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Abstract
This study integrates theories of achievement motivation and emotion to investigate daily academic behavior in an undergraduate online course. Using cluster analysis and hierarchical logistic regression, we analyze profiles of task values and
anticipated emotions to understand expectations and completion of academic tasks over the duration of a week. Students’
task specific interest, opportunity cost, and anticipated satisfaction and regret varied across tasks and were predictive of both
their expectations of task completion and actual task completion reported the following day. The results shed light on the
important role of achievement motivation as situated and dynamic, highlighting the interplay between task priorities, task
values, and anticipated emotions in academic task engagement.
Keywords Expectancy-value · Academic emotions · Intra-individual · Achievement motivation

Introduction
Relations between university students’ domain-specific
motivation and their long-term academic choices and
behaviors have been extensively studied. However, success
in a particular course depends on students completing individual tasks and assignments on a daily and weekly basis,
and little is known about how students’ study intentions and
motivation operate on a task-specific level. As Ajzen (1993)
pointed out, the principle of aggregation (i.e., the sum of a
set of multiple measurements is a more stable and representative estimator than any single measurement) does not
explain behavioral variability across situations, nor does it
permit prediction of a specific behavior in a given situation.
Therefore, relying on domain-specific models of motivation
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(e.g., math motivation) may not reflect task-specific motivation (e.g., motivation for a particular math assignment) and
behavior. As students approach academic tasks with varying
levels of motivation, emotions, and priorities (Eccles et al.,
1983; Eccles & Wigfield, 2020; Pekrun, 2006), understanding the interplay of these constructs on a task-specific level
is fundamentally important in developing motivational theories of achievement (Dietrich et al., 2017). Furthermore, as
technology has created new learning environments, motivational theories can be vehicles for understanding the affordances and challenges of these contexts.
The proliferation of online courses in universities, especially due to the COVID-19 pandemic, has provided a new
context for learning, providing students with extensive control over the time and place that they complete course-related
tasks. For students, this new context may be advantageous
or problematic; favored or feared, depending on their motivation and ability to self-regulate their learning (Kizilcec
et al., 2017; McPartlan et al., 2021; Means & Neisler, 2021).
Prior research shows that ability beliefs (de Fátima Goulão
& Menedez, 2015; Fryer & Bovee, 2016) and subjective task
values (Chiu & Wang, 2008) are significant predictors of
students’ intentions to persist in e-learning. In this study, we
integrate theories of motivation, emotions, goal-setting, and
planned behavior to investigate daily academic intentions
in an undergraduate online course and the extent to which
motivation at the task level relates to daily task attainment.
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When investigating intentions to complete course-related
tasks at a daily level, the importance of goal hierarchies
becomes apparent. With limited time in a day, students may
plan an activity, but may fail to complete it if a confluence
of self-regulation, achievement emotions, and task-values
leads them to prioritize it lower than other activities. Additionally, students may disengage from a daily academic task
for adaptive reasons (i.e., more urgent and important tasks
that have come up) and reengage with the task at a more
appropriate time. Literature on goal intentions (Gollwitzer,
1993), achievement emotions (Pekrun, 2006), the theory of
planned behavior (Ajzen, 1991), and expectancy-value theory (Eccles et al., 1983) all provide insights into the process
of task attainment, and we seek to synthesize these frameworks to better understand student behavior. As multiple
theoretical perspectives use different terminology, we consider the terms goals and tasks as fundamentally referring
to the same thing.

Synthesizing theoretical frameworks
Numerous psychological models seek to explain motivated
behavior at various levels. The underlying assumption of
many of these models is that motivated behavior stems from
the formation of an intention to engage in a particular task.
These psychological models of motivation have focused on
different facets of the motivational system, including the
role of ability beliefs and subjective task values on domainspecific achievement choices and performance (Eccles et al.,
1983), the relations between attitudes and intentions on
actual behavior at the task-specific level (Ajzen, 1991), the
role of emotions in achievement contexts (Pekrun, 2006),
and the influence of self-regulation on goal pursuit (Gollwitzer et al., 2004). We seek to synthesize the focal constructs
in each theory in order to better explain daily behavior in
an achievement context at the person-level. We proceed to
explain each theory of motivated behavior and the utility
of weaving the focal constructs into an organized model to
study daily academic behavior.

Expectancy‑value theory
According to Eccles’ expectancy-value theory (EVT),
achievement-related intentions and behaviors are directly
influenced psychologically by expectations of succeeding
in a task (i.e., ability beliefs, such as self-efficacy and selfconcept of ability) and the subjective task value associated
with the task compared to other tasks. Subjective task value
refers to the subjective aspects of a task that contribute to
the increasing or decreasing probability than an individual
will select and accomplish it (Eccles, 2005). Subjective task

13

Motivation and Emotion (2021) 45:599–616

value is an emergent property of the task and determined
by the perceived fit between the characteristics of the task
itself and the actor (Eccles & Wigfield, 1995). Subjective
aspects of a task emerge from (1) attainment value (the personal importance an activity has in fulfilling one’s identity
or self-image); (2) intrinsic value1 (interest and enjoyment
in task engagement); (3) utility value (usefulness of the task
for other goals); and (4) the cost of engaging in the activity,
which can be psychological, financial, or time and energy
related.2
Most prior research on Eccles’ EVT has measured ability beliefs and subjective task values at the domain-specific
level (e.g., math motivation) as predictors of future motivation (Umarji et al., 2021), academic intentions and aspirations (Gao & Eccles, 2020), college major selection (Umarji
et al., 2018), college major persistence (Andersen & Ward,
2014), and achievement (Wigfield & Eccles, 2000). For
example, typical survey items will ask students how good
they think they are at math (self-concept) and how interested they are in the subject (interest value). However,
Eccles and Wigfield have recently (2020) renamed their
theory the situated expectancy-value theory, emphasizing
the importance of contextual, situation-specific dynamics in
ability beliefs and values, and some research has examined
the fluctuating nature of ability beliefs and values (Dietrich
et al., 2017, 2019; Parrisius et al., 2020; Tanaka & Murayama, 2014). Highlighting the situated, task-specific nature
of ability beliefs and task-values is important, because different academic tasks, such as homework assignments and
quizzes, within a course may have differing ability beliefs
and value. Thus, on both a task-specific and domain-specific level, intentions, persistence, and achievement are distinct outcomes that are likely manifested through separate
processes with unique predictors. Furthermore, intentions
do not always translate into behavior. Within expectancyvalue theory, the relative task value across available tasks
is considered critical in linking intentions and behaviors,
as intended tasks may be coopted by more valued tasks
(Eccles & Wigfield, 2020). This intention-to-behavior-gap
has received significant attention (Sheeran, 2002), and the
theory of planned behavior (Ajzen, 2005) has addressed
some of the mechanisms relating intentions to behavior.

1

Interest has been conceptualized as both an emotion (Pekrun, 2006;
Silvia, 2008) and as part of task value in expectancy-value research.
2
Recent research has also suggested that cost may be conceptually
and empirically distinct from task-value (Flake et al., 2015; Kosovich
et al., 2015).
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Theory of planned behavior & goals
When investigating motivation for daily academic tasks,
motivational beliefs should be measured at the level of the
specific task under consideration. Thus, when a specific
behavior is to be predicted, such as task completion, the
compatibility principle should be relied upon. The principle states that attitudes will better predict behavior if the
specificity of a measured attitude matches the specificity
of the behavior under consideration (Ajzen & Fishbein,
2005). Lack of utilizing this principle may be considered
a limitation of some expectancy-value research that has
measured attitudes at a domain level to predict various
task-specific behaviors. Furthermore, intentions and actualization of the intentions must be disentangled in conceptualizing how motivation relates to daily academic tasks.
Task-related intentions are considered fundamental antecedents of task attainment. The formation of an
intention is seen as being dependent on both the person’s
attitude toward the behavior and the experienced normative pressures to executive it (Fishbein & Ajzen, 1975).
When behavioral attitudes are positive and subjective
norms favor the execution of a critical behavior, chances
are high that the respective behavioral intention is formed.
Students have many different desires and needs of what
academic and non-academic behaviors to engage in daily,
and some of these desires and needs may be in conflict
with each other due to time constraints or the energy and
effort required to realize them (Eccles, 2005). For example, on a particular day, a student may plan to go work, go
to the gym, attend multiple class, and complete a number
of required and optional school assignments. However,
after attending multiple classes and going to work, the
student may not have the time or energy to go to the gym
or complete their school assignments. Additionally, daily
tasks vary in priority and understanding the hierarchy of
goal intentions is important in the study of goal attainment
(Cropanzano et al., 1993; Eccles, 2005). Goal hierarchies
refer to a mental system in which a person ranks a goal
one above the other according to its perceived importance.
Goal attainment has been found to be more likely to occur
when based on personal value (e.g., autonomous) rather
than controlled motives, such as feeling compelled due
to internal or external pressures (Koestner et al., 2008).
However, in an academic course, assignments are typically
not negotiable and must be completed by a certain time
and in a certain manner. Thus, goal setting in an academic
context may operate differently than setting personal goals
such as weight loss. Another important distinction in the
study of goals can be made between goal intentions and
goal expectations. Intentions refer to what a person intends
to do, whereas expectations refer to how likely a person
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expects to do something (Warshaw & Davis, 1985). Expectations are theorized to capture unobserved factors that
may cause a person to be unsuccessful in fulfilling their
intention (Sheppard et al., 1988). Although expectancyvalue research has investigated the predictors of academic
goal intentions and aspirations, it has rarely considered the
predictors of goal expectations. We believe incorporating
goal expectations from the theory of planned behavior into
EVT and educational psychological research is a valuable
contribution in investigating the intention to behavior gap
in educational settings.

Linking emotions to goal‑directed behavior
A link between the expectancy-value research, the research
on academic emotions, and research on goals (e.g., Oettingen, 1996; Pekrun, 2006; Dirk, Schmidt, & Schmiedek,
2020) is the idea that individuals create expectations or fantasies about future events and their likelihoods of coming
true, evaluate and predict how they would feel if that goal
was successfully achieved or not, and then make decisions
about the goal pursuit. In this thought, the fantasies are
imaginations of the emotions that a person anticipates feeling in case of achieving -or not achieving- a future goal. The
anticipation of emotions is considered key to the emotional
goal system.
The research on academic emotions and the research on
goal setting and goal pursuit agree in distinguishing between
the evaluations and cognitions before, during, and after the
pursuit of an academic goal and emphasize how different
emotions and self-regulation strategies can be in these different phases (Heckhausen & Gollwitzer, 1987; Pekrun, 2006).
Anticipated emotions of a possible future goal achievement
are among the expected outcomes that are evaluated and
weighted in the re-decisional phase, according to the rubicon
model of action phases (Heckhausen & Gollwitzer, 1987;
Pekrun, 2006). Anticipatory emotions reflect how positively
one would feel if the goal were achieved, or how negatively
one would feel if it were not (Bagozzi & Pieters, 1998).
The accomplishment of a goal is expected to be followed
by satisfaction, whereas the failure to accomplish a goal is
expected to be followed by regret (Locke, 1996). Thus, satisfaction and regret appear to be retrospective emotions in
the distinction between prospective, concurrent, and retrospective emotions (Pekrun, 2006). However, students can
anticipate feeling satisfied in the case of a future goal accomplishment or they can anticipate feeling regret if they fail to
achieve a goal due to a lack of proper preparation. Individuals who anticipate experiencing discontent or regret when
they fall short of their goals will likely intensify their efforts
in the goal pursuit (Gollwitzer, 1993), as regret is aversive,
and individuals are motivated to avoid it (Zeelenberg et al.,

13

602

1996). Anticipated regret refers to the extent of regret, tension, or distress a person would feel if they did not perform
a particular behavior. It has strong associations with intentions to perform behaviors after other predictors have been
controlled for (Richard et al., 1995). Anticipating regret
about failing to perform a behavior might bind people to
their intentions, such that participants who both intend to
perform a behavior and anticipate considerable regret if they
do not perform it, should exhibit greater intention behavior
consistency than participants with equivalent intentions who
do not anticipate regret (Sheeran & Orbell, 1999).
Emotions overlap with some aspects of task value (e.g.,
intrinsic value overlapping with the emotions of joy and
interest, and emotional costs overlapping with negative emotions). For example, anticipated regret may also be considered an emotional cost, which is a negative component of
task values (Perez et al., 2014). The subjective value of a
task may also determine the strength of anticipatory emotions, as well as of goal pursuit effort, since emotions and
goal pursuit effort are expected to rise with the subjective
importance (i.e., task value) of a task. The accomplishment
of a goal with a high subjective value is expected to be followed by satisfaction, whereas the failure to accomplish a
subjectively valuable goal is expected to be followed by
regret (Locke, 1996). Goals serve as the reference standard
when individuals evaluate whether to feel satisfied versus
dissatisfied (Mento et al., 1992).
Task values and anticipatory emotions can be crucial
drivers of the motivation to choose a certain goal and to
exert effort in the goal pursuit (e.g., Dietrich et al., 2017;
Oettingen & Mayer, 2002). Many of the experiments by
Oettingen and colleagues demonstrate that anticipated positive feelings upon a future goal achievement contribute to
the motivational force helping people to attain that goal,
but only if complemented by additional cognitive planning
steps, such as identifying and avoiding obstacles and making specific action plans (Adriaanse et al., 2010; Oettingen,
2015; Oettingen & Mayer, 2002; Oettingen et al., 2005). The
effect of emotions on performance likely depends on the
mechanisms facilitated by the emotion and their interactions
with task demands. Positive emotions may focus attention,
foster interest, and promote self-regulation of a task (Pekrun
& Stephens, 2009).

Self‑regulation
Goal intentions, task-values, and anticipated emotions
do not automatically lead to goal attainment. The actions
required to accomplish one’s goal must ensue after the
intention has been made. Based on the model of Pintrich
and De Groot (1990), self-regulation behaviors consist of
three components: students’ use of cognitive strategies, their
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metacognition, and their management of academic resources
(i.e., time and learning environment management, effort regulation, and help-seeking). Whereas motivation, goal setting,
and emotion may all be important for initially developing
goals, self-regulation behaviors then become important
determinants of whether that goal will be attained by regulating students’ cognition, motivation, effort, and behavior as
they actually pursue those goals (Pintrich, 2000). For example, effort regulation has been found to be negatively associated with procrastination (Ziegler & Opdenakker, 2018), and
continuous strategic planning has proven to be especially
predictive of attainment in online courses (Kizilcec et al.,
2017). Yet, even once goals are set, students’ use of cognitive strategies to regulate pursuit of those goals can certainly
still be linked to motivation and emotion. The act of imagining positive or negative emotional outcomes may initiate
self-regulated behavior (Boekaerts, 2011), and a person’s
self-regulation behavior (e.g., metacognition) can reinforce
their motivational belief that they can successfully complete
the task throughout the process (Efklides, 2011), emphasizing the importance of understanding how these processes
often operate together when considering daily behavior.

Applying theories of student behavior
to online learning environments
As the prevalence of online learning has grown, these
theories have also proven useful in understanding student
behavior in online contexts. Recent research using these
theories has shown that studying motivation (Edwards,
2020; Rosenzweig et al., 2019), emotions (Artino & Jones,
2012; Lehman et al., 2012), planned behavior (Chu & Chen,
2016; Ndubisi, 2006), and self-regulation (Kizilcec et al.,
2017; Yeh et al., 2019) can produce meaningful explanations
for online students’ behavior just as it can in the face-toface environments in which these theories were developed
(Noteborn et al., 2012). Some research has even explored
relationships between these topics specifically among online
learners, including emotion, ability beliefs, and task value
(Marchand & Gutierrez, 2012; Noteborn et al., 2012). In
addition, online learning studies investigating self-regulation have explored its individual relationships with emotion
(Artino & Jones, 2012), task value (Sansone et al., 2012),
and planned behavior (Lung-Guang, 2019).
Theories of motivation and self-regulation, especially,
have become important tools for understanding student
achievement in online contexts. Expectancy-value theory has
been useful in identifying that for certain students, selecting
into online courses may be a signal of motivational differences. Selecting online versions of courses is often done due
to either lower interest in the course relative to other courses
(Jaggars, 2014; McPartlan et al., 2021), or recognizing the

Motivation and Emotion (2021) 45:599–616

high costs of balancing the course with other responsibilities (McPartlan et al., 2021; Vanslambrouck et al., 2018).
Meanwhile, studies on self-regulation have long noted the
fact that online students have significantly more autonomy
of when and how to engage with course content, making
goal setting, time management, effort regulation, metacognition, and critical thinking crucial predictors of their academic performance (Broadbent & Poon, 2015; Chang et al.,
2013; Handoko et al., 2019; Lynch & Dembo, 2004). As
this research demonstrates, online learning environments
may initially be chosen by students who are already facing
motivational barriers, and thereafter may not be structured
to support students’ self-regulation as well as well as faceto-face courses. Overall, theories of motivation, emotion,
and self-regulation developed to study student behavior in
traditional contexts have seemed to show a fundamental
compatibility with online contexts (e.g., Daniels & Stupinsky, 2012). In online environments, however, understanding
how students’ motivation and self-regulation is impacting
their behavior may be especially consequential for supporting students’ achievement.
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values (Dietrich et al., , 2017, 2019), and academic emotions
in adolescence (Ganotice et al., 2016; Moeller et al., 2018).
These studies consistently identified unique profiles with
respect to key motivational constructs. In a study focusing
on profiles of ability beliefs, values, and costs in an undergraduate science course, the authors found four profiles
that included low motivation situations, highly motivating
situations, low cost motivation settings, and motivating but
costly situations (Dietrich et al., 2019). Although the authors
investigated associations between global motivational dispositions, they did not investigate how these profiles associated with subsequent behavior on a task. Another study by
Robinson and colleagues (2017) found four affective profiles
of situations in a college anatomy course (positive activated,
positive deactivated, negative activated, and negative deactivated) and found that behavioral and cognitive engagement
in these situations mediated the effects of the profiles on a
course exam. These studies provide support for investigating
the heterogeneity in experiences depending on the situation
or task, yet it is important to note that each of these studies
considered profiles within a set of constructs from a single
theory (e.g., expectancy-value and control-value) only.

Person‑centered research on motivated
behavior

Current study

Based upon the prior discussed theories and constructs
related to motivated behavior, situational heterogeneity of
motivation is likely present both within and across students.
For example, anticipated emotions, interest, and opportunity
cost may differ for numerous reasons depending on the type
of activity (e.g., reading or completing a homework assignment), the valued alternatives available to an individual
that day or moment (e.g., opportunities to hang out with
friends or the need to study for another exam), or a host of
other situation or person specific reasons. Person-centered
approaches that investigate such heterogeneity within or
between people and moments have gained popularity due
to considerations of increased ecological validity by not
assuming ergodicity in psychological processes and due to
the finer-grained details that they allow (Howard & Hoffman, 2018). The assumption of ergodicity assumes that the
structures of interindividual and intraindividual variation are
asymptotically equivalent, and violations of this principle
may lead to incorrect inferences, including the ecological
fallacy. The ecological fallacy occurs when statistical inferences from groups are inappropriately generalized to individuals (Fisher et al., 2018). To avoid these concerns, recent
research in the field of educational psychology has utilized
person-centered approaches to understand heterogeneity
in undergraduate science courses and students’ patterns of
engagement across contexts (Fong et al., 2021; Robinson
et al., 2017), situational fluctuations in ability beliefs and

In the present study, we build upon the task motivation literature by integrating expectancy-value, control-value, goal
setting, and the theory of planned behavior perspectives.
We propose a model describing the motivations and emotions involved in daily learning processes, building on recent
advancements in expectancy-value theory (Eccles & Wigfield, 2020; Moeller et al., 2020). We begin with the idea
that task values are situated and fluctuate between tasks. We
then integrate control-value theory that posits anticipated
emotions influence task engagement. We also include the
role of task prioritization from goal setting theories and goal
expectations from the theory of planned behavior. Our study
contributes to the literature in a number of ways. First, we
study task motivation in the novel context of an asynchronous online course, which allows students the autonomy to
plan and engage with the course material on their own time.
This allows us to investigate motivation in the learning settings in which it naturally occurs. Second, we investigate the
co-occurrence of subjective task values (interest and opportunity cost) and anticipated emotions intra-individually and
across multiple tasks to understand heterogeneity in these
motivational profiles. Third, we investigate the associations
between motivational profiles and both task expectations
and task attainment, as a first step to linking theories about
achievement-related motivation and emotions with theories
about goal-related aspects of self-regulation. See Fig. 1 for
a conceptual model of the hypothesized relations between
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Fig. 1  Conceptual model of
daily task motivation

constructs. We seek to answer the following research
questions:
1. What motivational profiles of subjective anticipated task
values (e.g., interest and cost) and anticipated emotions
(e.g., satisfaction and regret) cooccur within students
across tasks?
2. To what extent do these motivational profiles relate to
expected and actual task completion?
3. To what extent do these motivational profiles, effort regulation and task hierarchy relate to expected and actual
task completion?

Method
Participants
The participants in this study were recruited from an undergraduate, summer, online class at a large public university in
the Southwest United States, in which students are roughly
40% Asian, 26% Hispanic, 20% White, and 4% Black. Also,
roughly 60% are women, 50% are from first-generation backgrounds, and 40% are from low-income backgrounds. Of the
147 students in the course, this study utilizes a subsample of
students (n = 101) who completed daily diary surveys during
the third week of the course.

Setting
The class was an online, elective course on the biology and
chemistry of food and cooking, designed for non-biology
majors. The course was offered in an accelerated five-week
period (as compared to the typical 10-week quarter), and
was considered a “high structure” course, in which students
were assigned deadlines for completing several different
assignments each week (Eddy & Hogan, 2014; Lieu et al.,
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2017). The material was delivered through a combination of
lecture videos (12 per week of roughly eight minutes each)
and a class textbook (three chapters per week). Students’
overall grade comprised several graded assignments. The
three exams (75% of overall grade) were multiple choice,
each covering a third of the course material. Pre-lesson
quizzes (9%) were completed by students after reading
their textbooks and completing optional reading guides
(word documents with questions to help students navigate
their textbooks) (Lieu et al., 2017). These were intended
to help students assess their knowledge prior to watching
class videos. Weekly review quizzes (8%) were completed
by students to help them assess their understanding from
the prior week and thus to help them manage their studying in advance of each exam. Discussion board posts (6%)
were completed by students after watching pre-recorded
lesson videos. Students were asked to expand upon what
they just learned in by connecting the content to their daily
lives, asking follow-up questions, or analyzing data from
the literature. Students were also given 2% of their grade
for completing course evaluations, and two surveys at the
beginning and end of the course, respectively.

Procedure
The instructor informed students they would receive course
credit for completing either of two surveys related to course
motivation in the first and sixth weeks of the course (pre and
post). The instructor then informed students that a research
team would be offering a financial incentive for completing
up to ten additional surveys throughout the term. Students
were offered $3 for each completed survey, as well a $5
bonus for students who completed at least eight of the 10
surveys. Of these, four surveys were administered at the start
of every week (weeks two to five), and six surveys were
administered each morning during week three. Surveys were
administered in Qualtrics. In addition to email notifications,
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students who opted to provide their phone numbers in the
pre-survey were sent text messages with links to personalized online surveys for the daily and weekly surveys (This
study was IRB approved: HS# 2015-2225).

Measures
Daily activity
Students were asked “Please list all the [course-related/
other] activities you plan to accomplish today,” with up to
five open-entry spaces for course-related activities and five
additional open-entry spaces for “other” activities, which
were explained as “(e.g., working for pay, caring for family
members, taking another course, playing sports, completing home projects, etc.”). Responses were coded for type
of activity (e.g., reading, watching videos, take a quiz).
Two research assistants independently coded each activity,
achieving strong interrater reliability (k = 0.83).
Task importance rank
Students were asked to rank order all their planned daily
activities from the most important to least important, with
one being the most important activity of the day.
Interest
Interest for each daily course activity was assessed with the
single item “how interesting is this course-related activity”
on a Likert scale from 1 = not at all interesting to 7 = very
interesting.
Opportunity cost
One item was used to assess opportunity cost for each daily
course activity (item, “how much will you have to give up
to complete this activity?” on a Likert scale from 1 = nothing to 7 = a lot).
Anticipated regret
One item was used to assess anticipated regret for each daily
course activity (item, “How much regret will you feel if you
do not complete this activity?” on Likert scale from 1 = none
at all to 7 = extreme).
Anticipated satisfaction
One item was used to assess anticipated satisfaction for
each daily course activity (item, “How much satisfaction
will you feel if you complete this activity?” on Likert scale
from 1 = none at all to 7 = extreme).
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Expectation of activity completion
One item was used to assess expectancy of activity completion (item, “to what extent do you expect to complete this
activity?” on a Likert scale from 1 = not at all to 7 = completely). Due to the skewed distribution of the response,
where the majority of activities were rated a 7, the item was
recoded into a dichotomous variable of whether or not the
student absolutely expected to complete the activity or not.
Absolute expected complete was coded as 1 if the response
was 7. Otherwise, it was coded as 0.
Actual activity completion
One item was used to assess actual activity completion
on the following day (item, “to what extent did you complete this activity?” on a Likert scale from 1 = not at all
to 7 = completely). Due to the skewed distribution of the
response, where the majority of activities were rated a 7, the
item was recoded into a dichotomous variable of whether
or not the student absolutely completed the activity or not.
Absolute completion was coded as 1 if the response was 7.
Otherwise, it was coded as 0.
Effort regulation
Effort regulation (ER) was measured prior to the start of the
course in the pre-survey. Items from the Motivated Strategies for Learning Questionnaire (Pintrich et al., 1993) were
used to assess students’ self-reported ability to regulate their
effort (Cronbach’s α = 0.79) related to academics (sample
item, “Even when course materials are dull and uninteresting, I manage to keep working until I finish”, measured on a
Likert scale from 1 = strongly disagree to 5 = strongly agree).

Attrition and missing data
The data in this study include a complex pattern of complete and missing data. Students were able to complete up
to five course-related and five non-course related activities
daily. If students did not respond to the daily survey, then
the data were treated as missing. However, if the student put
in at least one activity, the data was considered complete.
Students who participated in the daily surveys had higher
final course grades than those who did not participate in the
daily surveys. However, t-tests showed that there were no
significant differences between daily survey participants and
non-participants in any other key motivational constructs,
including course importance, course interest, effort regulation, and self-efficacy. Of the 101 students who participated
in the daily surveys, 26 students were dropped from our analysis sample due to missing data at the person level, as HLM
drops cases with missing values at level two (Raudenbush
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& Bryk, 2002). The final analysis sample included 75 students with valid daily survey data (i.e., they responded to at
least one daily survey) and baseline data on effort regulation,
yielding 561 total daily tasks reported. The average number
of task-specific observations per student was 7.5. Based on
HLM power literature, 80 level-2 units have been suggested
to reach the threshold power of 0.80 for level-1 fixed effects
with no slope variance and small level-1 sample sizes (Schoeneberger, 2016).

Analysis plan for research questions 1 & 2
Cluster analysis was used to investigate patterns of task values (e.g., interest and cost) and anticipated emotions (satisfaction and regret). Cluster analysis allows for classifying
each task into homogeneous subgroups with respect to the
patterns of task values and emotions reported by the student
by maximizing within-cluster homogeneity and betweencluster heterogeneity (Magnusson & Törestad, 1993; Wormington et al., 2012). Raw scores for interest, cost, regret,
and satisfaction were used for each task, as standardizing
introduces numerous problems with interpreting the data
for longitudinal studies, especially in profile analyses, as
the z-score represent rank in relation other students, not the
extent to which an item was endorsed by a student (Moeller,
2015). A multi-step analysis was carried out using ROPSTAT (Vargha et al., 2015), a statistical package for personcentered analyses. The following steps were performed:
1. Preparatory steps of removing outliers;
2. Hierarchical cluster analysis followed by K-means relocation clustering.
3. Random sample validation procedure to confirm cluster
stability and reliability.
Multivariate outliers were identified using the RESIDAN
method (Bergman, 1988b), which identifies outliers prior to
clustering. Hierarchical clustering methods are sensitive to
outliers that may bias the hierarchical structure at any level
of merging, and the cutoff point was a squared Euclidean
distance greater than 0.7 (Bergman et al., 2003). Three outliers were removed from the analysis sample.
After the preparatory steps were completed, cluster analysis was performed using Ward’s method, a hierarchical
agglomerative method that initially assigns each case to its
own cluster and step-by-step the most similar clusters are
joined together, eventually resulting in one cluster with all
cases (Clatworthy et al., 2005). Ward’s method is based on
squared Euclidian distances to create a similarity/dissimilarity matrix, aiming to minimize the within-cluster sum of
squares (Wormington et al., 2012). Additionally, it makes no
assumptions about the distribution of the data being used. In
order to determine the most suitable cluster solution, both
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a priori theorizing of clusters and statistical considerations
based on the percent of variance explained were considered.
The error sum of squares (ESS), a measure of cluster heterogeneity, and the explained error sum of squares (EESS) were
calculated for all possible cluster solutions.
EEES = 100*((TotalESS-ESS_of_the_given_cluster_solution)/TotalESS).
An EESS value of 100 implies perfect cluster homogeneity, whereas 0 implies the complete absence of cluster homogeneity (Bergman et al., 2003). ESS values were
plotted against EESS values to display an array of possible
cluster solutions based on how much additional error was
included by reducing a cluster from the previous solution.
This analysis was carried out at every wave independently,
as it is possible that a different number of clusters would
emerge at different developmental stages.
K-means clustering was performed to fine-tune cluster
homogeneity by reassigning cases to the optimal cluster. In
K-means clustering, the number of clusters is chosen before
relocation using the initial hierarchical method. Centroids
(i.e., profiles of means for the variables in the clusters)
from the Ward’s analysis were used as starting points, and
all cases within a certain distance of the centroid became
assigned to that cluster until all cases were assigned (Wormington et al., 2012). The K-means analysis reduced the
homogeneity coefficient of the clusters at each wave, confirming that case relocation was appropriate. Cluster stability
and reliability was tested by drawing a random split of the
sample and confirming that similar clusters appeared. After
all cluster solutions were completed, cross-tabulations with
adjusted standardized residuals were used to test for differences in cluster membership and expected and actual task
completion.

Analysis plan for research question 3
Hierarchical logistic regression was used to predict the
likelihood of expected and actual task completion based on
cluster membership, effort-regulation, and task importance
rank. Two models were estimated, one for expected task
completion and one for actual task completion. Repeated
measures of cluster membership and goal hierarchy (level1) were nested within students (level-2). Effort regulation
(level-2) was grand-mean centered, allowing us to analyze
inter-individual differences (Enders & Tofighi, 2007).
To address missing data issues, restricted maximum
likelihood (REML) was used for estimation of variance and
covariance components. REML estimates of variance components account for the uncertainty of the fixed effects. Full
maximum likelihood estimates were computed as a robustness check, and the results were very similar. All analyses
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were estimated using HLM 7 software using robust standard
errors.
The final model for each outcome was:
Level‑1 Model
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task attainment. From this correlational approach, the relatively weak relationships among study variables reaffirmed
the fact that ratings of implementation intentions (expected
completion), motivation, and emotion for different tasks can
co-occur in a variety of different ways, reinforcing the appro-

Prob(Task Completionti = 1|𝜋i ) = 𝜙ti
log[𝜙ti ∕(1 − 𝜙ti )] = 𝜂ti
𝜂ti = 𝜋0i + 𝜋1i ∗ (C1_Cti ) + 𝜋2i ∗ (C3_Cti ) + 𝜋3i ∗ (C4_Cti ) + 𝜋4i ∗ (C5_Cti ) + 𝜋5i ∗ (C6_Cti )
+𝜋6i ∗ (task importance rankti )
Level‑2 Model

𝜋0i = 𝛽00 + 𝛽01 ∗ (ERi ) + r0i
𝜋1i = 𝛽10
𝜋2i = 𝛽20
𝜋3i = 𝛽30
𝜋4i = 𝛽40
𝜋5i = 𝛽50
𝜋6i = 𝛽60
where ηti represents the outcome (expected/actual task completion) of the ith student on the tth task measured and eti
represents the level-1 residual. The parameters, β10 to β50,
represent the estimates of the likelihood of expected and
actual completion by each cluster, relative to the average
cluster, C2. The parameter, β60, represents the association between task importance rank and the likelihood of
expected/actual task completion. β01 represents the effect of
effort regulation on expected/actual task completion. Heterogeneity in the intercept is captured by the random effects, r0i.

Results
Preliminary Findings
Before presenting our findings on the patterns of task values and anticipated emotions and their association with task
attainment, we provide a summary of the descriptive findings as a necessary backdrop to the forthcoming analyses.
Means and standard deviations are provided in Table 1. Students expected to complete 55% of all their daily tasks but
reported completing approximately 43% of them. Of all the
task-related motivational constructs, anticipated emotions of
regret and satisfaction were the highest on average, whereas
opportunity cost had the lowest mean but the largest standard deviation. Correlations for all study variables are found
in Table 2. Task values and anticipated emotions were associated with expectations and actual task completion, with the
exception that interest value was not associated with actual

priateness of a pattern-centered approach for our remaining
analyses.

Clusters of task values and anticipated emotions
The initial results from Ward’s hierarchical method revealed
that a cluster solution between six and nine clusters could
be considered by analyzing the ESS and EESS plots. After
investigating the scree-plot, variance explained, and the
specific clusters in each solution, we determined that a sixcluster solution best fit and explained the data parsimoniously. Every cluster solution beyond the six-cluster solution
began to break one distinct cluster into subgroups that were
not theoretically meaningful. Larger solutions also did not
explain substantially more variance. Additionally, K-means
clustering was used to relocate cases, correcting preliminary classification and increasing cluster homogeneity. The
final six-cluster solution accounted for 67.6% of the variance, above prior used thresholds of 50% or 67% (Hayenga
& Corpus, 2010; Wormington et al., 2012).
We describe the clusters in terms of the extent to which
interest (as an emotion & aspect of task value), opportunity cost, anticipated regret, and anticipated satisfaction were high, medium, or low relative to other clusters.
Cluster means and homogeneity coefficients are displayed
Table 1  Means, standard deviations, and ranges for all study variables

Expected completion (dichotomized)
Expected completion
Actual completion (dichotomized)
Actual completion
Interest
Cost
Anticipated regret
Anticipated satisfaction
Effort Regulation
Ntasks

Mean

SD

Min

Max

0.55
6.20
0.43
5.16
4.90
3.76
5.66
5.78
3.48
561

0.50
1.21
0.50
2.27
1.38
1.70
1.49
1.50
0.64

0
1
0
1
1
1
1
1
2.43

1
7
1
7
7
7
7
7
5
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Table 2  Correlations of all
study variables

Expected
Actual
Interest
Cost
Regret
Satisfaction
Task rank
ER

Expected

Actual

Interest

Cost

Regret

Satisfaction

Task rank

ER

0.44*
0.09*
-0.14*
0.29*
0.14*
0.22*
0.20*

0.03
-0.15*
0.23*
0.13*
0.21*
0.14*

0.11*
0.25*
0.47*
0.08
0.06

0.09*
0.14*
-0.07
0.12*

0.36*
0.18*
0.11*

0.10*
0.19*

-0.12*

-

All variables are repeated measures except for ER = Effort Regulation
* p < 0.05
Table 3  Cluster centroids, size,
and homogeneity coefficients

Name

Interest

Cost

Regret

Satisfaction

Cluster Size

HC

1. High emotions/high cost
2. Medium emotions/medium cost
3. Low cost/high satisfaction
4. High emotions/low cost
5. High Regret
6. Low emotions/low cost

5.49
4.84
5.08
5.66
3.38
3.24

5.30
5.11
2.56
2.10
2.91
3.21

6.64
4.78
4.25
6.61
6.51
3.19

6.73
5.24
6.62
6.47
4.02
3.23

171
87
83
124
47
54

1.22
1.86
1.88
1.26
2.08
2.52

HC Homogeneity coefficient

7
6
5
4
3
2
1

1

2

3
Interest

4
Cost

Regret

5

6

Sasfacon

Fig. 2  Six-cluster solution for subjective task values and emotions profiles

in Table 3 and Fig. 2 illustrates clusters visually. Motivational clusters were labeled as Cluster 1: High emotions/
high cost (n = 171; 30%), Cluster 2: medium emotions/
medium cost (n = 87; 15%), Cluster 3: low cost/high satisfaction (n = 83; 15%), Cluster 4: high emotions/low cost
(n = 124; 22%), Cluster 5: high regret (n = 47; 8%), and
Cluster 6: low emotions/low cost (n = 54; 10%). The high
emotions/ high cost cluster (1) and the low emotions and
low cost cluster (6) refer to daily tasks that were considered high or low in all four constructs of interest, cost,
anticipated regret, and anticipated satisfaction. The low
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cost/high satisfaction cluster (3) referred to daily tasks
where opportunity cost was considered very low, interest
was medium, anticipated regret was somewhat low, but
anticipated satisfaction was very high. The high emotions/
low cost cluster (4) referred to daily tasks that were quite
high on the three emotions of interest, anticipated regret,
and satisfaction, but were low on opportunity cost. The
high regret cluster (5) was low on interest, cost, and anticipated satisfaction, but high on regret only.
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Table 4  Chi-squared test for Cluster Membership and Task Completion
Cluster

High emotions/high cost
Observed
ASR
Medium emotions/medium cost
Observed
ASR
Low cost/high satisfaction
Observed
ASR
High emotions/low cost
Observed
ASR
High regret
Observed
ASR
Low emotions/low cost
Observed
Cluster

High emotions/high cost
Observed
ASR
Medium emotions/medium costs
Observed
ASR
Low cost/high satisfaction
Observed
ASR
High emotions/low cost
Observed
ASR
High regret
Observed
ASR
Low emotions/low cost
Observed
ASR

Expected
0

1

70
− 3.381

135
3.381

85
6.331

36
− 6.331

48
1.558

45
− 1.558

47
− 4.995

124
4.995

36
− 0.246

48
0.246

40
2.963

25
− 2.963

Actual
0

1

84
− 0.317

74
0.317

75
3.247

35
− 3.247

45
1.07

30
− 1.07

47
− 5.238

89
5.238

34
− 1.275

38
1.275

41
4.115

9
− 4.115

Overall χ2 = 71.14, df = 5, p < 0.000

Overall χ2 = 47.87, df = 5, p < 0.000

ASR Adjusted standardized residuals

Cluster membership and task completion
Cross tabulation and adjusted standardized residual analyses
(ASR) were conducted to determine if cluster membership
alone was related to expected and actual task completion.

Separate analyses were done for expected task completion
and actual task completion reported the following day. The
results of the chi-squared analyses are available in Table 4.
Tasks in the high emotions/high cost cluster (1) were
expected to be completed significantly more than expected
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Table 5  Hierarchical logistic
regression models of expected
and actual task completion
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Expected task completion

Actual task completion

Fixed effect

Odds Ratio

SE

Odds Ratio

SE

Intercept
Effort regulation
Cluster 1: high emotions/high cost
Cluster 3: low cost/high satisfaction
Cluster 4: high emotions/low cost
Cluster 5: high regret
Cluster 6: low emotions/low cost
Task rank

1.20
1.68*
3.97*
1.99
5.52*
1.79
0.97
1.37*
Variance
1.00*

(0.34)
(0.21)
(0.40)
(0.44)
(0.39)
(0.43)
(0.54)
(0.10)
χ2 df = 68
151.83

1.25
1.66*
1.71
1.40
2.57*
1.56
0.54
1.40*
Variance
1.00*

(0.40)
(0.23)
(0.35)
(0.39)
(0.38)
(0.45)
(0.39)
(0.11)
χ2 df = 68
151.84

Random intercept

Results are presented as odds ratios. SE = Standard error, which are based on the log odds. *p < .05

by chance (ASR = 3.38, p < 0.001), as were tasks in the
cluster of high emotions/low cost (ASR = 5.00, p < 0.001),
whereas tasks that were low emotions/low cost (cluster 2;
ASR = − 2.96, p < 0.001) and medium emotions/medium cost
(cluster 2; ASR = − 0.6.33, p < 0.001) were significantly less
likely to be completed than expected by chance (e.g., these
clusters were underrepresented in expected task completion).
Regarding actual task completion, the medium emotions/
medium cost tasks (cluster 2; ASR = − 0.3.35, p < 0.001) and
the low emotions/low cost tasks (cluster 6; ASR = − 4.12,
p < 0.001) were completed significantly less than expected
by chance, whereas the high emotions/low costs tasks (cluster 4; ASR = − 0.5.24, p < 0.001) were more likely to report
completing a task than expected by chance. Low cost/high
satisfaction (cluster 3) and high regret (cluster 5) completed
tasks as often expected by chance (p > 0.05).

Hierarchical logistic regression
To better understand differences in task completion based on
task-specific motivational clusters, in addition to task importance rank (e.g., relative hierarchy of task importance) and
effort regulation, we conducted a hierarchical logistic regression for expected and actual task completion. The results are
detailed in Table 5. Each cluster was dummy coded, with the
reference group for the analysis being the medium emotions/
medium cost tasks (cluster 2). This cluster was chosen as
the reference group as it was considered the most average of
all the clusters with respect to the four variables. We begin
by explaining the results for expected task completion. At
the task-level, task importance rank was positively associated with expected task completion (OR = 1.37, p < 0.001),
meaning that the higher a task was ranked within the hierarchy of all daily tasks for a student, the more likely a student
expected to complete that task. Relative to the reference cluster (medium emotions/medium cost), a task in Cluster 1(high
emotions/high cost) or Cluster 4 (high emotions/low cost)
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was significantly more likely to be rated by a student as a task
that they expected to fully complete (Cluster 1: OR = 3.97,
p < 0.001; Cluster 4: OR = 5.52, p < 0.001). Cluster 3 (low
cost/high satisfaction), Cluster 5 (high regret), and Cluster 6
(low emotions/low cost) did not significantly differ from the
reference cluster (medium emotions/medium cost) in the likelihood of expected task completion (p > 0.05). At the person
level, self-reported effort regulation was positively associated
with expecting to complete a task (OR = 1.37, p < 0.05).
For actual task completion, task importance rank was also
positively associated with actual task completion (OR = 1.40,
p < 0.001). Relative to the reference cluster, a task in the
high emotion/high cost cluster was not more likely to be
completed (p > 0.05), after controlling for effort regulation
and task importance rank. However, a task in the high emotions/low cost cluster was more likely to be completed than
a task in the medium cluster (OR = 2.57, p < 0.05), after
controlling for effort and task importance rank. All other
clusters did not significantly differ from the medium cluster.
Self-reported effort regulation was positively associated with
actually completing a task (OR = 1.66, p < 0.05).

Post‑hoc analyses
The high emotions/high cost cluster (1) and high emotions/
low cost cluster (4) were both overrepresented in expectations of task completion. However, only tasks in the high
emotions/low cost cluster (4) were completed more often
than expected. As a robustness check, we performed a test
of proportions to confirm whether the difference between
the two clusters was statistically significant. There was no
difference in the proportion of expected task completion
(z = − 1.19, p = 0.23) between the two clusters, but there
was a significant difference in the proportion of actual task
completion (z = − 2.55, p = 0.01).
We also performed a crosstab analysis of cluster by academic task type. This was done to better understand the
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association between motivational clusters and specific types
of academic tasks that students engaged with throughout the
course. Coding suggested there were six types of academic
tasks that students reported engaging with: (1) quizzes/
exams, (2) textbook reading, (3) textbook study guides, (4)
watching lecture videos, (5) discussion posts, and (6) review.
The overall chi-squared test was significant (p < 0.001) and
results are available in Appendix A. The high emotions/high
cost cluster (1) was underrepresented in reading study guides
and discussion posts. The high emotions/low cost cluster (4)
was overrepresented in discussion posts. The high regret cluster (5) was overrepresented in quizzes and exams, whereas
it was underrepresented in watching lecture videos. The low
emotions/low cost (6) was underrepresented in quizzes and
exams, whereas it was overrepresented in discussion posts.

Discussion
The current study integrated aspects of expectancy-value
theory, control-value theory, the theory of planned behavior, and goal setting theories in order to better understand
daily task motivation and task achievement for students in
an undergraduate online course. We have contributed to the
literature by synthesizing psychological theories of behavior
using a person-centered approach that sheds light on intraindividual and interindividual differences in motivation and
its relationship with task attainment on a daily level. Significant heterogeneity in cluster membership was observed,
suggesting that the motivational system of values and emotions substantially varies between tasks within and between
students. Moreover, clusters were predictive of both expected
task completion and actual task completion, suggesting that
the motivational system of task values and emotions relates to
daily academic task behavior, in line with similar, recent findings from variable-centered approaches (e.g., Ketonen et al.,
2018; Theobald, Breitwieser, Murayama, & Brod, 2021).
Predicting task expectations and completion by motivational and emotional profiles aligns well with expectancyvalue theory. Prior EVT research typically investigates intentions and achievement, and typically ignores the intention
to behavior gap. Our findings contribute to new insights in
considering how motivational profiles related to task expectations and task attainment, with implications for considering students’ metamotivational control. Take the two largest
clusters, for example. High emotion/high cost tasks (Cluster
1) were perceived as very interesting, requiring students to
give up a lot in order to complete, and elicited dual anticipated feelings of satisfaction if completed and regret if not
completely. High emotion/low cost tasks (Cluster 4) were
perceived to be just as interesting and emotionally-loaded
but were tasks that students did not believe they would have
to give up much to complete. These tasks (Cluster 1 & 4),
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which comprised over 50% of all reported tasks, were the
ones students expected they would be especially likely to
complete; suggesting the combination of high interest, anticipated satisfaction, and anticipated regret they had in common indeed aggregate up to excite students towards action.
However, only the high emotion/low cost tasks were especially likely to actually be completed, underscoring the role
that cost plays in the intention to behavior gap despite the
presence of other motivating perceptions. More specifically,
it is possible that although students planning high emotion/
high cost tasks were aware of the high opportunity cost, the
strength of the other motivating factors made them overly
optimistic about finding the time to do it. In other words,
perhaps they underestimated the actual cost of a perceived
costly task. Alternatively, perhaps students disproportionally
weighed their high level of interest and anticipated emotions
toward these tasks above their considerations of the time
investment required. This dilemma may relate to motivation
regulation and metamotivational control, which refers to the
process by which a student attempts to maintain the level
and type of motivation required to optimally pursue a goal
(Miele & Scholer, 2018).
Our pattern-centered approach also helps contextualize
previous research on the effects of anticipated regret by
showing that high anticipated regret alone is not enough to
make students especially likely to complete a task. Previous variable-centered and interindividual approaches have
found that anticipated regret is associated with stronger
intentions and behavior (Gollwitzer, 1993; Richard et al.,
1995; Sheeran & Orbell, 1999). While this may be true when
all else is held constant, our high regret cluster (Cluster 5)
shows that students don’t expect they’ll be especially likely
to complete tasks if high anticipated regret is not accompanied by substantial interest or anticipated satisfaction. Tasks
fitting this high regret profile can be quite consequential,
making it easy to understand why students perceived such
high regret. In our study, tasks in this high regret cluster
were especially likely to be quizzes and exams. Given the
strong grade-based incentives for completing these tasks
(of overall grade, 18 pre-lesson quizzes comprised 9%, 5
weekly review quizzes comprised 8%, 3 exams comprised
75%), this serves as practical reminder that attaching additional consequences to tasks (in this case, grades), may not
make that task especially salient to the student if there are
not positive motivational forces (i.e., interest, satisfaction)
accompanying it.
Are there circumstances under which we might not consider it a negative thing that students do not complete a
planned task? As a converse to the high-regret cluster, low
cost/high satisfaction tasks (Cluster 3) represented lowcost tasks that were indeed both interesting and satisfying. Students were not especially likely to complete these
tasks, but they also anticipated little regret if they failed
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to finish them. There are sensible reasons that a student
may not complete a task that they hoped to accomplish but
did not put a lot of importance in. Task reengagement can
occur in numerous ways and may relate to goal hierarchies
(Ntoumanis & Sedikides, 2018). For instance, a task that is
rated low in priority today because it is not due may rise in
priority as the deadline approaches. Failing to complete all
tasks after setting an ambitious agenda is not necessarily
worse than setting fewer tasks and accomplishing all of
them, especially if there are few consequences for putting
those tasks off.
Coding the types of tasks themselves allowed us to connect theory and practice by identifying what types of assignments were especially likely to be approached with specific
profiles of motivation and emotion. As noted above, students
were especially likely to characterize quizzes and exams as
activities they would feel a lot of regret if not completed.
However, the 26 total pre-lesson quizzes, weekly review
quizzes, and exams all took place within a five-week course,
were often not regarded with much interest or anticipated
satisfaction, and surprisingly, were not especially likely to be
completed despite constituting over 90% of students’ grade.
Descriptive statistics confirmed that for any given assessment, 5–15% of students who completed the course simply
did not do them. This suggests that when assessments are so
plentiful, instructors may need to do more to raise students’
interest in them in order to avoid students falling behind
simply because they are choosing not to do them.
We also found that discussion posts, which are often a
key component of online courses, were especially likely
to be approached with two quite different profiles of motivation and emotion. On the one hand, they were often
approached with high emotions/low cost (Cluster 1), which
were the tasks most likely to be completed. On the other
hand, they were also often approached with low emotions/
low cost (Cluster 6). Essentially, although students did not
find discussion posts costly, some found completing them
both interesting and emotionally charged whereas others
felt the opposite. This reinforces the potential for divergent
attitudes towards peer interaction in online courses. Recent
research has suggested that students who enjoy demonstrating their abilities to their classmates realize that when
in asynchronous online courses, discussion posts are one
of the only ways to make their abilities visible to others
(McPartlan et al., 2019). Meanwhile, some students feel
that discussion posts represent a disingenuous and not very
useful exercise when they attribute classmates’ participation to simply getting a good grade instead of a genuine
interest in engaging in a thought-provoking discussion
(McPartlan & Rutherford, 2018). Finally, the various
social and cognitive costs of engaging with classmates can
lead students to avoid assigned discussion posts altogether
(McPartlan et al., 2020). Therefore, the results suggest that
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these assignments, which gave students several specific
options for how to discuss the course material, did a relatively good job at lowering costs of participating, but did
not always succeed in affectively engaging students. As
courses rapidly move online, new research may consider
how emotions and cost interact to improve online students’
engagement in the more social aspects of online learning.

Limitations and future directions
As the study relied on longitudinal correlational data, no
strong claims can be made about the causal relationships
between variables. Additionally, the sample was restricted
to undergraduates in an elective online course, which may
limit generalizations to other age groups and achievement contexts. Although we conceptualized task values
and emotions as task-specific and thus subject to change
depending on the nature of the task, we operationalized
effort regulation in the presurvey as a stable trait in our
study. However, effort regulation may also be conceptualized as task-specific, especially for online students. Emerging research on “Zoom fatigue,” for example, suggests
how the cognitive and physical demands of certain online
tasks may make prolonged effort regulation especially taxing (Bailenson, 2021). We believe future studies should
investigate effort regulation at the task level to investigate
heterogeneity in regulating effort depending on the value
of the task.
To reduce bias and the likelihood of Type I errors in
multilevel logistic regression models, sample sizes with
50 level-1 units (task observations) nested within 50 to 80
level-2 units (people) have been recommended (Moineddin
et al., 2007; Schoeneberger, 2016). Our sample consisted
of 75 people but with a maximum of ten task observations
per person. Therefore, we recommend a replication study
with more task observations and individuals.
Finally, we recommend that future research on task
behavior measures the specific behavior under study and
whether task disengagement may be adaptive at times. It
may be that ambitious students intend to do assignments
and schoolwork ahead of time and strategic disengagement
from a task with low cost and value may be adaptive and
beneficial in order to complete other tasks that are more
time sensitive and important.

Appendix
See Table 6.
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Table 6  Daily academic task types by cluster

Quiz/exam

Textbook reading

Textbook study guide

Watching video lectures

Discussion posts

Review

High emotions/
high cost

Medium emotions/
medium cost

Low cost/ high
satisfaction

High emotions/
low cost

High regret

Low emotions/ low
cost

58
51.36
1.287
27
22.17
1.289
20
30.59
− 2.475
59
53.04
1.143
10
16.84
− 2.063
9
8.98
0.007

22
28.62
− 1.59
18
12.35
1.864
19
17.05
0.563
27
29.56
− 0.61
11
9.38
0.602
5
5
− 0.003

21
23.85
− 0.74
7
10.29
− 1.176
18
14.21
1.181
32
24.64
1.887
4
7.82
− 1.538
3
4.17
− 0.631

46
45.18
0.164
14
19.5
− 1.533
30
26.91
0.751
46
46.67
− 0.134
23
14.81
2.571
2
7.902
− 2.481

31
21.61
2.535
9
9.33
− 0.123
14
12.87
0.367
12
22.32
− 2.76
4
7.08
− 1.295
7
3.779
1.809

5
12.35
− 2.554
4
5.331
− 0.637
8
7.356
0.27
13
12.755
0.084
8
4.049
2.134
6
2.16
2.775

Adjusted squared residual for each cell displayed below observed and expected frequencies. Bolded cells are those in which expected values significantly differ from observed values at an alpha level of 0.05 (not corrected for multiple tests)

Declarations
Conflicts of interest The authors declare that they have no conflict of
interest.
Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References
Adriaanse, M. A., Oettingen, G., Gollwitzer, P. M., Hennes, E. P.,
De Ridder, D. T., & De Wit, J. B. (2010). When planning is
not enough: Fighting unhealthy snacking habits by mental
contrasting with implementation intentions (MCII). European
Journal of Social Psychology, 40(7), 1277–1293.
Ajzen, I. (1991). The theory of planned behavior. Organizational
Behavior and Human Decision Processes, 50(2), 179–211.
Ajzen, I. (1993). Attitude theory and the attitude-behavior relation.
New Directions in Attitude Measurement, 7(9), 41–57.
Ajzen, I. (2005). Attitudes, personality, and behavior. McGraw-Hill
Education (UK).

Ajzen, I., & Fishbein, M. (2005). The Influence of Attitudes on
Behavior. In D. Albarracín, B. T. Johnson, & M. P. Zanna
(Eds.), The handbook of attitudes (p. 173–221). Lawrence Erlbaum Associates Publishers.
Andersen, L., & Ward, T. J. (2014). Expectancy-value models for the
STEM persistence plans of ninth-grade, high-ability students:
A comparison between Black, Hispanic, and White students.
Science Education, 98(2), 216–242.
Artino, A. R., Jr., & Jones, K. D., II. (2012). Exploring the complex
relations between achievement emotions and self-regulated
learning behaviors in online learning. The Internet and Higher
Education, 15(3), 170–175.
Bagozzi, R. P., & Pieters, R. (1998). Goal-directed emotions. Cognition & Emotion, 12(1), 1–26.
Bailenson, J. N. (2021). Nonverbal overload: A theoretical argument for the causes of Zoom fatigue. Technology, Mind, and
Behavior, 2(1).
Bergman, L. R., Magnusson, D., & El Khouri, B. M. (2003). Studying
individual development in an interindividual context: A personoriented approach, (Vol. 4). Psychology Press.
Boekaerts, M. (2011). Emotions, emotion regulation, and self-regulation of learning. Handbook of Self-Regulation of Learning
and Performance, 5, 408–425.
Broadbent, J., & Poon, W. L. (2015). Self-regulated learning strategies & academic achievement in online higher education
learning environments: A systematic review. The Internet and
Higher Education, 27, 1–13.
Chang, C. C., Tseng, K. H., Liang, C., & Liao, Y. M. (2013). Constructing and evaluating online goal-setting mechanisms in
web-based portfolio assessment system for facilitating selfregulated learning. Computers & Education, 69, 237–249.

13

614
Chiu, C. M., & Wang, E. T. (2008). Understanding Web-based learning continuance intention: The role of subjective task value.
Information & Management, 45(3), 194–201.
Chu, T. H., & Chen, Y. Y. (2016). With good we become good:
Understanding e-learning adoption by theory of planned
behavior and group influences. Computers & Education, 92,
37–52.
Clatworthy, J., Buick, D., Hankins, M., Weinman, J., & Horne, R.
(2005). The use and reporting of cluster analysis in health psychology: A review. British journal of health psychology, 10(3),
329–358.
Cropanzano, R., James, K., & Citera, M. (1993). A goal hierarchy
model of personality, motivation, and leadership. Research in
Organizational Behavior, 15, 267–267.
Daniels, L. M., & Stupnisky, R. H. (2012). Not that different in theory: Discussing the control-value theory of emotions in online
learning environments. The Internet and Higher Education,
15(3), 222–226.
de Fátima Goulão, M., & Menedez, R. C. (2015). Learner autonomy
and self-regulation in eLearning. Procedia-Social and Behavioral Sciences, 174, 1900–1907.
Dietrich, J., Moeller, J., Guo, J., Viljaranta, J., & Kracke, B. (2019).
In-the-moment profiles of expectancies, task values, and costs.
Frontiers in Psychology, 10, 1662.
Dietrich, J., Viljaranta, J., Moeller, J., & Kracke, B. (2017). Situational expectancies and task values: Associations with students’ effort. Learning and Instruction, 47, 53–64.
Dirk, J., Schmidt, A., & Schmiedek, F. (2020). Children’s Daily
Expectancy of Success Predicts Daily Affective Experiences
and Perceived Achievement: An Experience Sampling Study.
[Manuscript submitted for publication]. The DIPF | Leibniz
Institute for Research and Information in Education.
Eccles, J.S., Adler, T. F., Futterman, R., Goff, S. B., Kaczala, C. M.,
Meece, J. L., et al. (1983). Expectations, values and academic
behaviors. In J. T. Spence (Ed.), Perspective on achievement
and achievement motivation (pp. 75–146). W. H. Freeman.
Eccles, J. S. (2005). Subjective task value and the Eccles et al. model
of achievement-related choices. Handbook of competence and
motivation, 105–121.
Eccles, J. S., & Wigfield, A. (1995). In the mind of the actor: The
structure of adolescents’ achievement task values and expectancy-related beliefs. Personality and Social Psychology Bulletin, 21(3), 215–225.
Eccles, J. S., & Wigfield, A. (2020). From expectancy-value theory
to situated expectancy-value theory: A developmental, social
cognitive, and sociocultural perspective on motivation. Contemporary Educational Psychology. https://doi.org/10.1016/j.
cedpsych.2020.101859
Eddy, S. L., & Hogan, K. A. (2014). Getting under the hood: How
and for whom does increasing course structure work? CBE—
Life Sciences Education, 13(3), 453–468.
Edwards, O. V. (2020). The impact of the social context on value
and expectancy beliefs in an online graduate program: The role
of social presence. Journal of Computer Assisted Learning.
Efklides, A. (2011). Interactions of metacognition with motivation
and affect in self-regulated learning: The MASRL model. Educational Psychologist, 46(1), 6–25.
Enders, C. K., & Tofighi, D. (2007). Centering predictor variables in
cross-sectional multilevel models: a new look at an old issue.
Psychological methods, 12(2), 121.
Fishbein, M., & Ajzen, I. (1975). Intention and Behavior: An introduction to theory and research.
Fisher, A. J., Medaglia, J. D., & Jeronimus, B. F. (2018). Lack
of group-to-individual generalizability is a threat to human
subjects research. Proceedings of the National Academy of

13

Motivation and Emotion (2021) 45:599–616
Sciences, 115(27), E6106–E6115. https://d oi.o rg/1 0.1 073/
pnas.1711978115
Flake, J. K., Barron, K. E., Hulleman, C., McCoach, B. D., & Welsh,
M. E. (2015). Measuring cost: The forgotten component of
expectancy-value theory. Contemporary Educational Psychology, 41, 232–244.
Fong, C. J., Kremer, K. P., Troglin-Cox, C. H., & Lawson, C. A. (2021).
Expectancy-value profiles in math and science: a person-centered
approach to cross-domain motivation with academic and STEMrelated outcomes. Contemporary Educational Psychology, 65,
101962.
Fryer, L. K., & Bovee, H. N. (2016). Supporting students’ motivation
for e-learning: Teachers matter on and offline. The Internet and
Higher Education, 30, 21–29.
Ganotice, F. A., Jr., Datu, J. A. D., & King, R. B. (2016). Which emotional profiles exhibit the best learning outcomes? A person-centered analysis of students’ academic emotions. School Psychology International, 37(5), 498–518.
Gao, Y., & Eccles, J. (2020). Who lower their aspirations? The development and protective factors of college-associated career aspirations in adolescence. Journal of Vocational Behavior, 116,
103367.
Gollwitzer, P. M. (1993). Goal achievement: The role of intentions.
European Review of Social Psychology, 4(1), 141–185. https://
doi.org/10.1080/14792779343000059
Gollwitzer, P., Fujita, K., & Oettingen, G. (2004). Planning and
the implementation of goals. In Handbook of self-regulation:
Research, theory, and applications. Guilford Press.
Handoko, E., Gronseth, S. L., McNeil, S. G., Bonk, C. J., & Robin, B.
R. (2019). Goal setting and MOOC completion: A study on the
role of self-regulated learning in student performance in massive open online courses. International Review of Research in
Open and Distributed Learning. https://doi.org/10.19173/irrodl.
v20i4.4270
Hayenga, A. O., & Corpus, J. H. (2010). Profiles of intrinsic and extrinsic motivations: A person-centered approach to motivation and
achievement in middle school. Motivation and Emotion, 34(4),
371–383.
Heckhausen, H., & Gollwitzer, P. M. (1987). Thought contents and
cognitive functioning in motivational versus volitional states of
mind”. Motivation and Emotion, 11(2), 101–120.
Howard, M. C., & Hoffman, M. E. (2018). Variable-centered, personcentered, and person-specific approaches: Where theory meets
the method. Organizational Research Methods, 21(4), 846–876.
https://doi.org/10.1177/1094428117744021
Jaggars, S. S. (2014). Choosing between online and face-to-face
courses: Community college student voices. American Journal
of Distance Education, 28(1), 27–38.
Ketonen, E. E., Dietrich, J., Moeller, J., Salmela-Aro, K., & Lonka, K.
(2018). The role of daily autonomous and controlled educational
goals in students’ academic emotion states: An experience sampling method approach. Learning and Instruction, 53, 10–20.
Kizilcec, R. F., Pérez-Sanagustín, M., & Maldonado, J. J. (2017).
Self-regulated learning strategies predict learner behavior and
goal attainment in Massive Open Online Courses. Computers
& Education, 104, 18–33. https://doi.org/10.1016/j.compedu.
2016.10.001
Koestner, R., Otis, N., Powers, T. A., Pelletier, L., & Gagnon, H.
(2008). Autonomous motivation, controlled motivation, and goal
progress. Journal of Personality, 76(5), 1201–1230.
Kosovich, J. J., Hulleman, C. S., Barron, K. E., & Getty, S. (2015). A
practical measure of student motivation: Establishing validity
evidence for the expectancy-value-cost scale in middle school.
The Journal of Early Adolescence, 35(5–6), 790–816.
Lehman, B., D’Mello, S., & Graesser, A. (2012). Confusion
and complex learning during interactions with computer

Motivation and Emotion (2021) 45:599–616
learning environments. The Internet and Higher Education,
15(3), 184–194.
Lieu, R., Wong, A., Asefirad, A., & Shaffer, J. F. (2017). Improving
exam performance in introductory biology through the use of
preclass reading guides. CBE—Life Sciences Education, 16(3),
ar46.
Locke, E. A. (1996). Motivation through conscious goal setting.
Applied and Preventive Psychology, 5(2), 117–124.
Lung-Guang, N. (2019). Decision-making determinants of students
participating in MOOCs: Merging the theory of planned behavior and self-regulated learning model. Computers & Education,
134, 50–62.
Lynch, R., & Dembo, M. (2004). The relationship between self-regulation and online learning in a blended learning context. The International Review of Research in Open and Distributed Learning.
https://doi.org/10.19173/irrodl.v5i2.189
Magnusson, D., & Törestad, B. (1993). A holistic view of personality: A model revisited. Annual Review of Psychology, 44(1),
427–452.
Marchand, G. C., & Gutierrez, A. P. (2012). The role of emotion in
the learning process: Comparisons between online and face-toface learning settings. The Internet and Higher Education, 15(3),
150–160.
McPartlan, P., Li, Q., & Rutherford, T. (2020, April). Challenges of
improving peer interactions in online courses: The costs of social
presence. Paper accepted for presentation at American Educational Research Association annual meeting, San Francisco, CA.
McPartlan, P., Li, Q., Umarji, O., & Rutherford, T. (2019). How students with performance goals compare themselves when class is
online. Paper to be presented to the Association for Psychological
Science annual meeting, New York, NY.
McPartlan, P., & Rutherford, T. (2018). Are our measures offline? Critiquing measures of motivation in online courses. Poster presented
at the American Educational Research Association annual meeting, New York, NY.
McPartlan, P., Rutherford, T., Rodriguez, F., Shaffer, J. F., & Holton, A.
(2021). Modality motivation: Selection effects and motivational
differences in students who choose to take courses online. The
Internet and Higher Education, 49, 100793. https://doi.org/10.
1016/j.iheduc.2021.100793
Means, B., & Neisler, J. (2021). Teaching and learning in the time of
COVID: The student perspective. Online Learning. https://doi.
org/10.24059/olj.v25i1.2496
Mento, A. J., Locke, E. A., & Klein, H. J. (1992). Relationship of goal
level to valence and instrumentality. Journal of Applied Psychology, 77(4), 395.
Miele, D. B., & Scholer, A. A. (2018). The role of metamotivational
monitoring in motivation regulation. Educational Psychologist,
53(1), 1–21.
Moeller, J., Ivcevic, Z., Brackett, M. A., & White, A. E. (2018). Mixed
emotions: Network analyses of intra-individual co-occurrences
within and across situations. Emotion, 18(8), 1106.
Moeller, J., Viljaranta, J., Tolvanen, A., Kracke, B., & Dietrich, J.
(2020). Introducing a dynamic expectancy-value model to examine moment-to-moment developmental of learning motivation.
[Manuscript submitted for publication.] University of Leipzig.
Moineddin, R., Matheson, F. I., & Glazier, R. H. (2007). A simulation
study of sample size for multilevel logistic regression models.
BMC Medical Research Methodology, 7(1), 1–10.
Ndubisi, N. (2006). Factors of online learning adoption: A comparative
juxtaposition of the theory of planned behaviour and the technology acceptance model. International Journal on E-Learning,
5(4), 571–591.
Noteborn, G., Carbonell, K. B., Dailey-Hebert, A., & Gijselaers, W.
(2012). The role of emotions and task significance in virtual
education. The Internet and Higher Education, 15(3), 176–183.

615
Ntoumanis, N., & Sedikides, C. (2018). Holding on to the goal or
letting it go and moving on? A tripartite model of goal striving.
Current Directions in Psychological Science, 27(5), 363–368.
Oettingen, G. (1996). Positive fantasy and motivation. In P. M. Gollwitzer & J. A. Bargh (Eds.), The psychology of action: Linking
cognition and motivation to behavior (p. 236–259). The Guilford
Press.
Oettingen, G. (2015). Rethinking positive thinking: Inside the new science of motivation. Current.
Oettingen, G., & Mayer, D. (2002). The motivating function of thinking about the future: Expectations versus fantasies. Journal of
Personality and Social Psychology, 83(5), 1198.
Oettingen, G., Mayer, D., Thorpe, J. S., Janetzke, H., & Lorenz, S.
(2005). Turning fantasies about positive and negative futures
into self-improvement goals. Motivation and Emotion, 29(4),
236–266.
Parrisius, C., Gaspard, H., Trautwein, U., & Nagengast, B. (2020). The
transmission of values from math teachers to their ninth-grade
students: different mechanisms for different value dimensions?
Contemporary Educational Psychology, 62, 101891.
Pekrun, R. (2006). The control-value theory of achievement emotions: Assumptions, corollaries, and implications for educational
research and practice. Educational Psychology Review, 18(4),
315–341.
Pekrun, R., & Stephens, E. J. (2009). Goals, emotions, and emotion
regulation: Perspectives of the control-value theory. Human
Development, 52(6), 357–365.
Perez, T., Cromley, J. G., & Kaplan, A. (2014). The role of identity
development, values, and costs in college STEM retention. Journal of Educational Psychology, 106(1), 315–329. https://d oi.o rg/
10.1037/a0034027
Pintrich, P. R. (2000). The role of goal orientation in self-regulated
learning. Handbook of self-regulation (pp. 451–502). Academic Press.
Pintrich, P. R., & De Groot, E. V. (1990). Motivational and selfregulated learning components of classroom academic performance. Journal of Educational Psychology, 82(1), 33.
Pintrich, P. R., Smith, D. A., Garcia, T., & McKeachie, W. J. (1993).
Reliability and predictive validity of the Motivated Strategies
for Learning Questionnaire (MSLQ). Educational and Psychological Measurement, 53(3), 801–813.
Raudenbush, S. W., & Bryk, A. S. (2002). Hierarchical linear models:
Applications and data analysis methods (Vol. 1). Sage.
Richard, R., van der Pligt, J., & de Vries, N. (1995). Anticipated
affective reactions and prevention of AIDS. British Journal of
Social Psychology, 34(1), 9–21.
Robinson, K. A., Ranellucci, J., Lee, Y. K., Wormington, S. V.,
Roseth, C. J., & Linnenbrink-Garcia, L. (2017). Affective profiles and academic success in a college science course. Contemporary Educational Psychology, 51, 209–221. https://doi.
org/10.1016/j.cedpsych.2017.08.004
Rosenzweig, E. Q., Hulleman, C. S., Barron, K. E., Kosovich, J. J.,
Priniski, S. J., & Wigfield, A. (2019). Promises and pitfalls of
adapting utility value interventions for online math courses.
The Journal of Experimental Education, 87(2), 332–352.
Sansone, C., Smith, J. L., Thoman, D. B., & MacNamara, A. (2012).
Regulating interest when learning online: Potential motivation
and performance trade-offs. The Internet and Higher Education, 15(3), 141–149.
Schoeneberger, J. A. (2016). The impact of sample size and other factors when estimating multilevel logistic models. The Journal of
Experimental Education, 84(2), 373–397.
Sheeran, P. (2002). Intention—behavior relations: A conceptual
and empirical review. European Review of Social Psychology,
12(1), 1–36.

13

616
Sheeran, P., & Orbell, S. (1999). Augmenting the theory of planned
behavior: Roles for anticipated regret and descriptive norms
1. Journal of Applied Social Psychology, 29(10), 2107–2142.
Sheppard, B. H., Hartwick, J., & Warshaw, P. R. (1988). The theory
of reasoned action: A meta-analysis of past research with recommendations for modifications and future research. Journal
of Consumer Research, 15(3), 325–343.
Silvia, P. J. (2008). Interest—The curious emotion. Current Directions in Psychological Science, 17(1), 57–60. https://doi.org/
10.1111/j.1467-8721.2008.00548.x
Tanaka, A., & Murayama, K. (2014). Within-person analyses of
situational interest and boredom: Interactions between taskspecific perceptions and achievement goals. Journal of Educational Psychology, 106(4), 1122.
Theobald, M., Breitwieser, J., Murayama, K., & Brod, G. (2021).
Achievement emotions mediate the link between goal failure
and goal revision: evidence from digital learning environments. Computers in Human Behavior, 119, 106726.
Umarji, O., Dicke, A. L., Safavian, N., Karabenick, S. A., & Eccles,
J. S. (2021). Teachers caring for students and students caring for math: The development of culturally and linguistically
diverse adolescents’ math motivation. Journal of School Psychology, 84, 32–48.
Umarji, O., McPartlan, P., & Eccles, J. (2018). Patterns of math and
English self-concepts as motivation for college major selection.
Contemporary Educational Psychology, 53, 146–158.
Vanslambrouck, S., Zhu, C., Lombaerts, K., Philipsen, B., & Tondeur, J. (2018). Students’ motivation and subjective task value
of participating in online and blended learning environments.
The Internet and Higher Education, 36, 33–40.

13

Motivation and Emotion (2021) 45:599–616
Warshaw, P. R., & Davis, F. D. (1985). The accuracy of behavioral
intention versus behavioral expectation for predicting behavioral
goals. The Journal of Psychology, 119(6), 599–602.
Wigfield, A., & Eccles, J. S. (2000). Expectancy–value theory of
achievement motivation. Contemporary Educational Psychology, 25(1), 68–81.
Wormington, S. V., Corpus, J. H., & Anderson, K. G. (2012). A personcentered investigation of academic motivation and its correlates
in high school. Learning and Individual Differences, 22(4),
429–438.
Yeh, Y. C., Kwok, O. M., Chien, H. Y., Sweany, N. W., Baek, E., &
McIntosh, W. A. (2019). How college students’ achievement goal
orientations predict their expected online learning outcome: The
mediation roles of self-regulated learning strategies and supportive online learning behaviors. Online Learning, 23(4), 23–41.
Zeelenberg, M., Beattie, J., Van der Pligt, J., & De Vries, N. K. (1996).
Consequences of regret aversion: Effects of expected feedback
on risky decision making. Organizational Behavior and Human
Decision Processes, 65(2), 148–158.
Ziegler, N., & Opdenakker, M. C. (2018). The development of academic procrastination in first-year secondary education students: The link with metacognitive self-regulation, self-efficacy,
and effort regulation. Learning and Individual Differences, 64,
71–82.
Publisher’s Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

