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A B S T R A C T   

We measured expectancy, value, and cost 10 times over a 10-week introductory statistics course (N = 219) to 
examine their overall trajectory as well as individual (between-student) differences and situational (within-stu
dent) variability. First, our findings revealed an initial decline in expectancy and value and an initial increase in 
cost. Second, expectancy, utility value, and cost demonstrated individual and situational variability of compa
rable size, while intrinsic value had higher individual variability. Third, individual and situational variability in 
expectancy and value predicted variability in performance. Lastly, the relation of situational variability in ex
pectancy and utility value with performance was stronger for Black, Latinx, and other racially marginalized 
students than for White/Asian students. Our findings provide empirical evidence for the situational nature of 
motivational beliefs and have implications for practitioners, course curriculum designers, and policymakers who 
aim to create more supportive and motivation-enhancing environments, particularly for statistics courses and 
students from racially marginalized and underserved backgrounds. 
Educational relevance and implications statement: The aim of this research was to better understand the dynamic 
and situational nature of motivational beliefs (expectancy, value, and cost) in a college statistics course by 
measuring them 10 times over a 10-week term in an introductory statistics course. We found an initial decline in 
expectancy for success and values for statistics and an initial increase in perceived cost. We also found these 
beliefs fluctuated depending on the learning situation, which in turn, predicted their performance in that situ
ation. Lastly, for students from racially marginalized and underserved groups (e.g., Black, Latinx, and Native- 
American students), we found that the learning situation played a key role in influencing their motivational 
beliefs and performance, highlighting the importance of taking the learning context into account when designing 
motivation-enhancing environments for students in statistics courses. These findings have implications for 
practice in that they (a) allow curriculum developers to redesign certain chapters based on motivational declines, 
and (b) help us identify the student groups whose motivational beliefs varies the most with contextual factors, 
and as such, any context-relevant interventions for creating more equitable learning contexts that support stu
dents of all backgrounds, particularly those who are historically marginalized by our education systems.   

1. Introduction 

Despite the fundamental role of introductory statistics courses as a 

gateway for many undergraduate degree programs (e.g., Biology, Psy
chology, Sociology), students often experience negative attitudes, lack 
motivation, and underperform in statistics courses (Najmi et al., 2018; 
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Primi et al., 2018; Sutter et al., 2022). As a result, introductory statistics 
courses can quickly become a barrier to students' academic success and 
progression in a given major (Schau & Emmioğlu, 2012). One way to 
guide recommendations on what can be done to improve learning in 
(introductory) statistics is to better understand individual (between-stu
dent) differences and situational (within-student) variability1 and how 
they may contribute to differential learning outcomes. Because of its 
connection to learning outcomes and sensitivity to the learning situa
tion, we centered the current investigation on student motivation. 

Motivation is a dynamic process (Brown & Ryan, 2007) that changes 
in response to the learning environment (Kaplan & Patrick, 2016). Sit
uated approaches to motivation (Nolen et al., 2015; Turner & Nolen, 
2015) emphasize the situational nature of motivation and motivation- 
related constructs that are sensitive to the context and depend on 
momentary, dynamic factors such as learning materials, instructional 
practices, and tasks (Rosenberg et al., 2020). For example, learning 
materials that emphasize that making mistakes is part of the learning 
process can increase students' confidence in their own abilities, while 
instructional activities that incorporate real-world examples of course 
topics and provide students with opportunities to connect course topics 
to their personal interests can increase students' perceptions of the 
usefulness, practical relevance, and value of the content (Hulleman & 
Harackiewicz, 2021; Totonchi, Francis, et al., 2023; Totonchi, Tibbetts, 
et al., 2023). Thus, situated approaches to motivation (Nolen et al., 
2015; Turner & Nolen, 2015) consider how motivation varies within 
students (i.e., situational variability) and is influenced by situational 
characteristics rather than varying solely between students (i.e., indi
vidual differences) due to inherent differences among individuals. 

The learning context can further have a profound impact on the 
motivation of students from historically marginalized and underserved 
backgrounds (e.g., female students, Black, Latinx, Native-American 
students, first-generation college students), particularly within scienti
fic disciplines. For example, female students and students from racially- 
marginalized backgrounds are frequently exposed to a variety of situa
tional cues (e.g., in the context of scientific disciplines, a lack of diverse 
representation in learning materials, curriculum, and role models) that 
may question and undermine their abilities, signal that they do not 
belong in science-related fields, and contribute to lower motivation and 
motivation-related constructs (Canning et al., 2019; Muenks et al., 2020; 
Murphy et al., 2007; Murphy & Taylor, 2012; Steele & Aronson, 1995). 
Situational cues are thus important aspects of how individuals interact 
within their context and signal to individuals what and who is valued in 
a particular environment (Muenks et al., 2020). However, more research 
is needed to examine how motivation dynamically changes from one 
situation to another and whether the malleability of motivation to 
situational forces could be different for students of different de
mographic groups. 

Although situational approaches have gained momentum among 
education researchers in recent years (Beymer et al., 2022; Eccles & 
Wigfield, 2020; Moeller et al., 2020), limited empirical research has 
examined the degree to which individual (between-student, e.g., who 
students are) versus situational levels (within-student, i.e., the situations 
students are in) contribute to students' overall motivational experience. 
This gap in research may be partially due to the limitations of the 
research designs that are commonly used in education (e.g., cross- 
sectional methods or longitudinal designs with only a few measure
ments). In turn, application of intensive longitudinal designs (e.g., 
Bolger & Laurenceau, 2013), which require the constructs to be 
measured repeatedly across time, would enable examination of 

constructs across individual levels (i.e., from one student to another) and 
situational levels (i.e., from one situation to another). Accordingly, in 
this study, we used an intensive longitudinal design and measured 
motivational beliefs 10 times over the course of a semester to explore the 
individual (between-student) and situational (within-student) sources of 
variability in students' motivation-related beliefs, their relations with 
performance, and differential associations based on students' gender, 
race, and generation status. 

2. Theory and literature review 

Frameworks that shed light on the contextual variability of motiva
tion in the educational context are situated expectancy-value theory 
(Eccles & Wigfield, 2020) and expectancy-value-cost theory (Barron & 
Hulleman, 2015). These theories posit that students' choices, persis
tence, and performance on a given academic task are most proximally 
determined by students' expectancy, value, and cost beliefs. Expectancy 
beliefs refer to students' ability perceptions or their confidence in being 
able to do a given task, while value beliefs refer to students' reasons for 
wanting to do the task. Value beliefs are further differentiated into three 
major types, which are linked to positive reasons for wanting to do a 
task, including interest from engaging in a task (intrinsic value), 
perceived usefulness and relevance of engaging in a task for current or 
future goals (utility value), or being able to affirm an important aspect of 
one's identity by engaging in the task (attainment value). Within the 
larger context of this study - the online introductory statistics textbook - 
we focused on intrinsic and utility value for the following reasons. The 
mission of the textbook is to make learning statistics more interesting, 
useful, and relevant to students' lives and to promote future interest in 
statistics. The textbook focuses on transferable knowledge and making 
real-life connections using real-world examples and datasets. Given this 
vision of applicability, usefulness, and the relevance of the material and 
content, we are particularly interested in understanding students' ex
periences of intrinsic and utility value. Second, Coursekata is committed 
to the continuous improvement of the textbook based on students' ex
periences. In order to identify barriers or challenges in the textbook (e. 
g., chapters where students are experiencing dips in their perceived 
utility value) and as a result potential intervention opportunities, we 
focus on intrinsic and utility value as they seems more “amenable to a 
classroom intervention” compared to attainment value (Hulleman et al., 
2010, p. 891). 

Finally, cost beliefs refer to not wanting to do a task because of the 
perceived negative consequences of engaging in that task (e.g., Eccles 
et al., 1983; Flake et al., 2015), including effort cost (i.e., task requires 
too much time, energy, and resources to do it), psychological cost (i.e., 
task creates negative emotional states), or opportunity cost (i.e., the task 
prevents one from being able to engage in other desired activities). 

2.1. The situational nature of expectancy, value, and cost 

In the educational psychology literature there is growing attention 
on understanding variability in motivational beliefs (e.g., Berweger 
et al., 2022; Beymer et al., 2022; Moeller et al., 2020; Rutherford et al., 
2023), emotions (e.g., Berweger et al., 2022; Bieg et al., 2013; Goetz 
et al., 2020), and engagement (Rosenberg et al., 2020; Lu et al., 2023; 
Xie et al., 2023) utilizing a variety of theoretical frameworks (e.g., the 
Dynamics of Achievement Motivation in Concrete Situations (DY
NAMICS) framework, Moeller et al., 2020; control-value theory of 
emotions, Pekrun, 2006; Berweger et al., 2022, and situated-expectancy 
value theory, Eccles & Wigfield, 2020) and across a variety of learning 
environments including traditional classroom settings (e.g., Dietrich 
et al., 2017; Rosenberg et al., 2020) and online learning environments 
(e.g., Berweger et al., 2022). In this paper, we utilize the situated 
expectancy-value framework. Similar to Nolen et al.' (2015) situative 
approach to motivation in contexts, situated expectancy-value theory 
(Eccles & Wigfield, 2020) suggests that students' expectancy and value 

1 In multilevel literature, between-person differences are often also referred to as inter-individual 

differences, whereas within-person variability is often referred to as intra-individual variability. In 

the present paper, we will use the terms “individual (between-student) differences” to refer to dif

ferences in motivation between students and use the term “situational (within-student) variability” to 

refer to variation in motivation from one situation to the other within students. 
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can change based on the situation. For example, when the learning sit
uation provides clear expectations and objectives, students are more 
likely to have a clearer understanding of what is expected of them, 
leading to higher expectancy (Getty et al., 2021; Hulleman et al., 2016). 
Or, when the learning situation emphasizes the relevance and real-world 
application of the subject matter, students are more likely to perceive 
the value of the material they are learning (Getty et al., 2021; Hulleman 
et al., 2016). On the other hand, an unsupportive learning environment 
can increase perceptions of cost. For example, a high volume of content 
or reading material can contribute to higher perceptions of effort cost. 
Thus, a student's perception of expectancy, value, and cost might change 
dynamically within the same week (or from one week to the next) 
depending on course material and how it is being taught (Dietrich et al., 
2017). 

A growing body of research conducted in introductory college 
courses is providing important insights into the “malleability” (Corpus 
et al., 2020, p. 2) of motivation and motivation-related constructs by 
assessing motivation over multiple timepoints within a course (Dai & 
Cromley, 2014; Flanigan et al., 2017; Kosovich et al., 2017; Robinson 
et al., 2019; Sutter et al., 2022; Young et al., 2018). For example, Sutter 
et al. (2022) measured perceived usefulness of course material (i.e., 
utility value) at three different time points in an introductory statistics 
course and found that utility value declined from the beginning to the 
middle of the course and then remained relatively stable. Similarly, 
examining three measurement points over a single semester in intro
ductory psychology, Kosovich et al. (2017) found that both expectancy 
and utility value declined. Research on short-term motivational change 
at the postsecondary level has consistently found declining levels of 
motivational beliefs in introductory STEM courses including chemistry 
(Young et al., 2018; Zusho et al., 2003), biology (Gibbens, 2019; 
Rybczynski & Schussler, 2013; Young et al., 2018), engineering (Rob
inson et al., 2019), as well as physics and mathematics (Benden & 
Lauermann, 2022; Musu-Gillette et al., 2015). While this research re
flects the dynamic nature of motivation and motivation-related con
structs to some degree (Corpus et al., 2020), the small number of 
measurements across a relatively long span of time limits opportunities 
to model nuanced fluctuations in motivation and motivation-related 
constructs that might occur as a function of short-term situational 
influences. 

2.2. Intensive longitudinal designs in examining situational constructs 

To better understand the situational nature of motivation and its 
important role in boldening or discounting the effects of motivation on 
academic performance, recent research has called for motivation to be 
measured more intensively over a series of time points and to explore 
more regular (e.g., week by week) situation-specific motivational fluc
tuations that shape students' decision making (e.g., Benden & Lauer
mann, 2022). As such, employment of intensive longitudinal designs 
(Bolger & Laurenceau, 2013) is growing in motivation research. Inten
sive longitudinal designs have a myriad of advantages when employed 
to study situational constructs such as motivation (Zirkel et al., 2015). 
For instance, these methods enable us to examine factors that impact 
motivation within each student. Using this method, students will be 
asked to indicate their motivation at different times and in different 
situations. As such, this method is well-suited for research that aims to 
understand variation in motivation at the situational level. In addition, 
because of the large number of measurements, hence the close proximity 
of the experience to when it is measured, students are more likely to 
provide a valid response, because they remember the experience with 
more clarity (Schwarz, 2012). Therefore, using intensive longitudinal 
designs would provide assessments that are sensitive to variability 
within students, from one situation to another, as well as, to differences 
between students (Zirkel et al., 2015). 

In conjunction with the situative perspective on motivation shaped 
by Nolen and colleagues and later Eccles and colleagues, empirical 

research within this situational focus has gained increasing prominence 
in the field of motivation. For instance, Dietrich et al. (2017) used an 
intensive longitudinal multi-level design among pre-service teachers, 
assessing expectancy, value, and cost three times per lesson across ten 
lessons with varying topics. They found that expectancy, value, and cost 
were topic specific, showing variability in assessments only 30 min 
apart. Additionally, Parrisius et al. (2022) examined the situational 
nature of expectancy and value beliefs among ninth graders across five 
consecutive math lessons, revealing that motivation not only varies 
substantially between students, but is also highly situational (i.e., 
influenced by contextual factors such as teaching behaviors). Finally, 
Benden and Lauermann (2022) investigated motivational changes 
among first-semester students in math-intensive study programs using 
weekly surveys. They identified a “motivational shock” (i.e., a rapid 
decline in intrinsic and utility value and an increase in cost) in the very 
first weeks of the semester (weeks 2 and 3), a change which served as a 
significant predictor of students' performance. This research, however, 
did not compare expectancy, value, and cost in their malleability to the 
situation versus individual sources of variation. Further, it remained 
unclear whether the individual or situational levels of variability in 
these motivational beliefs are stronger predictors of performance. 
Exploring the individual (i.e., between-student) and situational (within- 
student) sources of variability in students' expectancy, value, and cost 
beliefs will shed light on the degree to which each of these motivational 
beliefs are differentially malleable to the learning context, thereby 
potentially lending empirical support to the recently renamed situated 
expectancy-value theory (Eccles & Wigfield, 2020). Further, examining 
whether it is the individual (between-student) or situational (within- 
student) sources of variation that is responsible for the significant re
lations of motivational beliefs with achievement outcomes is promising 
with regards to the development of targeted interventions and instruc
tional strategies to enhance learning outcomes. 

2.3. Situational variation for historically marginalized and underserved 
students 

While some research is starting to take the dynamic nature of 
expectancy-value-cost-motivation into account, more research is needed 
to examine motivational beliefs at the situational (within-student) level 
as well as interactions of the situation with other predictors (e.g., stu
dents' gender, race, or college generation status) on academic perfor
mance. This interaction is critical when considering the experiences of 
students who have been historically marginalized and underserved in 
scientific disciplines (e.g., female, Black, Latinx, Native-American, and 
first-generation college students). Research guided by (situated) 
expectancy-value-cost frameworks suggests that women (Kosovich 
et al., 2017; Wang & Degol, 2013) and students from racially- 
marginalized backgrounds (Perez et al., 2019, 2023; Robinson et al., 
2019) often experience lower expectancies for success, intrinsic value, 
and utility value in quantitative fields compared to men or students from 
majority groups respectively. 

In fact, the situational cue hypothesis (Murphy et al., 2007; Murphy 
& Taylor, 2012) posits that cues in the learning environment (which can 
be communicated via learning materials, instructional practices, 
messaging, tasks, or policies) can trigger experiences of social identity 
threats (like stereotype threat) among students from traditionally stig
matized groups, suggesting an interaction between individuals and their 
environment. For example, an instructor's mindset beliefs about the 
fixedness or malleability of ability (Dweck, 1999) can reinforce gender 
and racial stereotypical beliefs and undermine the psychological expe
riences of students from marginalized and underserved groups (Canning 
et al., 2019). Because such situational cues in the learning context are 
particularly salient for students from marginalized backgrounds, the 
way a learning environment is constructed has an important impact for 
students from groups who may be vulnerable to identity threat (Murphy 
et al., 2007). Therefore, it can be hypothesized that, for these students, 
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the situation (e.g., seeing fixed versus growth-mindset language in 
instructional materials or having limited versus diverse perspectives and 
cultural backgrounds represented in examples/datasets) may play a 
more important role in determining how their motivational beliefs 
change and relate to achievement outcomes. 

3. The present investigation 

The purpose of the present study is to contribute to prior literature 
and research in four ways by exploring: (1) short-term trajectories in 
students' motivational beliefs during an introductory statistics course (2) 
individual (between-student) and situational (within-student) vari
ability in students' expectancy, value, and cost beliefs, (3) situational 
(within-student) variability in motivational beliefs and its relation to 
achievement outcomes, addressing a gap in intensive longitudinal 
research, (4) the impact of contextual influences on the relationship 
between motivational beliefs and academic performance, specifically 
focusing on traditionally underrepresented student groups. Guided by 
the following four research questions, we employed an intensive longi
tudinal design by measuring expectancy-value-cost motivation 10 times 
over a 10-week term (See Fig. 1 for a conceptual model that depicts the 
hypothesized associations among variables at the individual (between- 
student) and situational (within-student) levels): 

3.1. Research question 1: how do expectancy, value, and cost change over 
the course of the term? 

In line with prior research (Benden & Lauermann, 2022; Gibbens, 
2019; Kosovich et al., 2017; Musu-Gillette et al., 2015; Sutter et al., 
2022; Young et al., 2018; Zusho et al., 2003), we expected expectancy 
and value to decline and cost to increase (on average) over the course of 
the term. 

3.2. Research question 2: how much of the variability in expectancy, 
value, and cost can be attributed to individual (between-student) and 
situational (within-student) sources? 

Based on the theoretical arguments outlined earlier (i.e., Nolen and 

colleagues' situative approach to motivation and Eccles and Wigfield's 
situated expectancy-value theory) and recent empirical findings (e.g. 
Benden & Lauermann, 2022; Dietrich et al., 2017; Parrisius et al., 2022), 
we expected variability on both levels, the individual (between-student) 
and situational (within-student) level. 

3.3. Research question 3: how does individual (between-student) and 
situational (within-student) variability in expectancy, value, and cost 
predict variability in performance? 

While we have no clear hypothesis as to whether the individual 
(between-student) or situational (within-student) levels of variability in 
expectancy, value and cost are stronger predictors of performance, we 
expected expectancy to be more predictive of performance than value 
beliefs given that expectancy-value theory (Eccles & Wigfield, 2002; 
Wigfield & Eccles, 2000) and research (e.g., Sutter et al., 2023) generally 
suggest that expectancy is more strongly linked to performance whereas 
value beliefs are more strongly related to choice-related behaviors or 
future interest. 

3.4. Research question 4: to what extent do student demographic 
characteristics (gender, racially marginalized status, and generation 
status) moderate the relationship between motivational beliefs and 
performance at the individual (between-student) and situational (within- 
student) levels? 

Examining whether the impact of motivational beliefs on students' 
academic performance is more dependent on the situation for certain 
groups of students (e.g., students who have traditionally been under
represented in science-related fields, like female students, Black and 
Latinx students, and first-generation college students) will help identify 
the student groups whose motivational beliefs vary the most with 
contextual factors. Based on the situational cue hypothesis (Murphy 
et al., 2007; Murphy & Taylor, 2012) which suggests that situational 
cues in the learning environment may be particularly salient for students 
from marginalized backgrounds (including female, racially marginal
ized, and first generation college students), we expected stronger re
lations in motivational beliefs and performance at the situational level 

Fig. 1. Conceptual model examining the differential relations of motivation variables with performance at the within- and between-student levels for students of 
different demographic groups. Note. The subscript i denotes individual and the subscript c denotes chapter. We tested the direct associations of motivation variables 
with performance at the between-student and within-student levels and then examined whether these relations are moderated by racially marginalized status (URM), 
generation status, and gender. 
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for students who are marginalized. 

4. Methods 

4.1. Participants 

Data were collected from 219 undergraduate students who were 
enrolled in an introductory statistics course during the Winter 2021 
academic term. The course was offered by the psychology department at 
a large public research university in the western United States that runs 
off a quarter system (i.e., 10-week terms). The sample was 80.1 % female 
(n = 173), representative of the typical gender imbalance seen in psy
chology undergraduate courses (Cope et al., 2016). Of the students who 
indicated their race/ethnicity (n = 214; see Table 1), 37.9 % identified 
as belonging to a racially marginalized group, whereas 62.1 % students 
identified as either White or Asian. Lastly, 41.6 % identified as first- 
generation college students, indicating neither of their parents or 
guardians had a bachelor's degree. 

4.2. Context and procedure 

This study is part of a larger ongoing project to continuously improve 
an online interactive textbook for teaching introductory statistics, 
CourseKata Statistics and Data Science (available for preview at www. 
coursekata.org; Son & Stigler, 2017-2022). The online book consists of 
12 chapters organized into three sections (i.e., exploring variation, 
modeling variation, and evaluating models; see Supplemental Fig. 1 for 
an overview of the chapter contents) and includes over 1200 embedded 
formative assessments, including R programming exercises. Most of the 
content of the course is conveyed in the online interactive textbook, 
whereas the lectures focused on deepening the understanding of con
cepts and the connections between them with new examples. 

The design of the introductory statistics textbook is also unique in 
that all assessments of expectancy, value, and cost are embedded 
directly into the textbook at the beginning of each chapter (starting at 
chapter 2) and the review questions assessing statistics performance are 
embedded at the end of each chapter (see Supplemental Fig. 2 for an 
overview of the study design). 

This study was approved by the Institutional Review Board at the 
[anonymized for peer-review] (IRB No: anonymized). 

4.3. Measures 

4.3.1. Expectancy, value, and cost 
At the beginning of each chapter (beginning at chapter 2), students 

were asked to reflect on their learning experiences in the course so far 
(“You're about to start a new chapter! Before you do, reflect on how it's 

going so far and rate your level of agreement with each of the following 
statements”). They rated their ability perceptions as a component of 
expectancy (“I am confident in what I have learned so far in this 
course”), intrinsic value (“I think this class is interesting”), utility value 
(“I think what I have learned so far in this course is useful”), and cost (“I 
am unable to put in the time needed to do well in this course”) on a six- 
point Likert scale ranging from 1 (strongly disagree) to 6 (strongly agree). 
These items assessed students' cumulative expectancy, value, and cost 
beliefs at that point in the course; thus, any changes in one's beliefs from 
one chapter to the next would highlight their most recent beliefs. 

Supplementary Table S1 provides evidence for construct validity for 
our weekly, single-item measures with their longer, multi-item measures 
collected three times during the academic term (moderate to high 
correlations). 

4.3.2. Performance 
At the end of each chapter, students were required to complete a set 

of review activities to assess students' knowledge and skills. The review 
activities comprised multiple choice questions, open-ended response 
items, and interactive R coding exercises that provided students with 
practice analyzing a new dataset. The end of chapter review questions2 

included between 17 and 29 items per chapter (with Cronbach's Alphas 
ranging between 0.713 and 0.900). Students' performance scores for 
each chapter were calculated as the number of points earned divided by 
the number of points possible, providing 10 separate performance scores 
that we used in the analyses below. 

4.4. Analyses 

Motivational beliefs and performance scores were collected at 10 
different time points (corresponding to chapters 2 through 11) during 
the course. Due to the nested nature of the data (chapter-level motiva
tional beliefs and performance were nested within students), we 
analyzed our data using multilevel models to address each of the four 
research questions (Level 1: chapter; Level 2: student). Multilevel 
models are used when responses are dependent on a higher-level factor 
(e.g., there is dependency among the responses of students who are in 
the same class because they have the same teacher). In the case of our 
study, the data includes “situational dependencies”, which requires the 
use of multilevel models (Rosenberg et al., 2020). That is, there is de
pendency among the motivational responses in each situation/chapter 
within each student. Further, we chose to work with multilevel models 
(MLMs) rather than latent growth curves because of our ultimate in
terest in the relations of motivational beliefs (rather than time) with 
performance. To assess situational (within-student) variability in moti
vational beliefs, we examined within-person variation using repeated 
measures over chapters 2–11. To assess individual differences, we 
examined between-person variation using average scores in motiva
tional beliefs for each student. To separately examine the effects of in
dividual and situational variability, we used group-mean centering of 
our predictor variables at the within-person level and grand-mean 
centering of our predictor variables at the between-person level. Ana
lyses were performed using Mplus 8.6. Coefficients were estimated using 
full information maximum likelihood estimation (FIML). 

We had relatively low missingness in our study due to the surveys 
being directly embedded in the online textbook and being a course 
requirement to complete. Missingness on the chapter assessments 
ranged from 0.0 % to 4.1 % with a median of 1.8 %. Out of the 219 cases 
in our data set, 192 (87.7 %) had complete data on the chapter assess
ments. No other pattern of missingness accounted for >2 % of the cases. 
Our analyses do not provide us with any reason to suspect the presence 
of non-random missingness in our data. 

Table 1 
Race/ethnicity and racially marginalized status of students.   

N % 

Race/ethnicity   
Asian/Asian American 84 39.3 
Black/African American 8 3.7 
Latinx/Hispanic 40 18.7 
White 47 22.0 
Other/Prefer to self-describe 35 16.4 

Racially Marginalized Status   
Racially Marginalized 81 37.9 
Non-Racially Marginalized 133 62.1 

Note. For our analyses by race/ethnicity, Hispanic or Latinx, Black or African 
American, Indian Subcontinent, Native American, and Greater Middle Eastern 
students were considered belonging to a racially marginalized and underserved 
group, whereas White and Asian students were considered majority students. 
Students of mixed race were included in the racially marginalized and under
served group, unless their race was a mix of White and Asian. 2 Review questions are available for preview under coursekata.org. 
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5. Results 

5.1. Research question 1: how do expectancy, value, and cost change over 
the course of the term? 

To address our study's first research question, we started with a 
graphical examination of the expectancy, value, and cost means for each 
chapter (see Fig. 2). 

Based on this graph, we decided to test both the linear and quadratic 
trends of change in motivational variables using MLMs. In these models, 
measurements of motivational beliefs in each chapter (Level 1) were 
nested within students (Level 2). At Level 1, our MLM estimated a 
polynomial equation relating chapter number to motivational beliefs for 
each student. This method allowed us to investigate how motivational 
beliefs change as chapter numbers increase (i.e., as students progress 
through the chapters). This equation contained an intercept, a linear 
coefficient, and a quadratic coefficient. These coefficients were then 
included as random coefficients at Level 2, enabling us to determine the 
mean linear and quadratic effects (averaging over students) as well as 
the extent to which these effects varied between students (see Curran & 
Bauer, 2011). Thus, MLM is a suitable method for modeling change over 
time in our study because it allows us to not only calculate the overall 
mean-level linear and quadratic trends but also the degree to which 
these vary between students through the use of random coefficients. We 
chose to work with multilevel models (MLMs) rather than latent growth 
curves because of our ultimate interest in the relations of motivational 
beliefs (rather than time) with performance at the individual (between- 
student) and situational (within-student) levels. 

These results of our analyses, presented in Table 2, indicated that - on 
average - expectancy, intrinsic value, and utility value declined linearly 
while cost increased linearly as students progressed through the chap
ters. The mean linear components indicate the average rate at which 
motivational beliefs changed over the course of chapters. Additionally, 
the linear change in all of these four motivational beliefs varied signif
icantly between students. That is, different students experienced varying 
rates of decline in their expectancy, intrinsic value, and utility value, and 
varying rates of increase in their cost. Further results suggested that all 
four motivational beliefs also had significant quadratic trends. The mean 
quadratic components indicate the acceleration of change in motiva
tional beliefs as students progress through the chapters (Biesanz et al., 
2004). The positive signs for the quadratic means for expectancy, 
intrinsic value, and utility value indicated an upward curvature, sug
gesting that on average these beliefs initially declined and then some
what increased. The negative sign for the quadratic mean for cost 
indicated a downward curvature suggesting that on average this belief 
initially increased and then slightly decreased. The quadratic trends in 
these motivational beliefs did not vary between students. 

5.2. Research question 2: how much of the variability in expectancy, 
value, and cost can be attributed to individual (between-student) versus 
situational (individual-student) sources? 

To address this research question, we explored individual (between- 
student) differences and situational (within-student) variability in each 
of the motivational variables. Individual (between-student) differences 
were calculated by examining variance at the student level and situa
tional (within-student) variability was calculated by examining variance 
at the chapter level. We also provide the intra-class correlation (ICC), 
which represents the proportion of the variability in each motivational 
belief that can be attributed to individual differences (see Table 3). The 
ICC results indicated that roughly 50–65 % of the variance was due to 
individual (between-student) differences and the remainder was due to 
situational (within-student) variability. Therefore, contradicting the 
conventional approach that only focuses on individual (between-stu
dent) differences, the results indicated the presence of substantial situ
ational (within-student) variability in all of the variables, highlighting 
the importance of examining motivational beliefs at both the individual 
and situational levels. 

5.3. Research question 3: how does individual (between-student) and 
situational (within-student) variability in expectancy, value, and cost 
predict variability in performance? 

To address this research question, we examined whether the indi
vidual (between-student) differences and situational (within-student) 
variability in motivational beliefs predict variability in performance. We 
determined that expectancy, value, and cost have substantial correla
tions at both the individual and situational levels (see Supplemental 
Table S2). 

To understand any effects of multicollinearity on our results, we 
further estimated the relations of these variables with performance both 
separately and jointly. The goal was to explore which source of varia
tion, individual (between-student) or situational (within-student) is 

Fig. 2. Trends of change in averaged expectancy, intrinsic and utility value, 
and cost by chapter. 

Table 2 
Mean and variance of linear and quadratic trends in motivation across students.   

b (SE), p  

Expectancy Intrinsic 
Value 

Utility Value Cost 

Linear mean − 0.263 
(0.026), p <
.001 

− 0.137 
(0.023), p <
.001 

− 0.141 
(0.023), p <
.001 

0.171 
(0.026), p <
.001 

Linear 
variance 

0.092 (0.015), 
p < .001 

0.072 
(0.014), p <
.001 

0.070 
(0.015), p <
.001 

0.067 
(0.017), p <
.001 

Quadratic 
mean 

0.129 (0.020), 
p < .001 

0.083 
(0.019), p <
.001 

0.083 
(0.017), p <
.001 

− 0.135 
(0.024), p <
.001 

Quadratic 
variance 

0.004 (0.011), 
p = .68 

0.018 
(0.008), p =
.02 

0.003 
(0.006), p =
.60 

0.014 
(0.013), p =
.28 

Note. Estimates included in the table are unstandardized. 

Table 3 
Individual (Between-Person) and Situational (Within-Person) Variability in 
Study Variables.  

Variable Mean Individual 
(between-person) 
variance 

Situational 
(within-person) 
variance 

Intra-class 
correlation 

Expectancy 4.28 0.492 0.516 0.488 
Intrinsic 

value 4.52 0.616 0.333 0.649 

Utility value 4.62 0.474 0.359 0.569 
Cost 3.12 0.799 0.653 0.550 
Performance 0.73 0.029 0.025 0.540  
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more predictive of variability in performance. 
Level 1 = Chapter c 
Yic = β0i + β1imotivationic + eic 
Level 2 = Individual i 
β0i = γ00 + γ01motivationi + u0i 
β1i = γ10 + u1i 
At Level 1 (situational level, denoted by subscript c), Y is chapter- 

level performance while motivationic, represents a chapter-level moti
vational variable (e.g., expectancy). At Level 2 (individual level, deno
ted by subscript i), we predict the random intercept (representing 
overall performance) from Xmotivationi, a student-level motivational 
aggregate. We do not have any Level 2 predictors of the random slope, 
but allow it to vary between students. 

Table 4 presents the results of our models predicting performance 
from expectancy, intrinsic value, utility value, and cost. The models on 
the left side of the table examine the bivariate relations of expectancy, 
value, and cost with performance, while the model on the right examines 
their joint ability to predict performance. 

These results show that when examined individually, expectancy and 
value were positively related to performances at both the individual 
(between-student) and situational (within-student) levels. The signifi
cant relations at the between-student level suggest that, averaging over 
the chapters, students with higher overall expectancy, intrinsic value, 
and utility value also had higher overall performance. The significant 
relations at the within-student level suggest that in chapters that stu
dents had higher expectancy, intrinsic value, and utility value, they also 
had higher performance. When examined individually, cost was nega
tively related to performance at the individual (between-student) level 
(i.e., averaging over chapters, students who had higher overall cost for 
the course had lower overall performance), but not at the situational 
(within-student) level (i.e., having higher cost in a chapter was not 
related to performance in that chapter). There was significant variability 
in the relations of all four motivational beliefs with performance (all p's 
< 0.05). 

When expectancy, intrinsic value, utility value, and cost were 
examined simultaneously in the joint model, only the relationship 

between expectancy and performance was significant at both the indi
vidual and situational level, where higher expectancy ratings were 
associated with higher performance. The relationships of intrinsic value, 
utility value, and cost with performance were not uniquely significant at 
either the individual (between-student) or situational (within-student) 
levels when the predictors were examined in a single model 
simultaneously. 

5.4. Research question 4: to what extent do student demographic 
characteristics (gender, racially marginalized status, and generation 
status) moderate the relationship between motivational beliefs and 
performance at the individual (between-student) and situational (within- 
student) levels? 

After estimating the individual (between-student) and situational 
(within-student) relationships of expectancy, intrinsic value, utility 
value, and cost with performance, we ran a final set of models 
attempting to predict these relationships from demographic character
istics. Specifically, we added gender, racially marginalized status, and 
first-generation college student status to the between-person level of the 
model as predictors of both individual performance as well as the situ
ational (within-person) relations of motivational beliefs with 
performance. 

Level 1 = Chapter c 
Yic = β0i + β1imotivationic + eic 
Level 2 = Individual i 
β0i = γ00 + γ01motivationic + γ02femalei + γ03urmi + γ04firstgeni +

γ05motivation × femalei + γ06motivation × urmi + γ07motivation ×
firstgeni + u0i 

β1i = γ10 + γ11femalei + γ12urmi + γ13firstgeni + u1i 
At Level 1, Y is chapter-level performance while motivationic rep

resents a chapter-level motivational variable. At Level 2, we predict the 
random intercept (representing overall performance) by motivational 
beliefs, demographic variables (female gender, underrepresented 
marginalized status, and first-generation status), as well as the in
teractions of motivational beliefs with demographic variables. We also 
predict the Level 1 motivational beliefs random slope coefficient (i.e., 
the relation of expectancy with performance) from demographic vari
ables. Including demographic predictors of the motivation coefficients 
allows us to assess whether the situation plays a different role for stu
dents of different demographic groups in the way it influences the re
lations of motivational beliefs with performance. We again estimated 
the relationships of expectancy, intrinsic value, utility value, and cost 
with performance both separately and jointly so that we would be able 
to understand any effects of multicollinearity on our results (See Sup
plemental Table S3 for the cross-level interactions of motivational be
liefs with demographic variables predicting performance). 

In the models examining expectancy, value, and cost separately, the 
relations of expectancy and utility value with performance at the situ
ational (within-student) level were significantly predicted by racially 
marginalized status (b = 0.001, SE < 0.0005, p = .03 for expectancy; b =
0.001, SE < 0.001, p = .05 for utility value), such that expectancy and 
utility value beliefs in a chapter were more strongly related to perfor
mance in that chapter for racially marginalized students (b = 0.034, SE 
= 0.009, p < .001 for expectancy; b = 0.037, SE = 0.016, p = .02 for 
utility value) than for majority students (b = 0.033, SE = 0.009, p < .001 
for expectancy; b = 0.036, SE = 0.016, p = .02 for utility value). These 
results could imply that for racially-marginalized students, situation (as 
measured by within-student variability) plays a more crucial role in 
determining the academic consequences of having strong or weak 
motivational beliefs, compared to majority students. Gender and first- 
generation status were not related to the relations of expectancy or 
utility value with performance at the situational (within-student) level, 
and no student demographics were related to the relations of intrinsic 
value or cost with performance at the situational (within-student) level 
(all p's > 0.05). At the individual (between-student) level, only gender 

Table 4 
Unstandardized coefficients from models predicting performance from expec
tancy, value, and cost.   

b (SE), p 

Expectancy Intrinsic 
Value 

Utility 
Value 

Cost Joint 

Within      
Expectancy 0.031 

(0.006), p 
< .001    

0.022 
(0.006), 
p = .001 

Intrinsic 
value  

0.031 
(0.008), 
p < .001   

0.014 
(0.009), 
p = .10 

Utility 
value   

0.030 
(0.008), 
p < .001  

0.010 
(0.008), 
p = .23 

Cost    − 0.006 
(0.005), 
p = .21 

− 0.001 
(0.005), 
p = .88 

Between      
Expectancy 0.112 

(0.013), p 
< .001    

0.093 
(0.018), 
p < .001 

Intrinsic 
value  

0.055 
(0.014), 
p < .001   

− 0.030 
(0.022), 
p = .18 

Utility 
value   

0.083 
(0.015), 
p < .001  

0.048 
(0.030), 
p = .11 

Cost    − 0.056 
(0.012), 
p < .001 

− 0.013 
(0.013), 
p = .33  
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was significantly related to the relation of expectancy with performance 
(b = − 0.056, SE = 0.023, p = .01), such that the relationship of ex
pectancy with performance was stronger for males (b = 0.120, SE =
0.015, p < .001) than for females (b = 0.064, SE = 0.015, p < .001). This 
result suggests that overall and across all chapters, having strong ex
pectancy beliefs would more positively and favorably predict perfor
mance for male students than for female students. No demographic 
characteristics were related to the relations of intrinsic value, utility 
value, or cost with performance at the between-student level (all p's >
0.05). 

When expectancy, intrinsic value, utility value, and cost were 
examined simultaneously in the joint model, none of the demographics 
significantly predicted the relationships of any of the motivation vari
ables with performance in the joint model at the situational (within- 
student) level (all p's > 0.05). At the individual (between-person) level, 
similar to the result of the separate models, the interaction of gender on 
the relation of expectancy with performance remained significant (b =
− 0.101, SE = 0.038, p = .008), indicating that the relationship of ex
pectancy with performance was stronger for males (b = 0.142, SE =
0.034, p < .001) than for females (b = 0.041, SE = 0.020, p = .04). We 
also observed a new interaction of first-generation status on the relation 
of cost with performance (b = 0.060, SE = 0.024, p = .02), such that the 
relation of cost with performance was stronger for first-generation stu
dents (b = 0.062, SE = 0.028, p = .03) than for continuing generation 
students (b = 0.002, SE = 0.019, p = .91). This finding suggests that 
overall and across all chapters, perceptions of costs more strongly pre
dicted performance for first-generation students than for continuing- 
generation students. 

6. Discussion 

In this study, we explored the situative nature of motivational beliefs 
by examining how expectancy, value, and cost vary both at the indi
vidual (between-student) and situational (within-student) levels over 
the course of an introductory statistics course using an intensive longi
tudinal design and multilevel modeling. We discuss our main findings in 
detail in the following sections. 

6.1. Research question 1: how do expectancy, value, and cost change over 
the course of the term? 

The findings of our study revealed that on average expectancy and 
value (intrinsic and utility) decreased and perceptions of cost increased 
as students from the beginning to the end of the course. These patterns 
are in line with prior findings at the college level showing that positive 
motivational beliefs tend to decline (Benden & Lauermann, 2022; 
Robinson et al., 2019), whereas perceptions of cost tend to increase 
(Kosovich et al., 2017). While prior studies have explored the trajec
tories of motivational beliefs in college introductory STEM courses such 
as physics and math (Dietrich et al., 2017; Musu-Gillette et al., 2015), 
biology (Gibbens, 2019; Rybczynski & Schussler, 2013), engineering 
(Robinson et al., 2019), and chemistry (Young et al., 2018; Zusho et al., 
2003), the findings of our study provide evidence for similar trends 
using a more intensive longitudinal design (employing 10 time points 
compared to 2–4) within the context of introductory statistics – a field 
less studied despite its crucial role as a gateway course for students 
pursuing majors in scientific disciplines, including psychology, and 
beyond. 

Similar to a recent study exploring students' short-term motivational 
trajectories in math-intensive study programs (Benden & Lauermann, 
2022), we found indications of an initial motivational shift with declines 
in expectancy and value and increases in cost during the first weeks of 
the term. Although this initial motivational decline is rather small, these 
changes in expectancy, value, and cost may be explained by a “honey
moon phase” as students enter a new course with potentially high ex
pectancy and value, which eventually settle down (Dietrich et al., 2017; 

Eccles & Midgley, 1989). In line with the argument of a “honeymoon 
phase”, the nature of the first chapter of the textbook was an introduc
tory chapter that differed from the subsequent chapters in terms of 
content and difficulty, which may have contributed to higher levels of 
expectancy and values. 

While the initial change is consistent across expectancy, value, and 
cost (with declines in expectancy and value and an increase in cost), 
after the initial shift the trends differ with expectancy and cost changing 
more dynamically than values. These differences highlight the impor
tance of exploring expectancy, value, and cost beliefs using more mea
surement timepoints across the term to capture more nuanced 
differences among specific motivational beliefs. Our findings suggest 
that interventions targeting different motivational constructs might be 
implemented at different times and might differ in treatment or assess
ment frequency. For example, interventions that target students' 
perceived usefulness of the course (i.e., utility value) within the context 
of introductory statistics may be particularly beneficial during these first 
few weeks, whereas interventions that aim to reduce students' percep
tions of cost might be best implemented multiple times throughout the 
term. 

6.2. Research question 2: how much of the variability in expectancy, 
value, and cost can be attributed to individual (between-student) and 
situational (within-student) sources? 

The results of our study revealed that there was considerable vari
ability in expectancy, value, and cost – both at the individual (between- 
student) and situational (within-student) level. Contradicting the con
ventional research approach that only examines motivational beliefs 
and their relations with relevant variables at the individual (between- 
student) level, our study revealed that for expectancy, utility value, and 
cost situational (within-student) variance was comparable in size or 
larger than individual (between-person) variance. 

The findings at the individual (between-student) level are consistent 
with prior research showing that students experience different levels of 
motivational beliefs (e.g., Chow et al., 2012; Dietrich et al., 2017; Gas
pard et al., 2017, 2018; Nagengast et al., 2013). At the situational, 
(within-student) level, our findings show that student motivational be
liefs fluctuate as students progress through the course and start new 
chapters, indicating that motivational beliefs vary as the learning 
environment/content varies (e.g., topic, difficulty, length, task type, 
etc.). This speculation is consistent with research suggesting that ex
pectancy and value vary across learning situations and fluctuate “from 
one topic and lesson to another and from one situation to another” 
(Dietrich et al., 2017, p. 60). Interestingly, however, the variances at the 
situational (within-student) level in our study are somewhat higher than 
in other studies (e.g., Berweger et al., 2022). This is particularly the case 
for expectancy (which demonstrate a situational variance of 0.516 
compared to 0.301 in Berweger et al., 2022) and cost (with a variance of 
0.653 compared to 0.292 in Berweger et al., 2022), whereas the vari
ances of intrinsic value (0.359 compared to 0.329 in Berweger et al., 
2022) and utility value (0.333 compared to 0.393 in Berweger et al., 
2022) are similar. Although Berweger and colleagues' study was also 
conducted within an online learning environment, students were 
enrolled in a course in an Educational Science program. Perhaps the 
specific characteristics of the learning environment and content within 
the context of online introductory statistics and data science may have 
contributed to higher situational (within-student) variation. Factors 
such as diversity in concepts and topics, varying difficulty levels, or 
length of chapters might contribute to greater fluctuations in motiva
tional beliefs. Although speculative, it's possible that the learning ma
terials in this specific context (i.e., online introductory statistics and data 
science) triggers more pronounced shifts in expectancy and cost 
perceptions. 

Comparing individual (between-student) differences and situational 
(within-student) variability among the motivational beliefs, we found 
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that intrinsic value (followed by utility value) was the least dynamic, 
varying less from situation-to-situation than the other types of motiva
tion. Intrinsic value is typically considered a more stable form of moti
vation because it derives from internal factors (Chung & Kim, 2022; 
Gottfried et al., 2001) and may perhaps be less susceptible to situational 
fluctuations. Intrinsic value varies between individuals, however, as 
students have different personal interests and preferences. Additionally, 
we found that utility value also did not vary as much between students 
as intrinsic value, expectancy, or cost. Although levels of utility value 
were more stable compared to expectancy and cost, they nevertheless 
declined, potentially indicating an opportunity for curriculum de
velopers and designers to add supports throughout the book that guide 
students to reflect on the utility value of the course material (i.e., utility- 
value intervention; Hulleman & Harackiewicz, 2021). 

Perceptions of cost showed the highest levels of both individual 
(between-student) and situational (within-student) variability. These 
results could imply that compared to other motivational beliefs, per
ceptions of cost are potentially more directly tied to the course content, 
difficulty, length, and topic (Getty et al., 2021). This aligns with how the 
course is set up in that the chapters within the online introductory 
textbook vary in length and difficulty. For example, chapter 7 is 
considerably longer than other chapters, which students might consider 
more time consuming (i.e., costly). Higher individual (between-student) 
differences in cost may also indicate that students have different re
sponsibilities, interests, or commitments outside of the course, and that 
their ability to invest in the course varies over time. Compared to values, 
expectancy showed higher situational (within-student) variability. This 
greater variability could reflect expectancy's higher impressionability to 
task difficulty or its greater malleability as a function of receiving 
recurring performance evaluations within the term (Muenks et al., 
2018). Expectancy also showed substantial individual (between-stu
dent) variation (though slightly smaller than situational (within-stu
dent) variation, which could be explained by variability in students' 
perceived preparedness for math-relevant courses. 

6.3. Research question 3: how does individual (between-student) and 
situational (within-student) variability in expectancy, value, and cost 
predict variability in performance? 

Our multilevel models revealed that when expectancy, value, and 
cost are examined separately, variation in expectancy and value ratings 
are associated with variation in performance both as a function of who 
students are (e.g., students who have more success expectancies and find 
the course to be more valuable on average have higher performance 
scores) and the context of the course (e.g., students perform better in 
chapters that they perceive higher success expectancies and value). The 
relation of cost with performance revealed differential patterns at the 
individual (between-student) and situational (within-student) level, 
with a significant association at the individual (between-student) level 
and a non-significant association at the situational (within-student) 
level. This suggests that averaging over chapters, students' overall per
formance is related to their overall perceptions of cost as students 
progress through the textbook. However, the variations in performance 
from chapter to chapter within each student are not related to variations 
in student's perceived costs This pattern may shed light on other things 
going on for certain students who are feeling cost pressures due to things 
beyond variations on how the course is structured (such as work or other 
curricular or extracurricular time commitments). 

When examined simultaneously, only the relation between expec
tancy and performance is significant at both the individual (between- 
student) and situational (within-student) levels, indicating that varia
tions in students' expectancy predict variations in performance both as a 
function of changes in the situation (i.e., as students progress through 
the different chapters) and as a function of differences between students 
(i.e., students having different overall expectancy), even when ac
counting for students' values (intrinsic and utility value) and perceptions 

of cost. 
These findings align with expectancy-value research suggesting 

success expectancy are most strongly tied to performance whereas 
values are more related to choice-related behaviors or persistence 
(Eccles & Wigfield, 2002; Wigfield & Cambria, 2010), supporting the 
dominant role that students' success expectancy plays in predicting 
performance both at the individual and situational levels. Indeed, the 
presence of significant associations between values and performance in 
the separate models and the lack of those associations in the joint models 
suggests that values likely do not explain any unique variance in per
formance, over and beyond the variance explained by expectancies and 
costs. 

6.4. Research question 4: to what extent do student demographic 
characteristics (gender, racially marginalized status, and generation 
status) moderate the relationship between motivational beliefs and 
performance at the individual (between-student) and situational (within- 
student) levels? 

Finally, we examined how the relations of expectancy, value, cost 
with performance at the individual (between-student) and situational 
(within-student) levels varied between subgroups of students by adding 
gender, underrepresented marginalized status, and first-generation 
college student status to our models. We found that at the individual 
(between-student) level, the relation of expectancy with performance 
was stronger for male students. Although the effect size is relatively 
small, potential explanations are worth discussing. Perhaps female stu
dents, who typically have lower average expectancy scores in quanti
tative fields (e.g., Catsambis, 1994, 2005; Correll, 2001; Nagy et al., 
2008), are more likely to receive messages or cues from the environment 
that they aren't competent, which disrupts the relationship between 
expectancies and outcomes (e.g., Murphy et al., 2007; Shapiro & Wil
liams, 2012; Smith et al., 2015). These messages or cues, whether im
plicit or explicit, could potentially disrupt the otherwise positive 
relationship between expectancies and academic outcomes, contrib
uting to a scenario where female students face challenges in realizing 
their full academic potential, despite possessing the capabilities. In 
contrast, men may be less likely to encounter messages that cast doubt 
on their capabilities in these fields. In fact, societal norms and expec
tations often reward men for their efforts to showcase competence in 
quantitative domains (e.g., through reinforcement and positive feed
back). This favorable context for male students creates an environment 
wherein their positive expectations align with external cues and are, 
therefore, more predictive of their performance outcomes. The societal 
reinforcement of men's competence in quantitative fields might rein
force a virtuous cycle, where positive expectations are more likely to 
translate into successful academic achievements. Thus, the observed 
gender disparity in the predictiveness of expectancies for academic 
performance might be attributed to the differential contextual experi
ences between females and males in quantitative fields. 

We also found that the relationships of expectancy and utility value 
with performance at the situational (within-student) level were stronger 
for students from racially marginalized backgrounds. These results 
highlight the importance of context particularly for student groups who 
are racially marginalized. For this student group, we found that the 
variation in motivational beliefs that occurs as a result of the situation 
more strongly predicted their performance. A number of theories sug
gest why racially marginalized students might be more sensitive to the 
fluctuations in the situation. For instance, the situational cue hypothesis 
(Murphy et al., 2007; Murphy & Taylor, 2012) posits that students look 
to the situational cues in their learning environments to determine what 
is expected of them and what is valued. For individuals who are 
marginalized (e.g., women and racially marginalized students in scien
tific disciplines), the threat of being stigmatized triggers a negative 
vigilance response, where students might pay an increased attention to 
any cues that might determine their value and identity. Therefore, for 
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these students, the impact of the situation on their motivational beliefs 
and achievement may be more salient. Providing more frequent moti
vation boosts for expectancy and utility value might be particularly 
crucial from students for racially marginalized backgrounds. Because 
there is no evidence that such motivational boosts could harm students 
from non-racially marginalized backgrounds, it could be a best practice 
to implement them broadly with all students. 

The finding that the relationships of expectancy and utility value 
with performance were stronger for students from racially marginalized 
backgrounds could also be explained through the lens of the stereotype 
threat theory (Shapiro, 2011; Steele & Aronson, 1995). According to this 
theory, in situations where the threat of being judged based on one's 
social identity is present, the anxiety associated with a poor performance 
and tainting the image of one's social group interferes with one's actual 
performance. Steele (1997) argued that for racially marginalized stu
dents in competitive learning environments, this threat is always pre
sent. Stereotypes about the competence and intellectual ability of 
racially marginalized students are so deeply woven into our policies, 
practices, and individuals' behaviors that there isn't a need for an indi
vidual to explicitly experience a racially-charged stereotype. Instead, 
individuals will automatically pick up stereotype-relevant cues in the 
environment. Therefore, students of racially marginalized groups may 
be more sensitive to situational cues that might impact their motivation 
and performance. 

We also found that the relation of cost with performance at the in
dividual (between-student) level was stronger for first-generation stu
dents compared to continuing-generation students. In the absence of 
access to family members who can guide and support them in their 
education journey, and enduring the identity threats (e.g., belonging 
uncertainty) that commonly face first-generation students in competi
tive academic environments, these students may experience increased 
cost in difficult quantitative courses (e.g., Totonchi, Francis, et al., 2023; 
Totonchi, Tibbetts, et al., 2023). Additionally, given that first- 
generation students are less likely to have completed less advanced 
math classes in high school (e.g., Cataldi et al., 2018), they may perceive 
the college statistics course as increasingly difficult, which could 
discourage them from placing effort in it, reducing their performance. 
These results highlight the importance of disaggregating the results by 
students' demographic characteristics. 

7. Limitations 

Despite the unique and intensive approach to measuring the situa
tional nature of students' expectancy, value, and cost beliefs in intro
ductory statistics using 10 measurement points, some limitations of the 
present study should be acknowledged. 

First, the data used in this study came from one statistics course at 
one selective institution. The enrolled students also used a unique online 
interactive textbook. Thus, the generalizability of the results - particu
larly research questions 2–4 pertaining to situational (within-student) 
variability - to other introductory statistics courses, other course formats 
(e.g., other materials or in-person modality), students at other in
stitutions, or other domains (e.g., introductory chemistry or biology etc.) 
remains unclear. However, the patterns and trends found in the current 
study align with prior findings regarding motivational trajectories in 
higher education settings (e.g., Corpus et al., 2020; Robinson et al., 
2019; Sutter et al., 2022), providing some support for generalizability. 

Second, we relied on single items for expectancy-value-cost con
structs. Although this is a potential limitation with regards to the reli
ability and validity of our findings, we believe that using single items 
may be a necessary trade-off given our research design due to the re
petitive, large number of assessments and the risk of participant fatigue 
(see e.g., Bolger & Laurenceau, 2013). Because intensive longitudinal 
studies are rare in the field of education, studies that help understand the 
situational (within-student) variance and the situational nature of 
achievement motivation contribute significantly to the field. The use of 

single-item measures allowed us to examine motivation more frequently 
throughout the course – a strategy typically employed to examine situ
ational fluctuations by some of the most influential intensive longitu
dinal studies in the field of education, motivation, and engagement (e.g., 
Benden & Lauermann, 2022; Beymer & Robinson, 2022; Dietrich et al., 
2017; London et al., 2011). 

Third, we only assessed one form of cost (cost related to effort). 
Future research may want to look at other forms of cost, such as psy
chological or opportunity cost (Flake et al., 2015). 

Finally, two limitations necessitate caution when interpreting and 
generalizing our results, particularly in terms of practical significance. 
Firstly, certain findings in our study, such as those related to gender and 
expectancy, revealed relatively small effect sizes. Secondly, the corre
lational nature of our study does not allow us to imply causation. 

8. Implications for theory and practice 

Our findings have implications for theory. Our study provides sup
port for situated views of motivational beliefs (Nolen et al., 2015; Nolen, 
2020) and extends expectancy-value-cost theory and situated 
expectancy-value theory in a number of ways. Our findings demon
strated that expectancy, value, and cost are all situational (Eccles & 
Wigfield, 2020), but to different degrees. Differences in the situational 
nature of motivational beliefs, in turn, have implications for their ability 
to predict performance. By failing to examine motivational beliefs at the 
situational level, we might have underestimated the strength of their 
influence on students' achievement. Further, although expectancy-value 
research emphasizes the importance of considering students' social 
groups when examining student motivation (Eccles & Wigfield, 2020), 
our findings suggest that for some groups of students (e.g., Black, Latinx 
and other racially marginalized students) the situational effects of 
motivation may be more salient than for other groups (e.g., White and 
Asian students). This highlights the importance of creating contexts that 
are supportive of student motivation, particularly for students from 
underrepresented groups. 

Our findings also hold important implications for educational prac
tice within the context of this specific online textbook. By exploring 
students' motivational beliefs throughout the term, we were able to 
identify specific “hot-spots” within the curriculum rather than just 
general motivational trends. One notable hot-spot we discovered was 
chapter 7 (topic: “Adding an Explanatory Variable to the Model”), where 
students reported particularly low levels of expectancy and high levels 
of cost. This pattern holds important implications for the curriculum 
designers who continuously seek to improve the textbook. As a result of 
these findings, chapter 7, which also happened to be the longest chapter, 
was completely redesigned and split into two chapters. Having repeated, 
motivational pulse check measures (Getty et al., 2021) throughout the 
course allowed the curriculum designers to not only identify but sub
sequently evaluate whether alterations to the textbook effectively 
changed situational motivations. More broadly, by tracking students' 
(situational) experiences throughout a course, researchers are able to 
provide feedback to instructors who are then able to evaluate their 
teaching materials and strategies after the course or school year has 
ended and perhaps think of topics that need motivational boosts such as 
adding real-life examples allowing students to see the connection be
tween the discussed topic, material, or task and their own interests (see 
Moeller et al., 2020). 

Our findings also have important implications for understanding and 
promoting equity in our educational practice. Disaggregating data by 
subgroups of students is crucial to understand their unique experiences 
and perspectives as they navigate a given course (McNair et al., 2020). 
This approach allows curriculum designers and instructors to recognize 
that students are not a homogenous group and that they may experience 
different motivational challenges, especially in difficult, gateway cour
ses like statistics. The finding that students from racially marginalized 
backgrounds are more sensitive to the situational context suggests that 
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infusing value-supportive practices into the learning context could 
improve racially marginalized students' motivation and success in sta
tistics courses. As a result of this finding, the authors of the textbook 
have proposed adding more relevance and purpose messaging, the ef
fects of which will be experimentally tested in an upcoming term. 
Making changes to the textbook that are informed by student data ex
emplifies the direct application of research findings to enhance the 
learning experience (see Getty et al., 2021). This approach not only 
benefits individual students but also contributes to the ongoing 
improvement of the curriculum and instructional materials, potentially 
creating a more equitable learning environment. 

9. Conclusion 

In line with recent research exploring the situational nature of 
motivational beliefs, our study demonstrated that expectancy, value, 
and cost beliefs were dynamic and situational, but to different degrees. 
We found that while expectancy and cost varied greatly as a function of 
the situation, intrinsic and utility value varied less across situations. 
Additionally, we found that variance in expectancy (individual and 
situational) was more strongly related to fluctuations in performance, 
compared to variance in other motivational beliefs. Lastly, it appeared 
that the impact of context was more salient for students from margin
alized and underserved backgrounds, such that for these students the 
situational variance in expectancy and utility value was more strongly 
related to their performance than for racial majority students. Our re
sults lend empirical support to the new situated expectancy-value the
ory, confirming that motivational beliefs are sensitive to the learning 
context. Our findings also highlight the “importance of the interaction 
between individual students and their learning contexts” (Dietrich et al., 
2017, p. 62). 
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