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ABSTRACT

Planning is a self-regulated learning strategy and widely used be-
havior change technique that can help learners achieve academic
goals (e.g., pass an exam, apply to college, or complete an online
course). Numerous studies have tested the effects of planning in-
terventions, but few have examined the content of learners’ plans
and how it relates to their academic outcomes. Building on a large-
scale intervention study, we conducted a qualitative content anal-
ysis of 650 learner plans sampled from 15 massive open online
courses (MOOCs). We identified a number of planning tactics, com-
pared their prevalence, and examined which ones significantly
predict course progress and completion using regression analy-
ses. We found that learners whose plans specify a time of day (e.g.,
morning, afternoon, night) are significantly more likely to complete
a MOOC, but only 25% of the learners in our sample used this tactic.
The high degree of variation in the effectiveness of planning tactics
may contribute to mixed intervention findings in scale-up studies.
Models of plan effectiveness can be used to provide feedback on
the quality of learners’ plans and encourage them to use effective
tactics to achieve their learning goals.
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1 INTRODUCTION

Self-regulated learning (SRL) theories [45, 62, 66] characterize suc-
cessful learners as highly motivated, metacognitively skilled, and
behaviorally active in their learning process. In practice, however,
learners are not always well-equipped to achieve this. Individuals
have varying degrees of competence in SRL [36] and use different
self-regulation strategies [33]. In informal online education, many
learners find themselves in learning environments that are more
self-directed than traditional classroom settings, which elevates the
role of SRL for achieving good learning outcomes. Learners can
benefit from support to develop their self-regulatory skills in such
environments [10, 54]. SRL research has long focused on motiva-
tional and metacognitive aspects of SRL [44], and recent work is
attending to the behavioral aspect of SRL to address issues of attri-
tion, building on behavioral science research. For example, several
studies have translated and adapted behavior change interventions
for the context of massive open online courses to reduce dropout
rates [16]. A common type of behavior change intervention is to
ask an individual to write concrete and specific action items for
how to achieve a goal (i.e., a planning intervention).

Planning is a behavioral change technique frequently used to
promote desirable behaviors in the context of physical activity [11,
39, 46], healthy diets [1, 4], vaccination [38], volunteering [48], vot-
ing [41], and exam preparation [23]. Planning is also theorized to
be an effective activity in the early "forethought" phase of SRL [67].
While planning in the SRL literature tends to emphasize the strate-
gic selection of sub-tasks to learn specific knowledge or skills, plan-
ning in the behavior change literature tends to emphasize behav-
ioral regulation like time management, structuring environments,
and habit building. Planning interventions may enhance SRL by
helping learners sustain positive learning engagement in online
education.

Planning intervention studies demonstrated positive learning
outcomes. Yeomans and Reich’s study embedded planning prompts
at the beginning of MOOCs and found an increase in completion
rates across multiple MOOCs [64]. The same year another type of
planning intervention tested in two large MOOCs was also found
to have significant benefits for course completion, but only in coun-
tries with an individualistic culture such as the United States [32].
However, a subsequent scale-up study that tested these interven-
tions across hundreds of courses over three years concluded that
they improve engagement in the weeks immediately following
the planning intervention, but did not increase course completion
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rates [34]. However, this scale-up study did not examine the content
of the plans and left important questions unanswered: What types
of plans do people make? And how effective are different types of
plans?

Prior research has investigated ways to enhance the effectiveness
of planning interventions. Additional reinforcements, such as send-
ing a reminder, providing guidelines, and monitoring have been
proposed as ways to enhance intervention effectiveness (e.g., [29]).
But these planning interventions can also be limited by the quality
of individuals’ plans [40]. Between 20 and 40 percent of study par-
ticipants have been found to not adhere to planning instructions
in prior work (e.g., [19, 37, 51, 56]). Although the act of planning
itself may be beneficial (e.g., [6, 27]), it is unclear which kinds of
plans are most effective for goal achievement. A few studies have
examined the specificity of plans as a measure of plan quality and
found more concrete plans to be more effective [18, 43, 65].

Overall, we have little knowledge of how learners plan and how
effective their plans are for achieving learning goals. We posit that
learners use different planning tactics, which we define as strategic
approaches to conduct goal-directed behaviors, and that choice of
tactics may affect goal achievement. For example, is it more effec-
tive for a learner to plan on finishing specific tasks (e.g., to watch
the first two lectures this week) or to plan on spending a certain
amount of time (e.g., to spend three hours this week)? A better
understanding of planning tactics and their relative effectiveness is
needed to improve the design of planning interventions (e.g., pro-
viding suggestions on effective tactics) and to help learners achieve
their goals.

The present study is the first qualitative content analysis of
authentic plans to achieve educational goals in the context of on-
line courses. Study plans have been researched mostly in college
contexts [22, 30] or younger students [14]. We pose two research
questions: What planning tactics do learners use in their plans?
And what planning tactics are associated with achieving behav-
ioral course outcomes (i.e., progress and completion)? To answer
these questions, we conducted a qualitative content analysis of 650
plans that learners wrote as part of a planning intervention embed-
ded in a wide variety of MOOCs. Here, we first identify 24 tactics
from learners’ plans (RQ1), and then investigate which tactics are
predictive of goal attainment (RQ2).

The contribution of this study is three-fold. First, we provide
an in-depth understanding of how learners make plans in a self-
regulated learning environment. This is helpful information for
instructors and instructional design staff who develop curricula for
online courses around the needs of learners (i.e., learner-centered
design). Second, our findings offer practical implications for plan-
ning interventions. Additional scaffolds can be developed based on
our findings, such as examples of effective plans. Third, the findings
lay the groundwork for personalized feedback on the plans that
learners make. Our study provides a comprehensive coding scheme
that applies to plans made for courses in different academic subjects
and a range of complexities.

2 BACKGROUND

Most SRL frameworks present a cyclic process of three or four or-
dered phases, such as goal setting and planning, executing the plans,
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and evaluating performance [45, 62, 66]. In theory, planning is an
important step in most SRL frameworks that prepares for subse-
quent phases in the process and determines the overall effectiveness
of alearning cycle. Yet empirical studies remain inconclusive regard-
ing the impact of planning on learning outcomes. A meta-analysis
conducted by Sitzmann and Ely [55] found planning was not a
significant predictor of learning outcomes for adult learners. More
recent studies conducted in MOOCs showed mixed results: while
Davis and colleagues [17] found planning not to be significantly
associated with learning outcomes, including course completion
and final grades, Kizilcec and colleagues [33] found planning to be
positively associated with course completion and other personal
learning goals. These inconsistent findings raise questions about
how consistent learners are in their plans, and whether individ-
ual differences in their approaches to planning could account for
this variability in planning effectiveness. Although planning in the
SRL literature is concerned with cognitive strategies for reaching
a learning goal (e.g., grouping learning tasks by difficulty level,
reading a chapter and taking a quiz), it often involves behavioral
strategies (e.g., reading every day before going to bed, reviewing
during lunch time, going to a quiet study room at a library). The be-
havioral component of planning grants educators and researchers
opportunities to bring perspectives from behavior science to bolster
learners’ SRL in self-directed learning environments.

The theory of planned behavior posits that people are more likely
to engage in a behavior when they intend to do so [2]. Empirical
evidence shows that an intention to conduct a behavior is predictive
of engaging in the behavior [61]. However, an intention does not
automatically give rise to a behavior—a phenomenon known as the
intention-behavior gap [52, 53]. The intention-behavior gap implies
that merely setting a goal does not guarantee goal achievement; in-
dividuals must take goal-directed actions. Planning is a widely used
intervention technique to bridge the intention-behavior gap. Differ-
ent ways of planning have been proposed and found to be effective
in promoting goal-directed behaviors [9, 15, 28, 60]. Gollwitzer
pioneered the implementation intention strategy, which pairs a
specific condition and a goal-directed behavior using an ‘if-then’
statement [27]. Action planning and coping planning are popular
approaches for planning interventions [6, 57]. Action planning is
developing a schedule containing a time, a place, and steps to en-
gage in a target behavior. Coping planning is preparing solutions
to potential barriers that may deter individuals from conducting
planned behaviors. Despite the differences in protocols, these plan-
ning methods share similarities in specifying when, where, and how
to carry out goal-directed behaviors.

Several studies have tested interventions grounded in the behav-
ior change literature in the context of online education. Yeomans
and Reich [64] asked learners at the beginning of the course to
write about when, where, and how they plan to complete the course
(action planning) as well as how to overcome obstacles (coping plan-
ning). This planning activity resulted in a significant increase in
course completion and has also been shown to increase completion
of extra credit assignments [26]. Kizilcec and Cohen [32] tested a
Mental Contrasting with Implementation Intentions intervention at
the start of the course, which increased course completion among
some learners. These interventions were then tested in a scale-
up study with a quarter-million learners across 250 MOOCs [34].
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The effect on course completion did not replicate, but there was a
short-term effect on engagement in the course (i.e., higher in-course
activity in the first two weeks). Others have failed to find overall
effects, though some heterogeneity may exist [3].

Prior research suggests that people may not be skillful enough
at making plans to fully benefit from planning activities. In a lab-
oratory experiment, Dewitte and colleagues found that not all of
the study participants (40% to 64% depending on the type of goal)
formed implementation intentions in their plans [21], and those
who formed implementation intentions were more likely to per-
form the planned behaviors. Other studies also found that plans
provided by or made with experimenters were more effective in
facilitating behavior change compared to participant-generated
plans [5, 65]. This implies that planning is a skill that people can
acquire. Recently, Bieleke and Keller [13] developed the If-Then
Planning Scale (ITPS) to measure individual differences in planning,
specifically the process of identifying critical situations and defin-
ing goal-directed behaviors. Individuals exhibited varying levels
of competence in making plans according to ITPS, and those more
competent in planning were also more likely to attain their goals.

Several studies have examined the quality of plans and found it
to be positively associated with engaging in goal-directed behav-
iors. Plan quality has been measured mostly based on the level of
specificity, and plan specificity positively influences engagement
in planned behaviors [18, 43, 65]. De Vet and colleagues measured
quality based on whether a directed behavior was defined and
whether the time and the location to conduct the behavior were
adequately specified [18]. Ziegelmann and colleagues assessed if a
plan includes the time and the place to conduct a planned behavior
as well as the frequency and duration of the behavior [65]. Osch and
colleagues evaluated the specificity of plans and additionally mea-
sured instrumentality, which was assessed by whether a plan was
designed for achieving the goal and how feasible the plan was [43].
However, their measure of instrumentality was not significantly
associated with behavioral outcomes [43].

Using a bottom-up approach, Yeomans and Reich [64] used natu-
ral language processing (NLP) to analyze the content of plans made
by learners in MOOCs. They found that course-specific plans were
less likely to support course completion. Moreover, heavy use of
temporal planning (e.g., more time-related words in plans) and use
of concrete time words (e.g., ‘Friday’) instead of abstract time words
(e.g., ‘sometime, ‘soon’) were associated with a lower likelihood
of completion. A follow-up study on concreteness cautions that
merely applying pre-existing, domain-general NLP models may
provide limited information to researchers and practitioners [63].
Instead, training domain-specific models (e.g., models trained with
study plan data in the context of online education) can yield better
insights. We therefore rely on a manual coding process instead of
general NLP models in this work to identify planning tactics.

3 METHODS
3.1 Data and Context

We used data that was originally collected in a large-scale inter-
vention experiment in MOOCs offered by Harvard University, MIT,
and Stanford University [34]. The original study reported findings
from data collected over 2.5 years across 247 MOOCs and included
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over a quarter-million people from nearly every country. The inter-
ventions were implemented in a standardized survey at the start of
the course. Learners were randomly assigned to different kinds of
interventions, including a planning intervention. For the present
study, we use data collected as part of this original study (same
study design), but we restrict our sample to HarvardX MOOCs and
plans written in the planning intervention condition. We also use
data collected from courses that were offered after the original study
was published until 2021. All in all, 132k learners were assigned to
the planning intervention condition between 2017-21 across 384
MOOC:s offered by HarvardX. We sampled courses and written
plans as explained below. The planning intervention asked learners
to formulate a concrete plan for how to complete the course (i.e.
long-term planning); specifically, the planning prompt read:
Please write down a clear, concrete plan to follow through on your
goals in the course. Planning can be a helpful tool in MOOCs! Success-
ful students in previous courses have made detailed plans for how they
will engage throughout the course. In the text boxes below, write out
your plans to complete your work for the course. Please be as specific
as you can! Write clearly, in full sentences, so that someone else could
understand what you mean.

1. When and where do you plan to engage with the course content?
2. What specific steps will you take to ensure you complete the required
coursework?

3.2 Qualitative Content Analysis

We qualitatively analyzed learners’ written responses to each of
the two planning questions above: (1) the when and where question,
and (2) the how question. In three stages, we randomly sampled
responses without replacement in selected courses, excluding pre-
viously sampled plans. As illustrated in Figure 1, we expanded our
selection of courses strategically over three stages to cover a di-
verse set of courses. In the third stage, we sampled more responses
from data science and economics courses to approximate the pro-
portions of course enrollments on the platform. We conducted a
qualitative content analysis of responses to each of the planning
questions separately using an inductive approach [24, 31]. Follow-
ing best practices [25], two co-authors from different countries and
with a high familiarity with MOOCs coded responses to the two
questions independently in three stages. They discussed codes until
they agreed and refined the coding scheme in cases of disagreement
(e.g., for how planning, the ’setting deadlines, 'monitoring, and
’time commitment’ codes were refined by adding details to the code
book). Before sampling and coding, we excluded data points where
the length of the written plan was under 10 characters in either of
the where & where or the how prompts.

In the first stage, we developed a general understanding of the
plans learners make based on a small set of plans written in an
introductory data science MOOC offered in the second term of 2020.
This course was chosen because of its popularity with a wide audi-
ence, including students, researchers, and working professionals.
We randomly sampled 56 from 2,846 learner plans (4,636 learners
were assigned to the planning condition in this course but many
did not write a plan). Plans were read by the researchers multiple
times, divided into condensed meaning units to extract important
information, and developed into codes that describe the important
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STAGE 1

STAGE 2
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STAGE 3

Sample 56 plans from 1
course (1 subject; 2020)

Coded an introductory data
science course

Sample 84 plans from 3
courses (2 subjects; 2020)

Coded an advanced data
science course, a humanities

Sample 510 plans from 14
courses (12 subjects; 2017-21)

Coded courses from diverse
subjects, a wide range of time

course
Make sense of plans

Open coding to develop an
initial coding scheme

Add/remove categories

Refine the coding scheme

Add/remove categories

Refine the coding scheme

Figure 1: Three-stage Process of Sampling Plans and Qualitative Content Analysis.

information. Finally, the researchers organized these codes into
categories.

In the second stage, the coding scheme was refined using another
sample of plans drawn from three intentionally selected MOOCs
offered in 2020: the same introductory data science MOOC from the
first stage, a more advanced data science MOOC, and a humanities
MOOC (see Table 1). We randomly sampled an equal number of
plans from each of the three courses (28 plans out of 2,846, 333, and
988 after exclusions, respectively). Two co-authors coded the plans
independently with the first-stage coding scheme and discussed
conflicting or questionable plans until they reached a consensus for
each one. Following best practices in qualitative research methods,
we opted for detailed discussion between coders to develop a precise
and generalizable coding scheme, rather than focusing on inter-
coder reliability [8]. This stage improved our initial coding scheme
such that it could be applied to courses of varied difficulty levels
(introductory and advanced levels) and different academic subjects
(data science and humanities subjects).

In the third stage, we finalized the coding scheme by applying it
to a larger dataset sampled from a wider pool of academic subjects
offered between 2017 to 2021 (Table 1). We intentionally selected 14
out of the 384 courses with this process: 1) we excluded courses with
less than 5,000 learners assigned to the planning intervention, 2) we
focused on courses that were offered at least three times between
2017 to 2021, 3) we included courses for beginner-level learners
or broad audience, 4) we included courses from diverse academic
subject areas (including architecture, business, data science, edu-
cation, English literature, and humanities such as theology). Then,
we randomly sampled 510 plans from 47,802 plans written in the 14
selected courses. The range of courses and times allowed us to gain
insights into a more diverse array of planning behaviors by MOOC
learners: in particular, we noticed plans varied considerably when
comparing plans made before vs. during the pandemic. Following
the same procedure as in the second stage, we independently coded
plans with the coding scheme and resolved any disagreements in
stage three. The level of agreement between the two coders was
high even before reaching full agreement through discussion, as in-
dicated by a Kappa coefficient of 0.99 for ‘when & where’ plans and
0.82 for ‘how’ plans. Most disagreements for ‘how’ planning arose
for the ‘setting deadlines, ‘monitoring, and ‘time commitment’
codes which we refined by adding details to the codebook.

3.3 Regression Analysis

3.3.1 Dataset. We investigated how planning tactics are associated
with learners’ behavioral outcomes in the course using the 510 plans
from 14 courses coded in the third stage of the content analysis
(Table 1). These plans were written by a diverse sample of learners,
described in Table 2: 263 (52%) male, 246 (48%) female, and 1 non-
binary learner; and an average age of 33 at the time of course
enrollment (sd=12, min=15, max=81, median=33). Only 124 learners
(24%) enrolled in the course live in the United States; others live in
77 different countries, including India (n = 47, 9%), Brazil (n = 33,
6%), and the United Kingdom (n = 27, 5%). Based on the Online
Learning Enrollment Intentions (OLEI) scale [35], learners were
enrolled in the course for various reasons (Table 2). The majority
of the learners reported that they planned to take this course from
start to finish (n = 462, 91%), and only a few reported that they
planned to take some parts (n = 12, 2%), just browse (n = 7, 1%), or
have no clear idea (n = 30 5%). Learners also indicated how many
hours they plan to spend on the course per week and the average
was 6.3 hours (sd=4.8; min=1, max=48, median=5).

3.3.2  Behavioral Outcomes. We use two behavioral outcome mea-
sures obtained from the course data exports: (1) course completion
and (2) course progress. Course completion is presented as the focal
goal in the planning intervention; learners are asked to "write out
your plans to complete your work for the course. To complete a
course, learners need to satisfy all course requirements (e.g., final
project, quizzes). In our final sample, 95 learners (19%) completed
the course they enrolled in; we do not use course performance (e.g.,
grades) as an outcome because requirements vary substantially
across courses. Course progress is considered a goal-directed be-
havior as it is essential to achieve the end goal (course completion).
We operationalize progress here by the number of unique video
lectures that a learner watched (mean=2.5, sd=6.37, min=0, max=38,
median=1.0).!

3.3.3  Analytic Approach. We use regression models to examine
which planning tactics significantly explain each behavioral out-
come measure to gain correlational insights about effective planning
tactics. We separately analyzed tactics employed in the when and

'We additionally confirmed that our results are robust to converting the number of
videos into a percentage of videos (normalizing by the total number of videos in the
course), which yielded the same significant predictors. However, we use the absolute
instead of relative definition due to the noise that arises from miscellaneous videos
in the course that a learner does not need to watch (e.g., how-to guides, tutorials,
recordings of office hours).
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Table 1: Courses Sampled in Each Stage of Qualitative Content Analysis

Stage (Sample Size) Courses Sampled

Plans Sampled (%)

Stage 1 (56 learners)  Data Science: R Basics 56 (100%)
Stage 2 (84 learners)  Data Science: R Basics 28 (33.3%)
Fundamentals of TinyML 28 (33.3%)
Justice 28 (33.3%)

Stage 3 (510 learners)  Data Science: R Basics

158 (31.0%)

Justice 17 (3.3%)
Visualization 21 (4.2%)
Machine learning 10 (2.0%)
Introduction to Digital Humanities 10 (2.0%)
The Architectural Imagination 41 (8.0%)
CitiesX: The Past, Present and Future of Urban Life 15 (2.9%)
Entrepreneurship in Emerging Economies 101 (19.8%)
Christianity Through Its Scriptures 7 (1.4%)
Modern Masterpieces of World Literature 1(0.2%)
Improving Your Business Through a Culture of Health 20 (3.9%)
American Government: Constitutional Foundations 11 (2.2%)
Leaders of Learning 42 (8.2%)
Rhetoric: The Art of Persuasive Writing & Public Speaking 56 (11.0%)
Table 2: Information about Learners in the Sample
Demographic background n (%) Enrollment and completion intentions n (%)
Female 246 (48%) Enrolled for relevance to school or degree program 464 (91%)
> 30 years old 275 (54%) Enrolled for career change 428 (84%)
Employed 269 (53%) Enrolled for fun and challenge 344 (67%)
High school degree or higher 291 (57%) Enrolled to improve English skills 215 (42%)
Lives in USA 124 (24%) Intended to complete the course 462 (91%)
where plan and the how plan (Table 3). Course completion is pre- 4 RESULTS
dicted asa binary outcor‘ne (19% positive cases?) and we use .logistic 4.1 Planning When and Where to Engage in the
regression to analyze this outcome. Course progress is predicted as Course

the log-transformed number of lecture videos watched due to its
long-tailed distribution (skew = 2.91) and we use OLS regression to
analyze this outcome. All models include course fixed effects, which
mean-centers all outcome measures within courses, and standard
errors are clustered at the course level. We use the specific codes
for tactics as predictors instead of higher-order themes given the
exploratory goals of this regression analysis. We confirmed that
tactics were not strongly correlated with each other (i.e., multi-
collinearity; all VIF scores are below 2). We add two covariates to
the regression model: first, a binary indicator that a learner intends
to complete the course (“I plan to take this course from start to
finish” in the survey) since the original study found this to be a pre-
dictive covariate [34]. Second, plan length in terms of the number
of characters in the plan is added as a continuous variable to control
for general motivation and specificity. Learners wrote 72 characters
on average (sd=68.6, min=10, max=746, median=53) for the when
and where question, and 75 characters on average (sd=62.3, min=10,
max=640, median=60.5) for the how question.

2The course completion rate for learners in our sample is relatively high for MOOCs
because they were motivated enough to enter the course, open the optional survey,
progress far enough in the survey to reach the planning intervention, and write a plan.

A total of 314 (62%) plans contain a location and 401 (79%) plans
include at least one temporal planning tactic. Temporal planning is
central to our analysis because 38% of plans lack locations and pro-
vided locations show not much variation. Most are ‘home, ‘office;
and ‘desk, therefore we simply code if a location is provided. Thus,
we find one location tactic and nine tactics for temporal planning
(26% Frequency; 25% Time; 22% Sequence; 16% Day; 11% Present;
7% Noncommittal; 3% Clock; 2% Period; 1% Date), which can be
grouped into five themes: frequency-based planning, time-based
planning, event-based planning, present-oriented planning, and
noncommittal planning.>

In Table 3, time is a significant positive predictor of course com-
pletion. Learners who write plans that specify the time of day are
more likely to complete the course (odds ratio = 2.0). Other tactics

3A plan can fit more than one category. For instance, “I plan to study from home, in
the afternoon from 1p.m to 3p.m.” has three tactics: (location) for ‘from home, (time)
for ‘afternoon,’ and (clock) for ‘from 1p.m to 3p.m’ Frequency-based planning is often
coupled with a time-based planning tactic. For example, “Every Saturday evening"
contains (day) for ‘Saturday’ and (time) for ‘evening, in addition to frequency. Another
example, “On Wednesdays for two hours at home and on Sundays for two hours [...]”
is coded both as frequency and day as it specifies which days of the week, Wednesdays
and Sundays, to engage in learning.
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are not significant predictors of course completion; none of the
tactics is significantly associated with lectures watched (i.e., course
progress).

Frequency-based planning refers to setting task duration or
the number of times per day or per week (or weekend). A total
of 134 (26%) plans include a frequency-based planning tactic. This
theme has one category, frequency. Some learners assign a certain
amount of time per day; for example, learners write, “Daily basis,
for 2-3 hours” and “[...] I'm going to spend at least 2 hours each
day” Others make learning plans to engage in the course regularly,
not necessarily on a daily basis. For example, “I will set a fixed
(repeating) day for every week.” and “[...] 1 hour during the week
and 1 hour on weekends."

Time-based planning refers to making a plan with specific
times. A total of 231 (45%) plans include at least one time-based
planning tactic. This theme comprises four tactics. First, date spec-
ifies a date like “T engage this course content from May 13, 2019 to
June 31, 2019 Second, day mentions day(s) of the week, including
any weekdays or weekends. Examples include, “T will follow the
course from home during the weekend [. . . ],” “On Sundays at home,”
“Monday - Friday." Third, time selects a time of a day. Plans with
this category include keywords ‘morning, ‘afternoon, and ‘night.
Example plans include, “At home in the morning," “Every evening
[...]) and “from home at nights" Fourth, clock specifies a clock
time. For example, “[...] between 6-8”

Event-based planning refers to arranging a learning time on
the basis of an event. A total of 125 (25%) plans include at least
one time-based planning tactic. This theme consists of two tactics:
sequence and period. Sequence refers to planning with a sequence
or occurrence of potential, everyday events or tasks. For example,
plans with this tactic contain phrases like, “After work,” “After
my school,”[...] during my lunch break at work," and “[...] after
finishing family-related activities” Period is planning to engage in
the course over a period of an event or specific time. For instance,
“As right now my college is closed due to COVID-19, [I] will take
the course at home during the quarantine,” “During spring festival,”
“During summer.”

Present-oriented planning is planning to work immediately
or soon after today. This theme has one category, present. A total
of 125 (25%) plans contain present-oriented planning. Learners plan
to engage with the coursework today or tomorrow. For example,
“I am planning to engage today with the course content” and “I
plan to start from tomorrow [...]” Another pronounced group of
plans is to work on the coursework immediately, like these plans,
“as soon as possible,” and “soonest within this week."

Noncommittal planning refers to planning without providing
any details, including a specific time. This theme has one category,
noncommittal. A total of 35 (7%) plans contain noncommittal
planning. Learners write that they will engage in the coursework
anytime or in their spare time. For example, “Anytime I'm free
[...]” “I plan to engage with the content whenever I have free time
[...]) “As often as my schedule permits,” and “As often as possible

L..]7
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4.2 Planning How to Engage in the Course

We find 477 plans (93.5%) contain at least one how tactic; 33 (6%)
plans are either irrelevant to course-taking (coded as ’other’) or
say ‘no plans’. The qualitative content analysis identified 14 tactics:
38% Time commitment, 21% Utilizing tools, 15% Self-reliance, 14%
Task commitment, 14% Meta-planning, 12% Learning strategies,
11% Setting deadlines, 7% Support-seeking, 5% Coupling, 4% Setup,
4% Monitoring, 3% Routine making, 2% No plans, 2% Prioritizing.*
Most plans contain only one tactic (n = 306, 60%), but 36% (n = 184)
contain multiple tactics (mean=1.46, sd=0.86, min=0, max=5).

In Table 3, routine-making and prioritizing tactics are significant
negative predictors of course completion (OR = 0.16 and 0, respec-
tively): learners whose plans used either tactic were less likely to
complete the course. However, both tactics are used in only 2-3%
of plans. None of the tactics were significant predictors of course
progress.

Time commitment is making a time-based commitment. A total
of 192 (38%) plans include this tactic. learners plan to spend a certain
amount of time daily, such as “Dedicate 2 hours of learning every-
day,” and “Taking 2 - 3 hours per day.” There are also less concrete
plans, like, “I plan to access and work on this course EVERYDAY
even if it’s for few minutes," “Do a small amount consistently each
day,” and even “Learn each day.” Some learners make weekly com-
mitments, and their specificity also varies: “I will study about 2 - 4
hours each week,” “spending required hours for completion of the
course every week,' and “Spend time consistently and doing assign-
ments [on] weekly basis." Another line of plans is characterized by
showing willingness to spend time to complete the course instead
of committing time regularly, “If extra time is required, I will wake
up early in the morning to complete the work” Plans with any
time dedication are marked despite their ambiguity. For example,
“Spending [a] good amount of time [...]" and “I would ensure that
I am available for all my classes.” Likewise, plans related to time
scheduling for class are also marked. Examples are “Schedule a
specific time to study everyday [...]" and “Plan a specific time just
to it”

Utilizing tools refers to using tools, technology, or any aids
for a task and/or time management. A total of 107 (21%) plans
include this tactic. Reminders appear most frequently, “Set auto-
reminder for the date and time,” “T'll put reminders on my phone,”
“Push notification on phone to remind me of the studying,” and “I
will set an alarm to remind me daily about the course." Another
frequently used tool is a list, such as a checklist, a to-do list, and
an agenda. These are the examples: “[I] will have a checklist for
my day,” “Keeping a to do list,” “[...] I will stay organized using
my agenda [...]”” Calendars also appear frequently, “Setting timed
slots in my work calendar,” and “I added an appointment to my
calend[a]r" Likewise, multiple plans also mention a timetable like,’]
will make a time table [...]” This category also includes aids (e.g.,
“SMART goals,” which is a technique to set a goal) and actions of

4Some plans reveal more than one tactic about how learners will engage with the
course. Take this plan as an example, “To ensure that I will complete the coursework, I
will spend time ingraining a habit of working on it every morning, after I have my bath
and for 6 hours, reminding myself of the benefits of completion and priding myself
on being the kind of person who does what he sets out to do” Three planning tactics
are used: the learner states that they will not only spend time (time commitment) but
also develop a learning habit (routine making) and fully mobilize personal willpower
(self-reliance).
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Table 3: Regression Results for Tactics in When and Where Planning (left) and How Planning (right). Tactics are coded binary
(if a plan contains the tactic). Logistic regression is used for the binary completion outcome; OLS regression is used for the
continuous progress outcome. Course IDs are included as fixed effects and standard errors (in parentheses) are clustered at the
course level. Intention to complete the course (binary) and plan length in characters are included as covariates. ***p < 0.001;

*p <0.01; *p < 0.05

When/Where Plans Completion Progress How Plans Completion Progress

Location 0.02 0.05 Coupling 1.05 —-0.03
(0.31) (0.12) (0.54) (0.33)
Frequency 0.22 0.26 Routine making —-1.86" —0.06
(0.29) (0.15) (0.75) (0.34)

Day —0.43 —-0.02 Self-reliance 0.26 0.13
(0.52) (0.23) (0.37) (0.19)
Time 0.71* 0.25 Learning strategies -0.10 —0.04
(0.35) (0.13) (0.39) (0.16)
Clock —-0.06 —-0.53 Setup —-1.05 —-0.16
(0.83) (0.35) (0.91) (0.37)

Date 0.05 1.15 Support seeking 0.19 0.08
(1.07) (0.67) (0.48) (0.23)

Sequence —-0.01 0.10 Utilizing tools 0.02 —-0.01
(0.34) (0.18) (0.31) (0.18)

Period 1.33 0.60 Setting deadlines 0.40 0.08
(0.79) (0.61) (0.47) (0.22)
Present 0.24 —-0.08 Time-based commitment —-0.35 —-0.15
(0.41) (0.19) (0.34) (0.13)
Noncommittal 0.11 0.35 Task-based commitment 0.05 -0.19
(0.64) (0.22) (0.32) (0.19)
Plan length 0.00 0.00 Meta-planning —-0.34 —-0.31
(0.00) (0.00) (0.46) (0.21)
Intent to complete 1.28 0.18 Prioritizing —17.23"** —-1.00
(0.66) (0.17) (0.54) (0.43)
Monitoring —-0.65 —0.40
(0.60) (0.31)

No Plan 0.34 0.22
(0.93) (0.41)

Plan length 0.00" 0.00
(0.00) (0.00)

Intent to complete 1.26" 0.14
(0.62) (0.18)

(Pseudo-)R? 0.14 0.25 (Pseudo-)R? 0.17 0.24
Sample Size 510 510 Sample Size 510 510

making a list or writing down tasks (e.g., “make a list of what’s
required each week" and “I will diari[z]e what needs to be done by
when ...”) because they are considered instruments for managing
time and tasks.

Self-reliance is relying on one’s willpower, values, personality,
and attitude. A total of 78 (15%) plans include this tactic. Some
learners focus on overcoming a negative attitude: “Not be lazy.",
“by getting rid of laziness!, and “Making sure not to procrastinate.”
Most learners emphasize a positive attitude: “Work hard and stay
motivated.”, “to be consistent, to be motivated”, and “discipline,
hardwork, and attitude." Some of the plans are more explicit about
the self. For example, “T'll be consistent," and “I have a good dis-
cipline to take courses [...]." Personal values are also mentioned,
either abstractly, like “Use personal motivation [...],” or more con-
cretely, like “[...] reminding myself of the benefits of completion
and priding myself on being the kind of person who does what he

sets out to do” In the plans of this category, learners share their de-
terminedness; “I will make sure that I follow every course seriously
[...]" “Tknow I will complete it”, “Whatever it takes, [I] will try
to do my best”, and “As much as [I] can [I] put my complete effort
to complete this course.”

Task commitment is making a task-based commitment. A total
of 73 (14%) plans include this tactic. Learners plan to engage in
the course on a regular basis, but these plans are varying levels of
specificity; while some plans specify the number of tasks to do each
day, such as “Making sure I take the one lesson per day,” and “T'll try
to complete at less 10 activities everyday,” others are not concrete,
“Make sure that all daily tasks are done promptly,” or even “do the
work in regular intervals” Learners also describe learning activities.
For example, “I'll watch the videos [...],” “complete assignments
and review;” and “finish all lectures and assignments,” Furthermore,
there is a portion of plans where learners claim they will do all
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required tasks for completion, “Do all suggested work. Complete all
assignments. Pass the tests,” and “all steps that could I will need”

Meta-planning is planning to make a plan by setting a goal
regularly, managing time, and scheduling without explicitly com-
mitting a certain amount of time to specific tasks. A total of 70
(14%) plans include this tactic. Goal setting is pronounced in the
plans. Learners make daily goals, such as “write goals each day,
and “By making daily goals to be achieved which will eventually
help in completing the course on time" They also make weekly
goals, like “setting up weekly targets,” and “T'll always make goals
for a week and follow and make sure I complete the weekly targets.”
Furthermore, learners often mention time management, “Manage
my time wisely,” and “I am going to organi[z]e my week[ly] sched-
ule in a way that I will be able to study [...]." This category also
includes abstract plans about planning and scheduling that lack
concrete steps, “Create a pacing plan for myself;” and “scheduling
and planning”

Learning strategies is writing about strategies related to learn-
ing in general or an academic topic of the course in which the
learner enrolled. A total of 63 (12%) plans include this tactic. Any
study strategies, such as taking notes and reviewing, are marked.
For example, “The steps that I will take to ensure the completion
of this course include: extensive research of relevant topic, taking
down notes, reviewing lessons, and reading of relevant materials
to understand and give answers to inquiries.”, “Read the content,
translate the unknown words and interpret the content to complete
the lessons.” and “Listen to the course, write main concepts and
study” Some plans are more specific to an academic subject. For ex-
ample, a plan for a data science course includes installing software,
“[...] Dow[n]load the r program to practice.”

Setting deadlines is setting a deadline or following the course
schedule or a self-imposed timeline on time. A total of 54 (11%)
plans include this tactic. Some learners utilize the course syllabus
or schedule to set deadlines for themselves. For example, “T will
keep an eye on deadlines for assignments and exams. I will schedule
my study time as per the deadline” Other learners set deadlines on
their own, like “Set course milestones on my calendar,” and “Attend
lectures and complete quizzes within set timeline” Many plans are
about keeping up with the schedule; learners write, “[...]stay on
track,” “Will do assignment or frameworks on time,” and simply
“Stick to the plan”

Support-seeking is seeking social support from employers, fam-
ily, and fellow course takers. A total of 36 (7%) plans include this
tactic. In workplace settings, learners negotiate with their employ-
ers,’[...] I will agree with my manager to allow me this time at
work” and organize study groups, “Formed study group at work
for the 9-course series.” Some learners plan to update their families
and/or friends on their learning progress. For example, “I will tell
my wife all about I've learned from every content”, “I will hold
myself accountable by sending a photo to my friend who is also
taking the course when I submit anything”, and “I will share with
others that I am doing it so I have to keep my words.” Also, learners
seek support from a learning community, for example, collaborating
with fellow course takers: “Maintain constant communication with
all EdX representatives, officials, lecturers, professors and tutors
[...]in order to be successful in this course,” and “I hope to pair up
with a fellow course mate, whom I will be accountable to.”
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Coupling is pairing a planned learning behavior with another
goal or activity to motivate oneself. A total of 23 (5%) plans include
this tactic. Learners tie completing the MOOC with career develop-
ment, ranging from improving their credentials, “My intention is
to work on the area and to have a certificate from Harvard. it will
have a big impact on my career [...],” to work performance, “Try
and implement the course work in my work," and “the knowledge
offered by the course can be of great use to me during my next years
as a professional” Some learners who are assumed to be students
also connect course taking with school projects and exams, like,
“While learning the course here, [I] will also be doing my semester
project [aligning] the course so this makes me up to date about
the course” They also draw a link between the MOOCs and their
personal growth, “I'm doing it so I can become better at my blog
and future creative writing pursuits - the visualization of my dream
blog and essay are keeping me motivated.

Setup is setting up a study environment by avoiding or removing
distractions and/or preparing oneself to be in good condition for
learning. A total of 29 (4%) plans include this tactic. Most learners
strategize about handling distractions: “Sit down and take away
anything that will distract me.", “Wait for the kids to go to bed.,
“Close my office to avoid interruptions.” and “Turn off the TV and
social media" Some learners prepare themselves with good con-
ditions for learning. For example, “I will make sure that I have a
better internet connection throughout the course [...], and “T will
go to places every evening where I can focus to this course”

Monitoring is observing or documenting the progress of course-
taking behaviors or/and learning outcomes. A total of 18 (4%) plans
include this tactic. Importantly, this tactic does not include the act
of keeping track of tasks to do, as it is more of task management. Ex-
amples of plans are the following: “I will keep track of my progress
manually[...]” and “record how many hours a week I am spending
on the course so I can get an inference as to how much time is
needed to complete the course material”

Routine making is developing a routine or habit to engage
in learning regularly. A total of 16 (3%) plans include this tactic.
Learners explicitly write that they will develop a routine or a habit.
For example, “I intend to carry out the activities every day at the
same time, in order to create a habit and a discipline [...]"" and “I
will spend time ingraining a habit of working on it every morning,
after I have my bath and for 6 hours." Some learners are implicit
about making a routine for learning by writing, “[...] include this
course into my daily schedule.”

No plans refer to stating having no plan. Learners write that
they don’t know what to plan yet; for example, “I don’t know," “I
do not have specific steps yet ..., "
know about the nature of assignments, which I currently do not
yet oversee." Some learners imply that planning is not necessary
because they will complete the course anyhow. Their plans look
like, “not much specific yet. but I gonna do this” and “none. I know
I will complete it

Prioritizing is making learning as a priority. A total of 11 (2%)
plans include this tactic. Some learners write the course as their
priority; “[...] this course for me is my priority in this moment”,
and “[...] Treat it as a priority" Learners also sacrifice their routine
activity for the course; “I will remember that it’s better to do this for
an hour each night instead of watching TV and “By making sure

This I will determine when I
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I don’t sleep till 'm done with it" They also defer other activities
for learning, “[...] Will not fix any other program by that time of
the day," “I will ensure I don’t make any plans during the time I
have allocated to complete course content. [... ], and “Blocked all
Sunday evenings in my agenda."

5 DISCUSSION

We investigated the content and behavioral correlates of plans made
by people as part of a planning intervention in MOOCs. Plans in
this context comprise two parts: (1) when and where, and (2) how to
engage in coursework to complete the course. For when and where
planning, we identify nine temporal planning tactics. A quarter
of all plans use the time tactic, which is to specify a time of the
day (e.g., morning, afternoon, evening), and this is the only tactic
that is positively associated with course completion in our analysis.
Temporal tactics are not found to be significant predictors of course
progress. For planning how, we identify fourteen tactics. Consis-
tent with prior work [64], we find that time commitment is most
frequently used but not positively associated with behavioral out-
comes. The use of routine making and prioritizing tactics, albeit rare
in our sample, predicts lower course completion but not progress.

We suspect that time is the only significant factor positively
associated with course completion because it is a readily available
cue [12, 49, 50]. Gollwitzer [27] postulates that automating the
process of taking actions is the key to achieving a goal and thereby
suggests pairing an action with an accessible cue when making a
plan. Times of the day, like morning, afternoon, and night serve as
more accessible cues than the others. They are relatively effortless
to spot compared to an event (e.g., after kids go to bed) or non-
specific time (e.g., anytime, free time). They are available more often
compared to less frequent time-based tactics like days of the week
(e.g., weekends), more flexible than a clock time but more stable
than a sequenced event (e.g., ‘after work’) for being less influenced
by other social factors. Additionally, other tactics, date, period, and
present, are planning to engage in learning one time or just for a
specific period; therefore, they may not function as sustainable cues
for conducting a long-term behavior.

The negative relationship between prioritizing and behavioral
outcomes is possibly explained by the challenging nature of the
tactic to sustain over a long period. Prioritizing is accompanied
by sacrificing other routine activities, which requires more effort
to follow through than other tactics that merely arrange certain
behaviors, such as setting deadlines, monitoring, and meta-planning,
or express intention, such as self-reliance, time commitment, and
task commitment. For a similar reason, routine making is effortful
to realize. Our results are consistent with prior findings that show
adverse consequences of setting an ambitious challenge (e.g., [42,
59]). It is possible that learners who plan to prioritize or make a
routine exhaust themselves early in the course and drop out.

Our findings have several implications for planning interventions
in self-directed learning settings, including MOOC:s. First, breaking
down the end goal (e.g., course completion) into a series of sub-goals
may improve learners’ planning behavior. We find learners write
about their tactics—approaches to goal striving-rather than specific
steps as instructed in the how plan. This may be because people tend
to make action plans for more proximal goals instead of longer-term
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goals [20]. Planning prompts could provide or ask individuals to
set their sub-goals to increase learners’ persistence in goal striving
(e.g., [47, 58]). Moreover, this highlights the importance of setting
milestones and formative assessments for online course instructors
and administrative staff. Instruction teams of online courses need
to consider how to better design course schedules and materials to
help learners set sub-goals and readily plan their learning.

A second implication of our findings is that more scaffolds may
be necessary to increase the efficacy of a planning intervention
for goal achievement. Our content analysis yields findings that are
consistent with prior work that shows that many people do not
follow the planning instructions [19, 37, 51, 56]. As seen in previ-
ous studies (e.g., [5, 65]), learners may not be proficient in making
plans, and therefore coaching on how to make a better plan will
increase follow-through behaviors and, subsequently, goal achieve-
ment. For example, based on our findings, the intervention can
provide examples of good plans or instructions for using effective
tactics (e.g., specifying a time of day). The instruction teams of on-
line courses can also consider referring to the findings of our study
to remind learners that there are various planning tactics; they can
use different ones to make a more suitable plan for themselves.

This study has limitations and suggests directions for future
work. First, we coded plans in the context of a MOOC platform that
mostly offers STEM courses. This affects the generalizability of our
findings to courses on different topics with other assignment struc-
tures (e.g., humanities courses that emphasize written reflection,
discussion, and design). Although MOOC:s are a popular option for
self-directed learning, future studies could investigate if learners
use similar planning tactics in other contexts (e.g., high school,
higher education, and educational games). Second, as the effect of
action planning is known to last for only a short period (e.g., [29]),
the long-term behavioral outcomes used in this study may not fully
capture the efficacy of planning tactics in a self-directed learning
environment. Future studies may investigate how planning tactics
are associated with short-term behavioral outcomes, such as week-
long learning behaviors after planning. Third, our findings on the
link between certain tactics and behavioral outcomes should be in-
terpreted with caution. Not only are some of the categories sparsely
represented in the dataset, but the regression results we present
do not have causal interpretations: the use of a certain tactic may
correlate with learner characteristics (e.g., motivation or conscien-
tiousness) that are strong correlates of our behavioral outcomes
themselves. Regression adjustment methods can account for some
variance associated with such confounders but do not guarantee
unconfoundedness. Future research should examine the causal ef-
fects of planning tactics on learning outcomes by nudging learners
to utilize promising tactics in an encouragement design. Fourth,
our English-language intervention may inherently favor English-
speaking learners. While we selected courses to be inclusive of
academic subjects and the time of offering (before and after the pan-
demic), we cannot formally check if the sample is representative of
the MOOC learner population in demographics or performance. Fu-
ture research can identify planning tactics from other non-English
courses and compare them with our findings. Lastly, this study does
not consider specificity (how concrete a plan is), which is known
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to predict follow-through behaviors (e.g., [18, 43, 65]). Future stud-
ies may examine the effect of planning tactics combined with the
concreteness of plans on behavioral outcomes [63].

The main contribution of the present study is that we lay the
groundwork for developing effective and scalable interventions
to promote learning behaviors in self-directed online learning set-
tings. The identified tactics and their relation to learning behaviors
can help enhance intervention designs targeted to promote self-
regulated learning (e.g., [7, 17]). Models of plan effectiveness can be
developed to detect tactics from learners’ plans and provide tailored
feedback that encourages them to use effective tactics to achieve
their learning goals. Based on the planning tactics we identified, fea-
ture engineering and prediction modeling can help forecast MOOC
learners’ course completion. By combining NLP techniques, future
learning analytic studies can develop new predictors (the number
of planning tactics, continuity of planning tactics, etc.) of not only
learning outcomes but also learners’ preparedness for persisting in
the face of challenges. Furthermore, researchers and educators can
utilize the planning tactics presented in this work to design per-
sonalized guidance for individual learners tailored to the planning
tactics adopted by each learner. Our coding scheme can be scaled
up (e.g., to analyze a larger dataset) as we developed it from plan
texts sampled from a wide variety of courses, learner backgrounds,
and plan texts in terms of their length and specificity.

REFERENCES

[1] Marieke A Adriaanse, Gabriele Oettingen, Peter M Gollwitzer, Erin P Hennes,
Denise TD De Ridder, and John BF De Wit. 2010. When planning is not enough:
Fighting unhealthy snacking habits by mental contrasting with implementation
intentions (MCII). European Journal of Social Psychology 40, 7 (2010), 1277-1293.

[2] Icek Ajzen. 1991. The theory of planned behavior. Organizational behavior and
human decision processes 50, 2 (1991), 179-211.

[3] Mark A Andor, Katja M Fels, Jan Renz, and Sylvi Rzepka. 2018. Do planning
prompts increase educational success? Evidence from randomized controlled trials
in MOOCs. Number 790. Ruhr Economic Papers.

[4] Christopher J Armitage. 2007. Effects of an implementation intention-based
intervention on fruit consumption. Psychology and Health 22, 8 (2007), 917-928.

[5] Christopher J Armitage. 2009. Effectiveness of experimenter-provided and self-
generated implementation intentions to reduce alcohol consumption in a sample
of the general population: a randomized exploratory trial. Health Psychology 28,
5 (2009), 545.

[6] Richard P Bagozzi, Hans Baumgartner, and Youjae Yi. 1992. State versus action
orientation and the theory of reasoned action: An application to coupon usage.
Journal of consumer research 18, 4 (1992), 505-518.

[7] Rachel Baker, Brent Evans, and Thomas Dee. 2016. A randomized experiment
testing the efficacy of a scheduling nudge in a Massive Open Online Course
(MOOC). Aera Open 2, 4 (2016), 2332858416674007.

[8] Rosaline S Barbour. 2001. Checklists for improving rigour in qualitative research:
a case of the tail wagging the dog? Bmj 322, 7294 (2001), 1115-1117.

[9] Ariane Bélanger-Gravel, Gaston Godin, and Steve Amireault. 2013. A meta-

analytic review of the effect of implementation intentions on physical activity.

Health psychology review 7, 1 (2013), 23-54.

Bradford S Bell. 2017. Strategies for supporting self-regulation during self-

directed learning in the workplace. In Autonomous learning in the workplace.

Routledge, 117-134.

John Beshears, Hae Nim Lee, Katherine L Milkman, Robert Mislavsky, and Jessica

Wisdom. 2021. Creating exercise habits using incentives: The trade-off between

flexibility and routinization. Management science 67, 7 (2021), 4139-4171.

[12] John Beshears, Katherine L Milkman, and Joshua Schwartzstein. 2016. Beyond

beta-delta: The emerging economics of personal plans. American Economic Review

106, 5 (2016), 430-434.

Maik Bieleke and Lucas Keller. 2021. Individual differences in if-then planning:

Insights from the development and application of the If-Then Planning Scale

(ITPS). Personality and Individual Differences 170 (2021), 110500.

Jasmin Breitwieser, Lea Nobbe, Daniel Biedermann, and Garvin Brod. 2023. Boost-

ing self-regulated learning with mobile interventions: Planning and prompting

help children maintain a regular study routine. Computers & Education 205 (2023),

104879.

=
2

[11

(13

[14

Cho et al.

[15] Natasha Carraro and Patrick Gaudreau. 2013. Spontaneous and experimentally
induced action planning and coping planning for physical activity: A meta-
analysis. Psychology of Sport and Exercise 14, 2 (2013), 228-248.

[16] Ji Yong Cho and René F Kizilcec. 2021. Applying the behavior change technique
taxonomy from public health interventions to educational research. In Proceedings
of the Eighth ACM Conference on Learning@ Scale. 195-207.

[17] Dan Davis, Guanliang Chen, Tim van der Zee, Claudia Hauff, and Geert-Jan
Houben. 2016. Retrieval practice and study planning in MOOCs: Exploring
classroom-based self-regulated learning strategies at scale. In European conference
on technology enhanced learning. Springer, 57-71.

[18] Emely De Vet, Winifred Anne Gebhardt, Judith Sinnige, Anne Van Puffelen, Britt

Van Lettow, and John BF De Wit. 2011. Implementation intentions for buying,

carrying, discussing and using condoms: the role of the quality of plans. Health

Education Research 26, 3 (2011), 443-455.

Emely De Vet, Anke Oenema, and Johannes Brug. 2011. More or better: Do

the number and specificity of implementation intentions matter in increasing

physical activity? Psychology of Sport and Exercise 12, 4 (2011), 471-477.

Hein De Vries, Sander M Eggers, and Catherine Bolman. 2013. The role of action

planning and plan enactment for smoking cessation. BMC Public Health 13, 1

(2013), 1-11.

Siegfried DeWitte, Tom Verguts, and Willy Lens. 2003. Implementation intentions

do not enhance all types of goals: The moderating role of goal difficulty. Current

Psychology 22, 1 (2003), 73-89.

Fengning Du. 2012. Using Study Plans to Develop Self-Directed Learning Skills:

Implications from a Pilot Project. College Student Journal 46, 1 (2012).

Angela Lee Duckworth, Heidi Grant, Benjamin Loew, Gabriele Oettingen, and

Peter M Gollwitzer. 2011. Self-regulation strategies improve self-discipline in

adolescents: Benefits of mental contrasting and implementation intentions. Edu-

cational Psychology 31, 1 (2011), 17-26.

Satu Elo and Helvi Kyngés. 2008. The qualitative content analysis process. Journal

of advanced nursing 62, 1 (2008), 107-115.

Christen Erlingsson and Petra Brysiewicz. 2017. A hands-on guide to doing

content analysis. African journal of emergency medicine 7, 3 (2017), 93-99.

Zachary Felker and Zhongzhou Chen. 2022. Using a Planning Prompt Survey to

Encourage Early Completion of Homework Assignments. In Proceedings of the

Ninth ACM Conference on Learning@ Scale. 446-450.

Peter M Gollwitzer. 1999. Implementation intentions: Strong effects of simple

plans. American psychologist 54, 7 (1999), 493.

Peter M Gollwitzer and Paschal Sheeran. 2006. Implementation intentions and

goal achievement: A meta-analysis of effects and processes. Advances in experi-

mental social psychology 38 (2006), 69-119.

Martin S Hagger and Aleksandra Luszczynska. 2014. Implementation intention

and action planning interventions in health contexts: State of the research and

proposals for the way forward. Applied Psychology: Health and Well-Being 6, 1

(2014), 1-47.

Emely Hoch, Katharina Scheiter, and Kim Stalbovs. 2023. How to support learning

with multimedia instruction: Implementation intentions help even when load is

high. British Journal of Psychology 114, 2 (2023), 315-334.

Hsiu-Fang Hsieh and Sarah E Shannon. 2005. Three approaches to qualitative

content analysis. Qualitative health research 15, 9 (2005), 1277-1288.

René F Kizilcec and Geoffrey L Cohen. 2017. Eight-minute self-regulation inter-

vention raises educational attainment at scale in individualist but not collectivist

cultures. Proceedings of the National Academy of Sciences 114, 17 (2017), 4348—

4353.

René F Kizilcec, Mar Pérez-Sanagustin, and Jorge ] Maldonado. 2017. Self-

regulated learning strategies predict learner behavior and goal attainment in

Massive Open Online Courses. Computers & education 104 (2017), 18-33.

René F Kizilcec, Justin Reich, Michael Yeomans, Christoph Dann, Emma Brunskill,

Glenn Lopez, Selen Turkay, Joseph Jay Williams, and Dustin Tingley. 2020. Scaling

up behavioral science interventions in online education. Proceedings of the

National Academy of Sciences 117, 26 (2020), 14900-14905.

[35] René F Kizilcec and Emily Schneider. 2015. Motivation as a lens to understand

online learners: Toward data-driven design with the OLEI scale. ACM Transactions

on Computer-Human Interaction (TOCHI) 22, 2 (2015), 1-24.

Allison Littlejohn, Nina Hood, Colin Milligan, and Paige Mustain. 2016. Learning

in MOOCs: Motivations and self-regulated learning in MOOCs. The internet and

higher education 29 (2016), 40-48.

[37] Susan Michie, Elizabeth Dormandy, and Theresa M Marteau. 2004. Increasing
screening uptake amongst those intending to be screened: the use of action plans.
Patient Education and Counseling 55, 2 (2004), 218-222.

[38] Katherine L Milkman, John Beshears, James J Choi, David Laibson, and Brigitte C
Madrian. 2011. Using implementation intentions prompts to enhance influenza
vaccination rates. Proceedings of the National Academy of Sciences 108, 26 (2011),
10415-10420.

[39] Sarah Milne, Sheina Orbell, and Paschal Sheeran. 2002. Combining motivational
and volitional interventions to promote exercise participation: Protection moti-
vation theory and implementation intentions. British journal of health psychology
7,2 (2002), 163-184.

[19

[20

[21

[22

&
&

[24

[25

[26

[27

[28

™~
20,

[30

(31

[32

&
&

[34

[36



Which Planning Tactics Predict Online Course Completion?

[40]

[41]

[42]

[43]

[44

[45]

[46]

[47]

[48]

[49

[50]

[51]

[52

[54]

[55

[56

[57]

Chetan D Mistry, Shane N Sweet, Ryan E Rhodes, and Amy E Latimer-Cheung.
2015. Text2Plan: Exploring changes in the quantity and quality of action plans
and physical activity in a text messaging intervention. Psychology & health 30, 7
(2015), 839-856.

David W Nickerson and Todd Rogers. 2010. Do you have a voting plan? Imple-
mentation intentions, voter turnout, and organic plan making. Psychological
Science 21, 2 (2010), 194-199.

Lisa D Ordéfiez, Maurice E Schweitzer, Adam D Galinsky, and Max H Bazerman.
2009. Goals gone wild: The systematic side effects of overprescribing goal setting.
Academy of Management Perspectives 23, 1 (2009), 6-16.

Liesbeth van Osch, Lilian Lechner, Astrid Reubsaet, and Hein De Vries. 2010. From
theory to practice: An explorative study into the instrumentality and specificity
of implementation intentions. Psychology and Health 25, 3 (2010), 351-364.
Ernesto Panadero. 2017. A review of self-regulated learning: Six models and four
directions for research. Frontiers in psychology (2017), 422.

Paul R Pintrich. 2000. The role of goal orientation in self-regulated learning. In
Handbook of self-regulation. Elsevier, 451-502.

Andrew Prestwich, Rebecca Lawton, and Mark Conner. 2003. The use of im-
plementation intentions and the decision balance sheet in promoting exercise
behaviour. Psychology and health 18, 6 (2003), 707-721.

Aneesh Rai, Marissa A Sharif, Edward H Chang, Katherine L Milkman, and
Angela L Duckworth. 2022. A field experiment on subgoal framing to boost
volunteering: The trade-off between goal granularity and flexibility. Journal of
Applied Psychology (2022).

Aneesh Rai, Marissa A Sharif, Edward H Chang, Katherine L Milkman, and
Angela L Duckworth. 2023. A field experiment on subgoal framing to boost
volunteering: The trade-off between goal granularity and flexibility. Journal of
Applied Psychology 108, 4 (2023), 621.

Todd Rogers and Katherine L Milkman. 2016. Reminders through association.
Psychological science 27, 7 (2016), 973-986.

Todd Rogers, Katherine L Milkman, Leslie K John, and Michael I Norton. 2015. Be-
yond good intentions: Prompting people to make plans improves follow-through
on important tasks. Behavioral Science & Policy 1, 2 (2015), 33-41.

Derek R Rutter, Liz Steadman, and Lyn Quine. 2006. An implementation intentions
intervention to increase uptake of mammography. Annals of Behavioral Medicine
32, 2 (2006), 127-134.

Paschal Sheeran. 2002. Intention—behavior relations: a conceptual and empirical
review. European review of social psychology 12, 1 (2002), 1-36.

Paschal Sheeran and Thomas L Webb. 2016. The intention-behavior gap. Social
and personality psychology compass 10, 9 (2016), 503-518.

Traci Sitzmann and Katherine Ely. 2010. Sometimes you need a reminder: The ef-
fects of prompting self-regulation on regulatory processes, learning, and attrition.
Journal of Applied Psychology 95, 1 (2010), 132.

Traci Sitzmann and Katherine Ely. 2011. A meta-analysis of self-regulated learning
in work-related training and educational attainment: what we know and where
we need to go. Psychological bulletin 137, 3 (2011), 421.

Silje Skar, Falko F Sniehotta, Gerard ] Molloy, Andrew Prestwich, and Vera Araujo-
Soares. 2011. Do brief online planning interventions increase physical activity
amongst university students? A randomised controlled trial. Psychology and
Health 26, 4 (2011), 399-417.

Falko F Sniehotta, Ralf Schwarzer, Urte Scholz, and Benjamin Schiiz. 2005. Ac-
tion planning and coping planning for long-term lifestyle change: theory and
assessment. European Journal of Social Psychology 35, 4 (2005), 565-576.

[58] Jennifer Stock and Daniel Cervone. 1990. Proximal goal-setting and self-

[59]

[60]

[61]

[62]

[65]

[66]

regulatory processes. Cognitive therapy and research 14, 5 (1990), 483-498.

Max van Lent and Michiel Souverijn. 2020. Goal setting and raising the bar: A
field experiment. Journal of Behavioral and Experimental Economics 87 (2020),
101570.

Guoxia Wang, Yi Wang, and Xiaosong Gai. 2021. A meta-analysis of the effects of
mental contrasting with implementation intentions on goal attainment. Frontiers
in Psychology 12 (2021), 565202.

Thomas L Webb and Paschal Sheeran. 2006. Does changing behavioral inten-
tions engender behavior change? A meta-analysis of the experimental evidence.
Psychological bulletin 132, 2 (2006), 249.

Philip H Winne. 2011. A cognitive and metacognitive analysis of self-regulated
learning: Faculty of education, Simon Fraser University, Burnaby, Canada. In
Handbook of self-regulation of learning and performance. Routledge, 29-46.
Michael Yeomans. 2021. A concrete example of construct construction in natural
language. Organizational Behavior and Human Decision Processes 162 (2021),
81-94.

Michael Yeomans and Justin Reich. 2017. Planning prompts increase and forecast
course completion in massive open online courses. In Proceedings of the seventh
international learning analytics & knowledge conference. 464-473.

Jochen P Ziegelmann, Sonia Lippke, and Ralf Schwarzer. 2006. Adoption and
maintenance of physical activity: Planning interventions in young, middle-aged,
and older adults. Psychology & Health 21, 2 (2006), 145-163.

Barry J Zimmerman. 2000. Attaining self-regulation: A social cognitive perspec-
tive. In Handbook of self-regulation. Elsevier, 13-39.

LAK 24, March 18-22, 2024, Kyoto, Japan

[67] Barry J Zimmerman and Manuel Martinez Pons. 1986. Development of a struc-

tured interview for assessing student use of self-regulated learning strategies.
American educational research journal 23, 4 (1986), 614-628.



	Abstract
	1 Introduction
	2 Background
	3 Methods
	3.1 Data and Context
	3.2 Qualitative Content Analysis
	3.3 Regression Analysis

	4 Results
	4.1 Planning When and Where to Engage in the Course
	4.2 Planning How to Engage in the Course

	5 Discussion
	References

