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Abstract
Introductory data science courses have the potential to pro-
vide students from diverse backgrounds skills for working with
and reasoning about data. However, what predicts success in
these courses remains poorly understood. Here we investi-
gate how students’ initial psychological orientation relates to
their subsequent engagement and learning. In Study 1, we
took an observational approach, analyzing data from 1306 stu-
dents across 11 institutions using an interactive online text-
book. Students’ psychological orientation, (e.g., math anxiety,
stress expectations) predicted performance on assessments ad-
ministered throughout the term. In Study 2, we developed and
tested an intervention targeting these aspects of students’ learn-
ing experience among 146 students enrolled in a single course.
Preliminary analyses suggest that this intervention shifted stu-
dents’ beliefs about the relationship between stress and learn-
ing. Taken together, this work contributes to our understanding
of how affective and cognitive processes interact in real-world
educational settings.
Keywords: education; mindset; field experiments; statistics,
learning technology

Formal tools for understanding data are vital for making
sense of the modern world, especially phenomena that are too
large, slow, or complex for people to observe directly (e.g.,
climate change, macroeconomic dynamics). As such, data lit-
eracy has become indispensable for guiding evidence-based
decision making both at the individual level (e.g., health-
care, financial planning) and at the societal level (Gal, 2002;
Provost & Fawcett, 2013; Muhammad, Islam, Usman, &
Ayon, 2020). Understandably, then, data science curricula
have undergone rapid development and expansion in recent
years (De Veaux et al., 2017; Manyika et al., 2011). Here
we ask: What are the psychological factors that impact how
well students acquire foundational data literacy skills in these
learning environments?

A wide array of factors, collectively contributing to a stu-
dent’s mindset, might influence how much and how well stu-
dents learn in a data science course, including their goals, in-
terests, motivations, attitudes, sense of belonging, and beliefs
about themselves and the material (Dweck, 2017; Murphy,
Steele, & Gross, 2007; Duckworth, Peterson, Matthews, &
Kelly, 2007; Bandura, Barbaranelli, Caprara, & Pastorelli,
2001; Walton & Cohen, 2007; Onwuegbuzie & Wilson,
2003). Prior work has found, for example, that the degree
to which students adopt a growth mindset—the belief that
their intellectual abilities are malleable—is meaningfully pre-
dictive of their ability to persist and succeed in challeng-
ing STEM subjects (Yeager et al., 2019; Yeager & Dweck,

2020; Yeager et al., 2022). Students’ ”strategic mindset”
orientation—associated with metacognitive strategy use in
goal pursuit—was indirectly predictive of progress towards
challenging and long-term goals (Chen, Powers, Katragadda,
Cohen, & Dweck, 2020). Moreover, previous studies have in-
vestigated the degree to which students who are initially more
apprehensive about the course, such as by having higher lev-
els of test anxiety or by being less confident they will suc-
ceed, perform less well than other, less apprehensive students
(Sutter, Givvin, & Hulleman, 2024; Zeidner, 2007; Cassady
& Johnson, 2002).

Similarly, prior work suggests that students who consider a
course to be interesting and relevant to their long-term goals
tend to be more engaged and to perform better than students
who are less invested in the course (Hulleman & Harack-
iewicz, 2009; Harackiewicz, Smith, & Priniski, 2016).

However, the intrinsic complexity and heterogeneity in
learning environments poses challenges for understanding the
relationship between these psychological factors and student
learning outcomes (Brown, 1992). Detailed measurement of
student beliefs and behavior across a wide range of learning
conditions are critical for beginning to meet this challenge
(Bryan, Tipton, & Yeager, 2021). Newly developed digital
learning environments make it possible to track student learn-
ing behavior over time in larger and more diverse populations
of learners (Reza, Kim, Bhattacharjee, Rafferty, & Williams,
2021; Stigler et al., 2020; Motz, Carvalho, de Leeuw, & Gold-
stone, 2018; Lovett, Meyer, & Thille, 2008). These larger
longitudinal datasets make it feasible to develop quantitative
models that account for more complex interactions between
sources of variation across individuals and groups.

Here we leverage longitudinal data obtained using one such
digital learning platform, CourseKata (Stigler et al., 2020), to
explore links between student psychological orientation and
subsequent engagement (Gao et al., 2025; Henrie, Halverson,
& Graham, 2015) and learning behavior. We begin with an
observational approach by analyzing sources of variation in
learning among 1306 students enrolled in college-level intro-
ductory data science courses across 45 classrooms in 11 insti-
tutions. Based on insights from that study, we then explored
the potential for an intervention targeting students’ appraisal
of stress and their tendency to seek alternative strategies when
stuck. In an initial study with one university course, we mea-
sured the impact of this intervention on students’ subsequent
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Figure 1: (A) Data from 1306 students enrolled in 45 courses across 11 institutions were analyzed in the current study. (B)
A digital textbook (CourseKata) was used to obtain survey-based measures of students’ psychological orientation, as well as
measures of engagement with learning activities and performance on end-of-chapter quizzes. (C) Example survey items used
to measure seven aspects of initial student psychological orientation. Engagement was measured as the proportion of “pages”
completed in each CourseKata chapter.

psychological orientation towards the course (Yeager et al.,
2022; Chen et al., 2020). By combining insights from large
observational datasets with targeted experimental interven-
tions, the current work contributes to our understanding of
learning in real-world educational environments.

Study 1: Characterizing the relationship
between student psychological orientation and

learning
We first sought to understand the aspects of students’ psy-
chological orientation that predict engagement and learning
dynamics in introductory data science courses. Towards this
end, we leveraged publicly available data collected using a
digital textbook known as CourseKata (Stigler et al., 2020).

Methods
Participants Our study analyzed data from 1306 college
students (gender: 72.82% female, 24.66% male, 1.91% non-
binary, and 0.61% undisclosed; race: 36.06% Latine, 24.27%
Asian, 22.13% White, 5.51% Black, 3.98% Middle East-
ern, 0.46% American Indian or Alaska Native, 0.31% Na-
tive Hawaiian or Pacific Islander, 7.38% undisclosed) who
enrolled in 45 unique data science courses across 11 institu-
tions (Fig. 1A). Only data from students who provided con-
sent for their data to be used in educational research were
included and their data were anonymized in accordance with
the University of California, Los Angeles IRB. Note that be-
cause textbook activities, particularly surveys, were optional
for students, modeling analyses focus on a subset of all the

students in the dataset.

CourseKata-2023 Dataset The CourseKata textbook con-
tains 12 chapters covering core concepts in statistics and how
to construct statistical models to explain variation in quanti-
tative data (Son, Blake, Fries, & Stigler, 2021). Data from
the first nine chapters were available for analysis. Students
first completed a pre-course survey of prior experience and
attitudes toward the material. The subsequent chapters in-
cluded interleaved content and learning activities which com-
bined questions probing conceptual understanding with exer-
cises using the R programming language. Student learning
was assessed with a quiz at the end of each chapter (Fig. 1B).

Psychological orientation Various aspects of students’ psy-
chological orientation were measured using 6-point Likert-
scale responses to survey items embedded in the opening
section of the textbook. Our study focuses on survey items
targeting seven constructs: math anxiety, stress expectation,
prior programming experience, attitude towards program-
ming, interest in math, self-efficacy, and the long-term ex-
pected value of the course material (Fig. 1C). For constructs
that were measured using multiple survey items, we com-
puted the mean response across the items to derive a single es-
timate for that construct, for each student. We used the map-
pings between individual survey items and target constructs
that were defined by the CourseKata developers.

Learning Student learning was measured at multiple time
points throughout each course using the nine quizzes embed-
ded at the end of chapters in CourseKata. These quizzes con-
sisted of 12-32 multiple-choice questions that focused on the
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Figure 2: Pairwise comparisons of psychological construct
ratings from initial CourseKata survey. Higher values indi-
cate greater strength of associations between constructs. For
all estimated correlation coefficents, p < .001.

learning objectives for that chapter. We use average perfor-
mance across end-of-chapter quizzes as a measure of each
student’s overall comprehension (Fig. 3C).
Engagement Student engagement with the material was mea-
sured by tracking completion of interactive learning activities
embedded in multiple “pages” throughout each chapter. We
estimated a student’s level of engagement by computing the
proportion of pages a student completed from that chapter
out of the maximum number of pages in the chapter com-
pleted by any student enrolled in the same course (Fig. 3C).
We consider a page to have been completed only if the student
completed all embedded learning activities on that page.

Results
Understanding associations between various components
of students’ psychological orientation While we initially
identified seven psychological constructs to focus on in the
survey data (N = 1306), we anticipated that these constructs
might be associated with one another. We estimated the
strength of the associations by computing the Pearson cor-
relation coefficient for every pair of constructs (Fig. 2). For
each set of k clusters, we calculated the corresponding sil-
houette score—a measure of clustering strength that quanti-
fies how closely items within a cluster are grouped relative to
the distance between clusters (Shahapure & Nicholas, 2020;
Rousseeuw, 1987). Using the correlation between constructs
within and across clusters as a distance metric, we obtained a
maximum silhouette score with k = 2 clusters. The result-
ing associated constructs included one group composed of
math anxiety and stress expectation, while another consisted
of prior programming experience, attitude towards program-
ming, interest in math, self-efficacy, and the expected value of
the course in the long term. This grouping suggests reliable
low-dimensional structure in these survey responses, thereby
constraining how independently the seven constructs might
contribute to predicting variation in subsequent learning.

Relating student psychological orientation and engage-
ment Given the potential for fluctuations in students’ level
of engagement throughout the course, we first assessed the re-
liability of our engagement metric in the CourseKata dataset.
To estimate reliability, individual textbook “pages” were as-
signed to two split halves of the textbook; each student’s en-
gagement score for each split half was the proportion of pages
they completed in each split. We calculated the pairwise cor-
relation between students’ split-half engagement levels, cor-
rected using the Spearman-Brown Formula. This process was
repeated to estimate uncertainty in the split-half reliability.
Overall, split-half reliability was high (0.979; bootstrapped
95% CI = [0.975,0.982]), suggesting that students’ level of
engagement was relatively consistent throughout the course.

How well can variation between students (N = 1209) in
overall engagement level be accounted for by differences
in their psychological orientation? We fit a linear mixed-
effects model estimating each student’s average chapter-level
engagement with the psychological constructs from the pre-
course survey, while accounting for variation in engagement
across individual students within each class. Students’ survey
responses across the psychological constructs of interest were
not significant predictors of overall engagement (χ2(7) =
6.52, p = .48). This finding was not a result of the ob-
served correlation between psychological constructs (Fig. 2);
none of the psychological constructs individually accounted
for significant variation in overall engagement (math anxi-
ety: χ2(1) = 0.027, p= .87; stress expectation: χ2(1) = 0.38,
p = .54; self-efficacy: χ2(1)< 0.001, p = .99; programming
attitude: χ2(1) = 0.07, p = .80; math interest: χ2(1) = 0.03,
p = .87; expected value: χ2(1) = 2.53, p = .11; program-
ming experience: χ2(1) = 0.88, p = .35). Broadly, variation
between students in their attitudes toward the material did not
meaningfully predict differences in the proportion of inter-
leaved activities they completed throughout each course.

Relating student psychological orientation, engagement,
and learning outcomes In the preceding results, we found
that students’ level of engagement was relatively stable
throughout the course and variation in psychological orien-
tation did not account for individual variation in engagement.
How might both students’ psychological orientation and en-
gagement relate to learning, as measured by scores on end-of-
chapter quizzes? We fit a linear mixed-effects model estimat-
ing participants’ average end-of-chapter quiz score with their
engagement level and pre-course survey responses, while ac-
counting for random variation in student performance within
each class (N = 1209).

Overall, students’ pre-course survey responses were a
significant predictor of average quiz performance (χ2(7) =
40.04, p < .0001). However, we did not find evidence for
a relationship between this measure of engagement and quiz
performance (χ2(1) = 2.59, p = .11). Further, including stu-
dents’ level of engagement did not meaningfully improve the
observed relationship between psychological orientation and
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Figure 3: (A) Distribution of page completion rates for inter-
leaved activities for each chapter in CourseKata (plotted with
kernel density estimation). (B) Distribution of performance
on end-of-chapter quizzes for each chapter in CourseKata
(plotted with kernel density estimation).

quiz performance (χ2(1) = 2.05, p = .15).
Given the strong relationship between pre-course survey

responses and quiz performance, we next investigated the de-
gree to which this effect can be attributed to each group of
survey constructs suggested by k-means clustering (Fig. 2).
We fit linear mixed-effects models to students’ average quiz
performance with the survey constructs in each cluster as pre-
dictors. We compared models using the Akaike Information
Criterion (AIC), a standard measure of model fit that rewards
models that explain the data better while penalizing additional
parameters (Akaike, 1974).

We found that the combination of programming experi-
ence, programming attitude, interest in math, self-efficacy,
and expected value of the course predicted individual vari-
ability in quiz performance beyond what can be attributed
to random variation among students within each class (rel-
ative AIC = −14.20; Fig. 4). In addition, math anxiety and
stress expectation alone were comparably strong predictors
of quiz performance (relative AIC = −15.28). Finally, a
full model with all seven pre-course survey constructs out-
performed each individual group of constructs (relative AIC
= −26.04). These results suggest that students’ psychologi-
cal orientation towards the course were important predictors
of learning outcomes.

Study 2: Impact of a mindset intervention on
student psychological orientation

In Study 1, we found that students’ psychological orienta-
tion at the start of the course was reliably associated with
subsequent quiz performance. As a next step, we sought to
take initial steps towards developing interventions that might
shift students’ mindsets about stress and their metacogni-
tive awareness when working through problems, which might
play a role in improving students’ learning experiences and
outcomes.

Adapting interventions developed in previous work, our in-
tervention focused on two dimensions of students’ learning
experiences in introductory data science courses.

First, this intervention aimed to help students understand
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Figure 4: Comparison between models predicting perfor-
mance on interleaved assessments from various survey-based
measures of students’ psychological orientation. The inclu-
sion of a predictor in a model is indicated by the filled col-
ored discs. The position of each dark horizontal bar indicates
the relative improvement in model fit, measured using AIC,
relative to the null model (dashed line). Light gray rectangles
represent the expected range of values for the models’ rela-
tive AIC due to sampling variation, estimated via bootstrap
resampling of students within each class.

that stress can be useful (a stress-can-be enhancing mindset).
That is, they were taught to reframe moderate levels of stress
and frustration (e.g., frustration with computer programming)
as opportunities for learning and growth (Yeager et al., 2022;
Crum, Salovey, & Achor, 2013). Second, it highlighted a
“strategic mindset,” that is, the value of metacognitive aware-
ness as to whether, when working through a difficult problem,
it might be worthwhile to seek alternative approaches (Chen
et al., 2020). Here we report initial insights from measuring
the impact of this intervention on these two dimensions in a
single data science course.

Methods
Participants Data was collected from 146 students (gen-
der: 69.18% female, 24.66% male, and 6.16% nonbinary;
race: 23.97% White, 23.29% Asian, 17.81% Latine, 14.38%
Black, 4.79% Middle Eastern, 2.05% American Indian or
Alaska Native, 12.33% Multiracial, and 1.37% undisclosed)
enrolled in a college-level introductory data science course
using the CourseKata platform in Fall 2024 at Stanford Uni-
versity (Fig. 5A). Students provided consent for their data to
be used in research (7 students who opted out of the study are
not included in the analyses). Participant data is anonymized
in accordance with the Stanford University IRB. Note that be-
cause study activities, particularly surveys, were optional for
students in accordance with the IRB protocol, different anal-
yses focus on different subsets of the full classroom dataset.
Psychological orientation At the start of the term, students



0.00

0.25

0.50

0.75

re
sc

al
ed

  r
at

in
g

s

stress-as-enhancing 
mindset

strategic 
mindset

Stress can help
me to learn
and grow.

Whenever I noticed 
that one approach
was less effective, I 

reassessed ... 

disagree

agree

co
nt

ro
l

in
te

rv
en

tio
n

co
nt

ro
l

in
te

rv
en

tio
n

DC

rating

qu
iz 

 p
er

fo
rm

an
ce

 

Mindset Module

“Experiencing challenges — and even 
failure from time to time — can trigger a 
cascade of beneficial changes in your 
brain, both helping you to achieve your 
goals and to prepare to learn new things” 

Control Module

“Neurotransmitters, chemicals that are 
involved in the communication between 
neurons, can be released in response to 
stressful stimuli and potentially enhance 
the encoding of memories” 

1 classroom

146 students

Intervention 2024 DatasetA

B reframing experiences & applying to own life information about biological mechanisms

0.5

0.6

0.7

0.8

0.9

0 1 2 3 4 5

math anxiety 
stress expectation

Figure 5: (A) Students (N = 146) were randomly assigned to either the mindset intervention and control condition. (B) The
mindset condition provided students with specific strategies for reframing stressful experiences in the classroom as opportunities
to learn and grow, and for understanding the importance of a strategic mindset. The control condition provided an overview
of key concepts in neuroscience related to the phenomenon of learning and stress, but no guidance as to how to apply those
concepts to their experiences as students. (C) Associations between quiz performance and students’ initial math anxiety and
expectations about how stressful the course would be. (D) Student mindsets about stress and metacognitive awareness while
learning following the intervention.

completed the CourseKata pre-course survey. The survey for-
mat and associated psychological constructs were identical
to those described in Study 1. Survey items related to pro-
gramming experience and programming attitudes were not
included in these analyses due to a high number of missing
responses.
Mindset intervention In the sixth week of the term (out of ten
weeks), students completed a special module in class lasting
approximately 30 minutes. This module was administered in
the second half of the term, rather than at the beginning, due
to scheduling constraints independent of the design of this
study.

Half of the students were randomly assigned to the mind-
set intervention condition, and this module helped students:
(1) reframe stressful and challenging experiences in the class-
room as opportunities to learn and grow and (2) to be aware
of opportunities to seek alternative approaches when work-
ing through a difficult problem (e.g., writing code to analyze
data). The other half of the class was provided with a control
module that introduced core concepts in neuroscience as they
relate to learning and the experience of stress (e.g., plastic-
ity), but did not provide guidance that was directly applicable
to their experiences as learners in the classroom (Fig. 5B).
The course instructors were blind to both which module each
student was assigned and which students opted in to sharing
their data for the study. To help students internalize the core
takeaways, each module concluded by presenting testimoni-
als from a peer reflecting on the impact of having previously
completed a similar module, followed by a writing exercise
in which students wrote a letter to a student taking the course
in the future describing what they had learned in the module
(Bauer & Walton, 2024; Chen et al., 2020).
Post-intervention measures Approximately 1-2 weeks after
the intervention, a survey was administered to all students to

measure the impact of these modules on their orientation to-
ward stress and academic challenges. We used several well-
validated survey items to assess the impact of the interven-
tion on students’ mindset (Yeager et al., 2022; Chen et al.,
2020; Elliot & Murayama, 2008). These included multiple
items measuring students’ beliefs about the relationship be-
tween stress and learning (e.g., “Stress can help me to learn
and grow.”) as well as their metacognitive strategies when
working through difficult problems in class (e.g., “Whenever
I noticed that one approach was less effective, I reassessed
whether I was using the best strategy.”). The survey also in-
cluded items measuring other constructs, including the de-
gree to which a student was challenge-seeking (i.e., whether
students would opt for an easier but less informative assign-
ment or a more challenging one that would lead to greater
learning), a student’s learning-goal orientation (e.g., “My
goal has been to learn as much as possible in this course”),
and performance-goal orientation (e.g., “My goal has been to
avoid performing poorly compared to others”).
Learning The CourseKata end-of-chapter quizzes were iden-
tical to those described in Study 1. Here scores from all 12
end-of-chapter quizzes were available for analysis rather than
just the first nine. In addition to the end-of-chapter quizzes,
students in the course completed biweekly in-class quizzes
designed by the instructional team. We measured learning
using the average score across all CourseKata end-of-chapter
quizzes and in-class quizzes.

Results
Relating students’ psychological orientation and learning
outcomes As in Study 1, we examined the relationship be-
tween students’ math anxiety and stress expectations reported
in the initial CourseKata survey (N = 103) and their subse-
quent quiz performance. Higher stress expectation ratings



and higher math anxiety levels were associated with lower
quiz performance (F(2,100) = 3.22, p = .05; stress expecta-
tion: ρ = −0.19, 95% CI = [−0.37,−0.00], p = .05; math
anxiety: ρ = −0.23, 95% CI = [−0.41,−0.04], p = .02;
Fig. 5C). After controlling for math anxiety and stress expec-
tation, the remaining psychological constructs assessed in the
pre-course survey did not reliably explain additional variation
in average quiz performance (F(3,97) = 0.96, p = .41).

Effect of mindset intervention on psychological orienta-
tion To examine the impact of the mindset intervention on
students’ subsequent orientation towards stress and academic
challenges, we compared post-intervention survey responses
between the intervention (N = 63) and control (N = 57) con-
ditions for a targeted subset of survey questions. All re-
ported means below were calculated by rescaling students’ re-
sponses on the relevant post-survey Likert scales to the range
(0, 1) to facilitate comparisons between constructs.

Students in the mindset intervention condition reported
higher levels of stress-as-enhancing mindset (mean = .57,
95% CI = [.51, .62]) relative to those in the control condition
(mean = .47, 95% CI = [.41, .53]; t(118) = 4.91, p = .03)
(Fig. 5D left). On the other hand, the mindset intervention
had no observable effect on students’ reported strategic mind-
set orientation (intervention mean= .61, 95% CI = [.56, .66];
control mean = .63, 95% CI = [.58, .67]; t(118) = 0.24,
p = .63) (Fig. 5D right). In addition to the impact on stress-
as-enhancing and strategic mindset survey items, we assessed
the effect of the intervention on other constructs of interest
from the post-intervention survey. We did not observe signif-
icant differences between the mindset intervention and con-
trol conditions in reported values of challenge-seeking pref-
erences (t(118) = 0.20, p = .66), learning goal orientation
(t(118) = 1.00, p = .32) and performance goal orientation
(t(118) = 0.01, p = .92). Taken together, these findings
suggest that this intervention, although administered mid-
way through the course, was partially successful in targeting
the two psychological constructs of interest, but could bene-
fit from further refinement before being deployed at broader
scale.

Discussion
In this paper, we investigated predictors of student achieve-
ment and engagement in college-level introductory data sci-
ence courses across 12 institutions. We measured several
aspects of students’ psychological orientation at the begin-
ning of these courses, including their beliefs and attitudes to-
wards the course, and tracked how much these students en-
gaged with the material and demonstrated proficiency with it
over time. Such longitudinal data collected across multiple
sites allowed us to assess the quantitative strength of relation-
ships between various psychological factors and subsequent
engagement and learning outcomes.

In Study 1, we found that the level of math anxiety and
expectations about how stressful the course would be were

important predictors of performance on formative learning
assessments, consistent with prior work (Foley et al., 2017;
Chang & Beilock, 2016). In Study 2, we sought to address
those bottlenecks by adapting previously developed mindset
interventions to a college-level data science learning context
(Yeager et al., 2022; Chen et al., 2020).

We conducted an initial validation study to assess how
successfully the adapted intervention could impact the tar-
get constructs of interest (i.e., beliefs about the relationship
between stress and learning; ability to maintain a strategic
mindset).

Our findings converge with prior work characterizing psy-
chological barriers in STEM education, and extend these in-
sights to college-level data science—a field that blends math-
ematical reasoning and computing skills to answer scientific
questions.

The intervention introduced in Study 2 represents an initial
effort towards developing more targeted supports for students
that account for their varied backgrounds. In future work, the
intervention could be delivered at the beginning of the term
to enhance its impact on students’ experience throughout the
entire course. In addition, future work should extend these in-
vestigations beyond a single institutional context and examine
how variation across institutional contexts and student pop-
ulations influences what kinds of educational interventions
work well (Jackson, Remache, Ramirez, Covarrubias, & Son,
2024).

Interestingly, while students’ engagement levels, as mea-
sured by the proportion of learning activities completed,
could be estimated reliably, this metric was not predicted by
psychological factors nor correlated with performance on for-
mative assessments. This result is consistent with the notion
that a student’s initial apprehension about the course does
not fully determine their willingness and ability to complete
coursework—which might be an encouraging possibility for
educators. In addition, it might be that students already fa-
miliar with the material might not complete as many of the
learning activities, further moderating any relationship be-
tween engagement and quiz performance.

Regardless, more sensitive measures of student engage-
ment might be needed to illuminate the mechanisms that
mediate links between psychological orientation and learn-
ing outcomes (Arpasat, Premchaiswadi, Porouhan, & Prem-
chaiswadi, 2021; Dewan, Murshed, & Lin, 2019; Gao et al.,
2025).

Overall, this work leveraging data from CourseKata is
aligned with broader shifts in the cognitive and learning sci-
ences towards larger-scale, multi-site studies that can char-
acterize heterogeneity across learning contexts (Bryan et al.,
2021; Miller, 2019). The approach taken here highlights the
value of combining large-scale observational studies with tar-
geted interventions to investigate the interaction between af-
fective and cognitive processes in real-world learning envi-
ronments.
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