) Excluded from analysis (n=2)
Intent to Treat + Students withdrew from the + Students withdrew from the
program program

}
As Treated l l l l

Saw Nudge 1 Saw Nudge 2 Saw Nudge 3 Saw Nudge 4
(n=265) (n=248) (n=246) (n=199)
(96%) (90%) (89%) (72%)

Fig. 1 Flow chart of recruitment, allocation, retention and analysis (intent-to-treat vs. as-treated)
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satisfaction with the Public Health Interventions course as a whole (very and some-
what satisfied vs. somewhat or very dissatisfied).

These outcomes were derived from three data sources. Data on engagement
(and data to develop the nudge wording) used learning analytics associated with
academic engagement from two LMS tools, Canvas and Panopto, as evidence of past
student behaviors. Student engagement data and assessment data was exported from
the LMS, cleaned and merged. The other data source were two course evaluations
implemented by the Office of Educational Initiatives (OEI): a course evaluation
that asked about each concentration, implemented in November 2021, and a Core
Experience Survey (implemented in January 2022), which asks about students’
experience overall in the Core. The LMS data were transmitted to the OEI to merge
with course evaluation data, with all identifiers removed before transmission to
the study team for analyses. Estimated time to complete the work in each week
(summarized in Table 2) was provided by the school’s instructional design team
which completed the design analysis and mapping (Russell et al., 2022).

2.5 Content and implementation of the intervention

Four nudges were implemented in the nudge intervention group; the control group
did not receive any nudges (their course messaging was delivered as usual). Each
nudge was associated with a course assessment (assignment), implemented 3-5
days before the assessment due date. The nudge messages were digital images
containing specific information about past student behaviors and placed in the to-do
lists in the week’s module on the LMS, and in a to-do list transmitted as an LMS
announcement. These to-do lists became available weekly to prepare students for the
following week.

The content of the nudges was informed by two preparatory tasks as part of a sys-
tematic review of course content including an instructional design mapping (Russell
et al., 2022). First, for all courses in the Core, each week’s course materials (readings,
asynchronous videos, or asynchronous interactive modules using Rise) were mapped
to a formative or summative assessment, and the estimated courseload (in hours)
was calculated. Then, within the course, bivariate analyses compared the grades on
the course’s four primary assessments between those who did and did not engage
with all of the course content (as described above) that was mapped to that assign-
ment. The following nudges were implemented: 1) Applying Theory to Interventions
(Week 2: “We checked the data....Students who read the key readings for Weeks 1
and 2 scored 3 points higher on this week’s quiz compared to students who didn’t.” 2)
Program Planning & Evaluation — 1 (Week 3): “What needs to get done this week?
Students who completed the readings and videos on this to-do list scored 4.26 points
higher than students who did not.” 3) Program Planning & Evaluation —2 (Week 5):
“Do I need to watch this? Students who watched this week’s lecture videos scored
7 points higher on this assignment than students who didn’t watch the videos. Yes,
you do.” 4) Systems Thinking (Week 9/10): “Triaging your to-do’s? Students who
reviewed the Rise and watched all the videos for this week scored 5 points higher on
their final assignment compared to students who didn’t.”
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2.6 Data analyses

Exposure to the intervention was conceptualized in two ways: (1) using an intent-
to-treat design, in which exposure to the nudges was classified as allocated to the
intervention vs. control sections, independent of actual exposure to the deployed
nudges; (2) using an as-treated design, classifying students on their actual exposure
to each nudge, based on whether the student had or had not accessed the weekly
to-do list (the to-do list included the nudge for those in the nudge sections) through
the LMS (via module and/or announcement).

Bivariate analyses (Chi-square, Fisher’s exact, and independent t tests) compared
the sociodemographic (age; sex; and academic program) characteristics of those
allocated to the nudge intervention sections versus those in control sections. The
effect of the nudges was assumed to be non-cumulative, meaning each exposure
to a week’s nudge was independent. Bivariate analyses compared engagement and
assessment grades for each of the 4 nudges across those exposed vs. not exposed
to the nudge intervention, for the intent-to-treat groups and the as-treated groups.
Course-wide learning outcomes, student experience and metacognition, as assessed
in course evaluations, were compared between those allocated and not-allocated to
the nudge sections (intent-to-treat). Finally, logistic regression models compared the
odds of completing all of the assigned work for each nudge, among intent-to-treat
sample, adjusting for age and program type (characteristics that differed significantly
between those in the nudge vs. no nudge sections).

3 Results

The sample (N=560) of graduate MPH students in this study ranged in age from
18 to 51 years (mean=24), was racially and ethnically diverse, and predominantly
female (82.6%) and enrolled in a full-time program (87%) (Table 1). Students in the
sections randomized to receive the nudge interventions were disproportionately in
the full-time program, and were younger, reflecting the structure of the course to put
students in an accelerated program for students more advanced in their careers in
one section (a section randomly allocated to not receive the nudge).

Engagement with course content (Table 2) varied substantially by week and was
generally low: the overall proportion of students engaging with all of the content for
each of the nudges was 49.3% in Week 2, 29.5% in Week 3, 44.3% in Week 5, and
24.1% in Week 9/10. In the as-treated analyses, engagement differed significantly
(Chi square p=0.035) by nudge exposure status only for the first Program Planning
& Evaluation nudge in Week 3, with 48% of those in the nudge sections and 40.6%
in the no-nudge sections completing all of the work (watching three asynchronous
videos and reading one article).

Recognizing that the sections allocated to receive the nudge intervention dif-
fered significantly from those not allocated with regard to age and program type,
we used logistic regression models adjusting for these factors to assess the odds
of completing engagement for each week. After adjusting for these confounders
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Table 1 Sociodemographic and educational characteristics by intervention arm (intent-to-treat, as allo-
cated), N=560

Nudge cohorts No nudge Total (N=560)  p-value
(n=277) cohorts
(n=283)
Age at Enrollment, mean (sd) [range]  23.45 (2.33) 24.38 (3.68) 23.92 (3.12) <0.001%
[18-33] [20-51] [18-51]
Sex
Female 236 (85.5) 226 (79.9) 462 (82.6) 0.078"
Male 40 (14.5) 57 (20.1) 97 (17.4)
Race/Ethnicity 0.075¢
Asian 54 (19.5) 76 (26.9) 130 (23.2)
Black or African American 13 (4.7) 17 (6.0) 30 (5.4)
Hispanic 31(11.2) 28 (9.9) 59 (10.5)
White 105 (37.9) 78 (27.6) 183 (32.7)
Two or More Races 12 (4.3) 9(3.2) 21 (3.8)
Not Asked or Unknown 62 (22.4) 75 (26.5) 137 (24.5)
Citizenship Status 0.247%
US Citizens 218 (78.7) 211 (74.6) 429 (76.6)
Non-US Citizens 59 (21.3) 72 (25.4) 131 (23.4)
Department <0.001"
Biostatistics 13 (4.7) 15 (5.3) 28 (5.0)
Environmental Health Sciences 19 (6.9) 14 (4.9) 33(5.9)
Epidemiology 74 (26.7) 73 (25.8) 147 (26.3)
General Public Health 0(0.0) 20 (7.1) 20 (3.6)
Health Policy and Management 48 (17.3) 51 (18.0) 99 (17.7)
Population and Family Health 45 (16.2) 58 (20.5) 103 (18.4)
Sociomedical Sciences 78 (28.2) 52 (18.4) 130 (23.2)
Program Type
Full-time 266 (96.0) 221 (78.1) 487 (87.0) <0.0017
Notes: Missing data not shown. " = chi-square test; ¥ = independent t-test

(Table 3), no significant relationship remained between intervention status and
engagement.

We also repeated the unadjusted comparisons of engagement in as-treated
analyses, restricting the sample to students who clicked on the to-do list in
each week. In the as-treated nudge groups, exposure to the deployed nudges by
viewing the to-do list was initially high but declined steadily as the semester
progressed, from 96% (Week 2) to 72% (Weeks 9-10). Within the as-treated
analyses (Table 2), there were no significant differences in engagement between
those who viewed the nudge and those who did not.

Given the high variation in engagement in each week (from 24 to 49% overall),
we explored the extent to which contextual factors in the course might explain the
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Table5 Course-wide learning outcomes, student experience and metacognition, as assessed in course
evaluations (Studio Evaluation, November 2021) and Core Experience Survey (January 2022), Intent-to-

Treat sample, as allocated (N=560)

Intent to treat

Studio evaluation (November 2021) Nudge sections (n=277) No nudge sections (n=283) p-value

Course-wide learning outcomes

Prepared to apply public health problems
Agree 183 (88.4) 184 (87.6) 0.805°
Disagree 24 (11.6) 26 (12.4)

Prepared to demonstrate course competencies
Agree 178 (86.0) 181 (86.2) 0.953"
Disagree 29 (14.0) 29 (13.8)

Course-wide student experience

Theory concentration rating
Excellent 82 (39.6) 88 (41.9) 0.560"
Average or good 121 (58.5) 115 (54.8)
Very poor or poor 4(1.9) 7@3.3)

PPE concentration rating
Excellent 109 (52.7) 114 (54.3) 0.489*
Average or good 96 (46.4) 91 (43.3)
Very poor or poor 2 (1.0) 5(2.4)

Systems thinking concentration rating
Excellent 56 (27.1) 81 (38.6) 0.018"
Average or good 129 (62.3) 117 (55.7)
Very poor or poor 22 (10.6) 12 (5.7)

Meta-cognition

Assessments accurately reflected studio content
Agree 183 (88.4) 186 (88.6) 0.958"
Disagree 24 (11.6) 24 (11.4)
Core experience survey (January Nudge cohorts (n=178) No nudge cohorts (n=166) p-value

2022)

Course-wide learning outcomes

Ability to integrate concepts across core
With ease 140 (87.0) 130 (83.9) 0.472%
With difficulty 21 (13.0) 24 (15.5)
Unable 0(0.0) 1 (0.6)

Course-wide student experience

Satisfaction with MPH education in public health interventions course
Satisfied 148 (83.6) 147 (88.6) 0.188"
Dissatisfied 29 (16.4) 19 (11.4)

Note: Number of respondents in the intervention and control groups vary as the response rates for the
course evaluation surveys varies. Missing data not shown. " = chi-square test; * Fisher’s exact test
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variation (Table 2). While we did not observe a relationship between engagement
and the amount of time required to complete the work mapped to the nudge, or the
type of work, engagement was substantially higher in the weeks in which the stu-
dents had a live session with their faculty member and classmates in the week in
which the nudge was deployed (49.3% and 44.3% overall) compared to the weeks in
which they did not (29.5% and 24.1%).

The assignments mapped to each nudge varied in type, and grades were generally
high, with mean grades for all students ranging from 93 to 97 for the four major
assessments (Table 4). We found no significant differences in grades between those
who did and didn’t receive a nudge in the intent-to-treat or the as-treated analyses.

In intent-to-treat analyses of course-wide outcomes (Table 5, above), including
learning outcomes, student experience, and meta-cognition, we found only one
significant difference between those allocated to receive or not receive nudges:
students in the nudge sections rated the Systems Thinking concentration significantly
lower, including a lower proportion rating the concentration as excellent (27.1% vs.
38.6%, Chi square p=0.018).

4 Discussion

In this evaluation of behavioral expectancy nudge intervention within a graduate-
level interdisciplinary, integrated public health Core curriculum, we found that
student engagement varied significantly from week-to-week, but our overall
hypothesis was not upheld. Nudges linking coursework completion to assessment
grade performance did not significantly change student engagement. Students in
this Core curriculum undertake a rigorous course of study, with an estimated 40 or
more hours of coursework per week. As a result, engagement in some weeks was
quite low, with only a quarter of students completing all the out-of-class work in
some weeks. This rate of engagement, while low, is similar to those observed in
other graduate courses, in which students did about half of the assigned reading
(McMinn et al., 2009), though directly comparable data on student engagement
rates for graduate schools of public health are not reported in the literature. Still,
the 44.3% of students watching all of the lecture videos in Week 5 is substantially
higher engagement than reported for online video viewing in other higher education
courses using asynchronous videos (Ozan & Ozarslan, 2016; Radunovich, 2018).
This inquiry has some methodological limitations. LMS data have a number of
constraints, including the lack of a “shared understanding of what constitutes student
engagement” with this learning technology (Nkomo et al., 2021, p. 21). Numerous
factors in students’ lives affect behavioral engagement, including access to technol-
ogy and students’ lived experience; data assessed via LMS is best understood in
the context of these factors (Olson, 2021). Measurement of student engagement is
complex — here, we examined only behavioral engagement, using a crude proxy for
engagement with material. The absolute levels of engagement with readings in this
analysis may lead to an over-estimate of engagement for reading-based content, as
LMS data can only assess whether the student accessed the reading, not whether
they read the entire document. Recent research suggests that the shift to LMS-hosted
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reading — on one hand, a boon to students, as it reduces the cost burden of purchasing
textbooks -- has led to changes in how students read the material (online, rather than
in hard copy) and the types of readings faculty assign (shorter readings), resulting in
a decline in longform reading (Baron & Mangen, 2021). While our measurement of
engagement with online videos is more precise, we were unable to measure the extent
to which students were actively engaged in the videos while they were playing using
existing technologies such as eye tracking or screen capture.

Our a priori hypotheses were that nudges may increase student engagement,
in turn improving assignment-specific and course-wide learning outcomes, learn-
ing experience, and meta-cognition. Our overall null findings are consistent with
a review of nudges by Daamgard & Nielsen (2018) which found that nudges may
not have positive effects for all users exposed to them. Nudges may work best when
they consider the underlying behavioral mechanisms. This study did yield informa-
tion that can guide the deployment of future nudge interventions to increase stu-
dent engagement, which has been shown in observational and interventional set-
tings to be associated with better learning outcomes (Baker et al., 2019; Fincham
et al., 2019). Nudges may be more effective if they relate to behavioral expectan-
cies that drive student engagement, rely on self-regulatory tools (such as reminders
and deadlines), and are deployed with sufficient time to allow students to change
their behavior (Daamgard & Neilsen, 2018). The substantially higher engagement
in weeks in which the students and faculty met in person suggest that what drives
graduate student engagement may be social presence or social identity rather than
grades on assessments. Doo and Bonk (2020) found that social presence is an
important factor to enhance student engagement in large university classes using
a flipped learning model. Future work should include a robust assessment of the
behavioral mechanisms and motivations that underlie student behaviors, testing of
nudges that tap into these motivations, and a richer examination of student learning
behaviors over time using stochastic analyses of data from the learning manage-
ment system (Jovanovic et al., 2017; Kelly et al., 2017).
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