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ABSTRACT

As evidence grows supporting the importance of non-cognitive
factors in learning, computer-assisted learning platforms increas-
ingly incorporate non-academic interventions to influence student
learning and learning related-behaviors. Non-cognitive interven-
tions often attempt to influence students’ mindset, motivation, or
metacognitive reflection to impact learning behaviors and outcomes.
In the current paper, we analyze data from five experiments, in-
volving seven treatment conditions embedded in mastery-based
learning activities hosted on a computer-assisted learning platform
focused on middle school mathematics. Each treatment condition
embodied a specific non-cognitive theoretical perspective. Over
seven school years, 20,472 students participated in the experiments.
We estimated the effects of each treatment condition on students’
response time, hint usage, likelihood of mastering knowledge com-
ponents, learning efficiency, and post-tests performance. Our anal-
yses reveal a mix of both positive and negative treatment effects
on student learning behaviors and performance. Few interventions
impacted learning as assessed by the post-tests. These findings
highlight the difficulty in positively influencing student learning
behaviors and outcomes using non-cognitive interventions.
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1 INTRODUCTION

In recent decades, the use of computer-assisted learning platforms
(CALPs) as a complement to traditional classroom instruction has
increased dramatically [17, 21, 48]. Learning-experience design-
ers often embed both academic and non-academic supports into
CALPs to improve students’ learning outcomes. Much of the causal
research in learning analytics focuses on the effects of academic
interventions in CALPs — such as hints, scaffolding, and perfor-
mance based-feedback [29, 45, 50, 51] — but less attention has been
given to non-cognitive interventions that focus on students’ mind-
sets, emotions, and motivation as they engage in learning activities.
There is growing appreciation that “non-cognitive" aspects of educa-
tion, such as students’ motivation, persistence, and meta-cognition,
are essential parts of the learning process [23, 61]. Non-cognitive
factors are broadly defined as a set of skills and traits that are not
analytic or intellectual but are academically relevant [56]. Although
these factors are predictive of educational outcomes, attempts to
implement non-cognitive interventions in various educational set-
tings, from traditional classrooms and massive open online courses,
have shown mixed results in influencing students’ behaviors and
learning outcomes [19, 25, 70]. As learning-experience designers
incorporate non-cognitive interventions into CALPs, research on
how these interventions impact students’ learning behavior and
outcomes is essential to optimizing digital educational environ-
ments.

One way to influence non-cognitive factors is by embedding
small interventions within a learning activity. In non-educational
fields, behavioral scientists have found that embedding simple in-
terventions, such as messages or short activities, "nudge" people
toward specific desirable behaviors [37, 62]. Similarly, education
researchers studying the impact of ‘nudges’ meant to influence
students’ mindsets and motivation and thus impact their academic
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behaviors and performance have found mixed results [25, 38, 49].
In a review of social-psychological interventions in education [70],
Yeager and Walton note that non-cognitive interventions can seem
"magical" because of their potentially long-lasting impacts, but they
warn against this view. Instead, they state that we must understand
these interventions as "powerful but context-dependent tools" for
them to be effective at scale. In that light, we seek to understand
the potential impact of these tools in the context of CALPs.

Presently, we explore the use of small non-cognitive interven-
tions in ASSISTments focused on middle school mathematics.
Specifically, we investigate the impacts of five experimental in-
terventions that use motivational messaging and small metacog-
nitive exercises based on non-cognitive theories — growth mind-
set, achievement emotions and control-value, social comparison
and self-concept, and metacognition — that have implications for
learning. We examine how these interventions impact learning
by looking at multiple dimensions of students learning processes.
Our findings provide evidence that different types of non-cognitive
interventions embedded in online learning systems affect students’
learning behaviors and outcomes differently. Practically, these find-
ings can also inform the design of non-cognitive supports within
online learning systems that can meaningfully impact student en-
gagement and learning.

2 PRIOR WORK/BACKGROUND

A growing number of studies have investigated the relations be-
tween non-cognitive factors and learning [28, 56, 61]. The degree
to which these factors are associated with learning outcomes vary.
For example, affective factors such as depression, feelings of well-
being, and generalized anxiety generally show small correlations
with academic performance, whereas domain-specific self-efficacy
and domain-specific anxiety are highly correlated with academic
achievement [61]. Non-cognitive interventions seek to impact learn-
ing by influencing non-cognitive factors, which have theoretical
downstream effects on their learning behavior and performance.
Below, we describe four common educational theories focused on
non-cognitive factors and how they purportedly impact learning
behaviors and achievement.

2.1 Mindset Theory

Mindset theory focuses on individuals’ beliefs about how abilities
can be developed [12]. Individuals can hold either "growth" mind-
sets, in which they believe their talents can be developed through
effort, or "fixed" mindsets, in which they believe their talents are
innate and inflexible. According to this theory, people with higher
growth mindsets should be more adaptive, particularly when facing
difficulties, leading to increased academic achievement.

Studies have found that mindset can influence how students view
and engage in learning activities. One early study on mindset found
that the mindset portrayed by adults when they praise students’ mo-
tivation and performance on learning tasks [40]. Research suggests
students’ mindsets are implicated in academic performance, how
they address changes, and respond to academic stress [67]. Growth
mindsets may also have indirect effects on achievement through
motivational factors, such as increasing motivation to learn [5, 53]
and grit [44].

166

Vanacore et al.

However, there has been considerable debate around the general-
izability of growth mindset interventions, as studies have found that
effects are highly variable depending on individuals and contexts
[68]. Sisk and colleagues [58] conducted two meta-analyses: one on
the correlation between mindset and academic achievement (273
studies, n = 365,915) and one on the effect of mindset interventions
on academic achievement (43 studies, n = 57,155). They found that
over half of the effect sizes reviewed in their meta-analyses were
not significant, and those that were significant had an average weak
effect along with high degrees of heterogeneity. Specifically, stu-
dents from lower socioeconomic backgrounds or those who were
academically at-risk generally benefited, which has also been re-
flected in other large-scale studies. For example, a growth mindset
predicted achievement in a national sample of 10th grade students
in Chile and helped to offset the negative effects of poverty on
achievement [9]. Similarly, a large-scale randomized controlled
trial investigating the effect of a short online mindset intervention
on lower-achieving gth grade students also found positive impacts
on students’ math GPA and enrollment in advanced math classes
[69]. Still, other recent large-scale studies suggest that growth mind-
set may only be predictive of achievement among wealthy students
and not those from less advantaged families [24]. Thus, it is still
unclear how different implementations of growth mindsets will
generalize when implemented into a large-scale CALP.

A key aspect of growth mindset is how students respond to
failure during learning. Students with growth mindsets should view
mistakes as learning opportunities, whereas students with fixed
mindsets may view the same mistake as an indication of their poor
ability. A study investigating undergraduates in a STEM course
found that failure perception was a significant factor associated
with changes in students’ mindsets over the semester [30]. Students
with fixed mindsets at the start of the semester were likely to
report academic struggles and shift away further from growth
mindsets throughout the semester. Alternatively, students who
started the semester with growth mindsets and continued to hold
higher growth mindsets throughout the semester reported lower
levels of academic struggle the during the semester. This suggests
that how students perceive difficulty in learning influences whether
they struggle academically.

In order to help students access potential benefits of growth mind-
sets, many interventions provide scripts for teachers that re-frame
students’ mistakes as opportunities to learn [57]. In educational
games, growth mindset interventions have also increased overall
gameplay, positive strategies, and persistence after challenges [43].
As such, growth mindset interventions focused on changing stu-
dents’ perceptions of failure while they engage with CALPs may
be effective for improving learning behaviors and outcomes.

2.2 Achievement Emotions & Control-Value
Theory

Achievement emotions are those tied to achievement activities or
outcomes [46]. The specific emotions that individuals feel during
or as a result of learning activities can have significant effects on
learning and performance [47, 52]. As part of his Control-Value
theory, Pekrun et al. [47] posited that individuals’ achievement
emotions are proximally determined by their appraisals of control
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(i.e., their perceived influence over actions and outcomes) and value
(i.e., their perceived importance of success). The theory also classi-
fied 17 achievement emotions based on their valence (positive vs.
negative), activation (activating vs. deactivating), and object focus
(activity vs. outcome). For example, joy is classified as a positive, ac-
tivating emotion focused on outcomes, and frustration is classified
as a negative, deactivating emotion focused on activities.

Different emotions have also been found to relate differently with
student achievement [7] through mechanisms such as consuming
cognitive resources [14, 35], promoting certain strategies [10], or
supporting interest and motivation to perform tasks. In general,
an emotion’s impact on learning depends on where it falls within
Pekrun’s taxonomy. Positive activating emotions are positively
correlated with learning and performance, including outcomes of
interest, effort invested, self-regulation of learning, grades, and
test scores [31, 47]. Meanwhile, negative deactivating emotions can
reduce cognitive resources available for tasks or lead to superficial
information processing [46]. However, not all negative emotions
are necessarily bad for learning outcomes; for example, a negative-
activating emotion such as confusion can benefit learning outcomes
if students overcome their confusion [13].

Much prior research on achievement emotions has taken place
in controlled lab settings; therefore, it is unclear how non-cognitive
interventions focused on achievement emotions will generalize
in classrooms and at scale. A potential target for non-cognitive
interventions is to promote positive, activating emotions such as
joy or hope, which are associated with positive learning outcomes.
Another option is to teach students to become more aware of their
emotions during or after learning activities to help them identify
and regulate those emotions. This emotion labeling is considered
part of students’ emotion knowledge (i.e., the ability to perceive and
label emotions in oneself accurately and others), which is consid-
ered a critical non-cognitive skill for students to learn. For example,
a meta-analysis of 49 studies with students from ages 3-12 found
that emotion knowledge of other people’s emotions was correlated
with academic performance with an effect size of .32, with stronger
associations among middle-class children [65]. However, few stud-
ies have investigated how promoting emotion-labeling behaviors
can impact their learning outcomes and behaviors.

23

Social comparison describes any processes through which individ-
uals relate their abilities to others [11]. People engage in social
comparison for various reasons, including self-evaluation, self-
improvement (to improve their skills), or self-enhancement (to
protect or improve their self-esteem). In general, people compare
themselves with people who are superior to them in some way,
with such comparisons resulting in worsened moods and lower
ability appraisals. In contrast, comparisons with people who are
lower in ability result in more positive outcomes but are rarer [16].
This tendency has been leveraged by behavioral scientists to influ-
ence various behaviors, such as reducing energy conception [2, 41],
health-related decisions [32, 37], and tax compliance [3]. These in-
terventions utilize normative data on groups, to nudge individuals
towards or away from certain behaviors.

Social Comparison Theory & Self-Concept
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In terms of academic achievement, students’ academic self-
concepts — perceptions of one’s academic abilities — are partly
determined by social comparisons of their achievements against
their peers [33]. In turn, academic self-concepts have been related to
academic achievement [39, 54]. In a classroom context, students can
explicitly compare their achievements against individual students
while also implicitly measuring themselves against the perceived
average ability and performance of their entire school, grade, or
classroom [59]. Ability grouping or tracking within schools can
further complicate which comparison groups are most salient for
students. Indeed, students’ social comparisons at the school- or
classroom-level have significant effects on students’ self-concept.
Average school or classroom ability can affect students’ individual
student’s self-concepts even when individual achievement is con-
trolled [34, 55]. Thus, interventions that manipulate the target of
social comparison and students’ standing relative to a comparison
group may be one way to bolster students’ academic self-concepts
and improve subsequent learning outcomes.

24

Metacognition encompasses individuals’ knowledge and regulation
of their cognition [15, 64]. In terms of academic achievement, having
higher metacognitive knowledge can help students understand the
factors that affect their academic outcomes and to plan, monitor,
and evaluate their learning. Supporting metacognitive strategies
during learning activities (e.g., reflecting on one’s knowledge prior
to or after a learning activity) can help students to think about
their learning process [4]. Several prior studies have shown that
greater use of metacognitive strategies is positively and strongly
associated with higher academic achievement [6, 42, 63, 66]. For
example, in the 2009 PISA dataset of 15-year-old students across 65
countries, metacognitive strategies significantly predicted academic
achievement when controlling for SES and gender [6].

Confidence judgments are one metacognitive strategy that can
help students assess their state of knowledge [36]. Judgments con-
ducted before learning reflect students’ perceptions of their current
knowledge and ease of learning, which are important components
of students’ metacognitive self-monitoring. Such judgments require
students to think about the requisite knowledge for the task, their
own abilities, and the steps they need to take for requisite knowl-
edge and their abilities to align. Teaching students to self-monitor
and make knowledge judgments can increase their overall test
confidence; however, there is a risk that it can also make them over-
confident in their abilities [20]. Thus, non-cognitive interventions
that encourage students to judge their confidence while providing
timely feedback during problem-solving may be another method
for improving their metacognition, which should subsequently ease
their learning processes and improve performance.

Metacognition

3 CURRENT STUDY

In the current study, we evaluate the impact of non-cognitive in-
terventions embedded into mastery-learning activities on student
learning and learning-related behaviors. The study includes five
experiments conducted through ASSISTments. This ASSISTments
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platform allows researchers to embed experiments into mastery-
based learning activities and problem sets. To date, over 80 ex-
periments have been run through the system. To determine which
experiments to include in our analyses, we reviewed all experiments
(n = 14) which did not include manipulations with academic fea-
tures (hints, feedback, problem type, etc.). Of these experiments, five
were included in the current study because they were conducted
with a non-cognitive theoretical basis (e.g., Growth Mindset, social
comparison, efc.) and included a learning outcome to be used as one
of the dependent measures. Each of the selected experiments were
conducted in a mastery-based learning activity focused on a spe-
cific knowledge component, in which students completed problems
until they mastered that knowledge component [60]. This selection
process was conducted before extracting the data from the ASSIST-
ments database. Prior to analyzing the data, we preregistered our
analyses through the Open Science Foundation (OSF Link). Data
and code for the analyse can be found on GitHub (GitHub Link).

3.1 Research Questions

As we are interested in understanding whether non-cognitive in-
terventions affect learning-related behaviors as well as learning
measures as outcomes, our research questions focus on a variety of
different variables as outcomes:

RQ 1 Did each intervention increase students’ initial re-
sponse time when solving a problem?
As response time (defined as the time between viewing the
problem and either submitting a response or requesting a
hint) is positively correlated with performance [8, 18, 26], we
analyzed whether each intervention impacted the amount
of time between viewing the problem and taking an action
(response time) as a learning-related outcome. This allows us
to evaluate whether the interventions cause students to slow
down and consider the problem prior to acting, an action
that is related to learning and performance [27].

Did each intervention increase the likelihood of stu-
dents engaging in hint usage during the activity?
Providing access to hints has a positive effect on student
performance [45, 50], so the likelihood that students uti-
lized hints as a help-seeking behavior was included as an
outcome. This allows us to measure the extent to which
the interventions cause students to seek assistance as they
worked through the activity.

RQ 2

Did each intervention increase the likelihood that stu-
dents completed the activity by mastering the knowl-
edge component?

The goal of each activity in ASSISTments is to master the
knowledge components, so we evaluate each intervention’s
impact on the likelihood that the students reach this goal.
Notably, mastery can be viewed as a product of student
knowledge entering the activity, learning during the activity,
and their willingness to persist through the activity.

RQ 3

RQ 4 Did each intervention impact student learning as mea-

sured by their efficiency in mastering the knowledge
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component of the activity and performance on a post-
test?

Students required different numbers of problems before
reaching mastery and may have experienced different lev-
els of learning during the activity. Therefore, we examined
whether the interventions impacted the efficiency in which
students learned by examining the difference in the num-
ber of problems to mastery, and we evaluated how much
learning they experienced during the activity by assessing
differences in their performance on a post-test.

4 METHOD

4.1 Experimental Interventions

The five experimental interventions were conducted over eight
problem sets. Two of the experiments had multiple treatment condi-
tions, producing a total of seven experimental treatments. None of
the interventions overlapped; only one experiment was conducted
in each problem set, so students could only be in one intervention
at a time. All experiments included a business-as-usual control con-
dition, in which the students worked on the mastery-based learning
activities and problem sets without any non-cognitive intervention.

The activities focused on different mathematical skills commonly
covered as part of the United States middle school curricula (grades
7-8). These skills include adding decimals, adding and subtracting
fractions, percentages, geometry, probability, permutations, and
combinations.

Table 1 provides descriptions of each experiment, a label of their
theoretical basis, indications of when the interventions were ad-
ministered during the activity , and the number of problem sets in
which the experiment was conducted. In the embracing mistakes
treatment conditions, students received either image or video mes-
sages encouraging them to adopt a growth mindset by reappraising
their mistakes as part of the learning process. The inspirational
quotes intervention encouraged students to adopt joyful or hope-
ful emotions as they progressed through the activity by providing
motivational messages and positive quotes from celebrities (Albert
Einstein, Michael Phelps, and Nicki Minaj). The social comparison
included two treatment conditions which presented students with
normative information about the number of problems that students
completed before mastery (performance) or the percentage of stu-
dents who used hints during the activity (hint usage). The emotion
labeling intervention engaged students in a metacognitive reflec-
tion on their emotions after they completed the first two problems
during the activity. Similarly, the confidence assessment intervention
encouraged students toward metacognitive reflection, but instead
had students reflect on their confidence in solving prior to complet-
ing each problem in the activity. Notably, this final intervention
was conducted in an experiment that did not include a post-test.

4.2 Data

The data included in our analyses were collected during seven
school years in the United States (October 2015 through September
2022). During this time, the assignments were made available to
teachers in middle school who used ASSISTments as an instruc-
tional tool and assigned these activities to their students as part of
their lesson plans. During the experiment, 20,472 students worked


https://osf.io/wvcp2/?view_only=40c4bd833e0f491e97139c911b69a39d
https://github.com/kirkvanacore/Non-Cognitive-Interventions_ASSSITments

Impact of Non-Cognitive Interventions on Student Learning Behaviors

LAK 2023, March 13-17, 2023, Arlington, TX, USA

Table 1: Intervention descriptions and theoretical basis

Administration !
Number of
Treat: t Conditi Th D ipti B Duri;
reatment Conditions eory escription efore Uring b blem Sets
Embracing Mistakes
Growth Students were exposed to an image that said “Keep Calm and Learn From Your Mistakes”
Image Mindset and a written message that encouraged students to reappraise their mistakes as opportunities Yes No 2
to learn prior to starting the mastery learning activity
Video Growth Students were exposed to a video that encourages students to reappraise their mistakes as Yes No 9
Mindset opportunities to learn prior to starting the mastery learning activity
Inspirational Achievement Emotions ~ Students were provided with positive messages and inspirational quotes from famous people No Yes 5
Quotes & Control-Value Theory after they submitted answers answers during the mastery learning activity
Social
Comparison
Social Students were told average number of problems completed by their peers to master the content
Performance . . . . . Yes No 1
Comparison prior to starting the mastery learning activity
. Social Students were told the percentage of their peers who used hints in the problem set prior to
hint usage - . ) L. Yes No 1
Comparison starting the mastery learning activity
Emotion Achievement Emotions  Students are asked to generally evaluate their mood using a multiple choice question:
. L « . L . . N No Yes 1
Labeling & Metacognition How are you feeling right now? happy; frustrated; relieved; still confused
Students are asked to evaluate their confidence in solving problems upon seeing a problem,
Confidence . . . . . .
Judgements Metacognition but before they are able to submit a response. This occurs three times during the learning No Yes 2

activity on three separate problems

on the experimental problem sets. Of the total sample, 3,722 students
participated in multiple experiments. As students were random-
ized prior to participation in each experiment, this overlap does
not bias the estimates, so all students were included in the analy-
ses. These students participated in a total of 25,220 experimental
mastery-based learning activities. The samples for each experiment
are shown in Table 2.

Table 2: Experimental Sample Sizes

Treatment Control
n % n %
Embracing Mistakes 2649 66.16% 1355 33.84%
Image 1341  33.49%
Video 1308 32.67%
Inspirational Quotes 2935 44.54% 3655 55.46%
Social Comparison 544  67.58% 261 32.42%
Performance 268  33.29%
Hint Usage 276  34.29%
Emotion Labeling 3887 54.02% 3309 45.98%
Confidence Judgement 3306 49.90% 3301 50.10%

4.3 Analytic Approach

To understand the various ways in which each experiment could
impact student learning and learning-related behaviors, we utilized
five different outcome variables, which align with our research
questions. Each variable provides a different perspective on student
learning and the student learning process.

!ndicates whether the intervention was administered before the mastery-based learn-
ing activity, or while the students were completing problems in the activity.
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Effect sizes were estimated for each outcome using a series of
regression models. We estimated a model for each experiment. Each
model compared the treatment condition to the specific control
condition associated with that experiment. For experiments with
multiple conditions, one model was run for the overall treatment
effect and then two subsequent models were estimated for each
individual treatment effect. To account for potential inflation of
Type I errors due to multiple comparisons, we adjusted the p-values
of the effect sizes for family-wise error across the outcomes using
the Bonferroni-Holm procedure within each experiment [1].

Equation 1 is the basis used to estimate the treatment effects for
each experiment on each outcome. Treatment; is a binary indicator
for whether the student received the treatment. f; is the effect of
the treatment on the outcome. Specifics of the models vary by each
outcome and the details of each outcome and model are described
below.

outcome; = fy + f1Treatment; + ¢; (1)
4.3.1 RQT - Impact on Response Time. Response time is an impor-
tant indicator of learning mathematics as pausing before submitting
responses is associated with higher learning outcomes [8, 18]. In
theory, pausing allows students to participate in metacognitive
reflection, which can help them consider what strategies to apply
to the problem [26]. In ASSISTments, response time is the time
between entering the problem and the first action, which includes
submitting an answer or requesting a hint.

To evaluate the impact of each experimental condition on re-
sponse time, we estimated linear regressions for each treatment
condition. Response time was averaged across all the problems the
student completed within each mastery-based learning activity. As
response time does not have a normal distribution (skew = 65.46,
kurtosis = 6058.54), we used the log response time in the model.
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4.3.2  RQ2 - Impact on Hint Usage. ASSISTments allows students
to request hints that are developed specifically for each problem
in the mastery-based learning activity. The problems in the master
learning activity have up to six hints, each providing incrementally
more information about how to solve the problem. If students se-
lect the final hint, they receive an entire worked example of the
problem and the answer. Access to hints increases the probability
that students will get the next problem correct [45, 50].

To evaluate the impact of each experimental condition on stu-
dents’ hint usage, we estimated logistic regressions for each treat-
ment condition. We regressed the treatment indicators on whether
the student requested and received at least one hint during the
mastery-based learning activity. Accessing hints was treated as
a binary indicator because of the non-normal distribution of the
hints usage (skew = 5.05, kurtosis = 45.12) and only 32.48% of the
students across all experiments utilized hints during the activities.

4.3.3 RQ3 - Impact on Knowledge Component Mastery. For each
mastery-based learning activity, students needed to reach a thresh-
old of problems correct in a row to advance to the post-test. Thresh-
olds ranged from 3 to 5 problems based on the experiment but were
constant across conditions within each experiment. Completing
the appropriate number of problems correct in a row indicates that
students have mastered the knowledge component for the activity
[22]. To assess the effects of each treatment condition on the likeli-
hood that students will master the knowledge component of the
activity, we employed logistic regressions.

4.3.4 RQ4 - Impact on Learning Performance. We used two out-
comes to evaluate the treatment effects on learning performance:
efficiency in mastery and post-test performance. Only students who
mastered the knowledge component during the activity had effi-
ciency metrics and were able to participate in the post-test. Students
who did not master the knowledge component are considered part
of the attrition group. The models for RQ3 serve as tests of attrition
balance across conditions. Therefore, if the models from RQ3 show
significant differences in the likelihood of mastery between treat-
ment groups, the estimates of the RQ4 models predicting efficiency
in mastery and post-test performance may be biased. Even if there
is no evidence of attrition imbalance, the estimated effect sizes on
efficiency in mastery and post-test performance are still limited to
students who mastered the materials.

First, we evaluated how efficient students were in mastering
activities’ knowledge components. We used the number of problems
each student took to master the knowledge component to create
an efficiency variable. To ease interpretation, we standardized the
number of problems to mastery and multiplied the variable by -
1. Therefore, a positive value on the efficiency measure indicates
fewer problems to mastery than a negative value, signaling greater
efficiency. To evaluate the impact of each experimental condition
on students’ efficiency, we regressed the treatment indicators on
the number of problems students completed to reach mastery.

Second, all but one of the experiments (confidence judgments)
included post-test problems. The post-tests were brief, including
only two or three items. The brevity of the post-test was due to
implementation constraints of ecologically valid large-scale experi-
ments, in which long post-tests are not feasible and would likely
result in greater attrition. Notably, this is not an ideal evaluation
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of individual students’ learning, but provides and indication of the
interventions impact on learning across the entire population, in
terms of differences in probability of answering a post-test problem
correctly. The post-test problems were designed to be more diffi-
cult than mastery learning activities, but to utilize the same skills
mastered within the learning activity. The post-test questions re-
quired students to transfer the skill learned during the assignment
to complex problems often involving multi-step word problems.
Each item is intended to assess how much learning occurred in the
master-based learning activity.

To evaluate the impact of the treatments on the post-test, we
estimated logistic regressions. Because aggregating a limited num-
ber of items does not produce a normal distribution, we regressed
the treatment indicator on whether the student got each post-test
problem correct. Equation 2 delineates this model. To account for
variances in student ability, we included a random intercept for
each student y;. To account for variations in post-test problem dif-
ficulty, we included a random intercept for each post-test problem
j. The post-test treatment effect is y10, which is the average differ-
ence in the log-odds of students in the treatment group answering
a post-test problem correctly relative to students in the control

group.

logit(Student i Gets Post-Test Problem j Correct) @
2

=Yoo + yiointervention; + p; + pj

5 RESULTS

Results from all of the models are displayed in Figure 1, which shows
the effect size of each experiment on every outcome, including,
confidence intervals, and statistical significance for each experiment
on every outcome. The statistical significance indicated in the figure
is based on the p-value corrected for family-wise error within each
experiment. Notably, few of the interventions impacted students’
learning or learning-related behaviors as measured by the studies’
outcomes. The results for each experiment’s impact are detailed in
the sections below.

5.1 Embracing Mistakes Intervention

The embracing mistakes intervention did not significantly impact
any of the outcomes. This finding was true regardless of whether
the methods of message delivery (image or video) were evaluated
individually or as one treatment. Overall, we found no evidence
that messaging encouraging students to embrace their mistakes
impacts their learning or learning-related behaviors.

5.2 Inspirational Quotes Intervention

Although the inspirational quotes intervention had no statistically
significant effect on response time, hint usage, or post-test perfor-
mance, there were interesting patterns in the treatment’s effects on
mastery rates and efficiency. Students who were exposed to inspira-
tional quotes were more likely to master the activity’s knowledge
component (f; = 1.13, SE = 0.06, p < 0.001). This effect size is sub-
stantial; students in the treatment condition had a .85 probability
of mastering the knowledge component compared with .65 for the
control group.
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Figure 1: This plot provides the effect size, standard deviation, and statistical significance for each of the experimental conditions
on each outcome. Statistical significance is based on p-values adjusted using the Bonferroni-Holm procedure within each

experiment.

Of the students who did master the knowledge component, stu-
dents in the treatment group were significantly less efficient than
those in the control group (f; = -0.49, SE = 0.03, p = 0.001). No-
tably, the decrease in efficacy in the treatment group may be related
to an increase in the number of students mastering. If the treat-
ment inspired students who would otherwise give up to persist
and complete more problems, ultimately mastering the knowledge
component, this would drive up the average number of problems
completed for the treatment group, thus explaining the decrease in
efficiency.

Overall the treatment did not have a significant effect on student
learning as measured by the post-test. However, attrition imbalance
may have biased this result. Since only the students who mastered
the activities’ knowledge component received the post-test, and
the treatment encouraged students who would not have mastered
to do so, this result may be biased towards the control group.

5.3 Social Comparison Intervention

Overall, there were no significant differences in learning or learning-
related behaviors between the students who received the social
comparison treatments and those in the control group. However,
when the social comparison treatments were compared to the con-
trol individually, an interesting pattern emerged; the performance
messaging seemed to have some impact on performance, whereas
the hint usage messaging had no detectable impact on hint usage.
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Students who received performance messaging outperformed the
control on the post-test (81 = 0.36, SE = 0.13, p = 0.022). Notably,
the performance messaging focused on efficiency by presenting
the number of problems the average student completed before
reaching mastery did not significantly affect students’ efficiency.
Yet, this condition had only a marginally non-significant effect
on mastery; the effect size was moderate (81 = 0.37, SE = 0.17, p
=0.141), and this effect was non-significant only after the family-
wise error correction and the majority of the confidence interval
lies in the positive direction. This result suggests that fine-tuning
the messaging may produce a better effect on mastery in future
interventions.

The hint usage condition had a non-significant effect on learning
or learning-related behaviors. Interestingly, this condition provided
students with a message that the majority of students utilized hints,
yet it had a non-significant effect on (f; = 0.027, SE = 0.04, p >
0.999).

5.4 Emotion Labeling Intervention

Emotion labeling had statistically significant effects on mastery, and
the post-test but not on response time, hint, usage and efficiency.
The effect on mastery was negative and substantial (f; = -1.67, SE
= 0.07, p < 0.001). The probability of mastery for the treatment
condition was .68, whereas the probability for the control was .92.
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The effect on the post-test was significant and positive (1 =
0.17, SE = 0.05, p = 0.006). However, the effect may be caused by
the attrition imbalance as fewer students in the treatment group
mastered the knowledge component and had the opportunity to
take the post-test. Therefore the causal effect of the treatment on
the post-test is questionable. The pool of students who mastered the
knowledge component may have been generally higher performing
in the treatment than the control, thus biasing the results.

5.5 Confidence Judgments Intervention

The confidence judgments invention did not significantly affect hint
usage, mastery, or efficiency. The impact on response time was (ff1 =
0.34, SE = 0.07, p < 0.001). This suggests that the treatment condition
may have slowed students’ response time by encouraging them
to think more about the problems. Yet, this increase in response
time did not produce changes in other learning-related behaviors
as measured by hint usage, mastery, or efficiency. The experiment
did not include a post-test.

6 DISCUSSION

The non-cognitive interventions analyzed in this paper produced
mixed results regarding their impacts on learning and learning-
related behaviors. Notably, none of the interventions produced
consistently positive significant results across all the outcomes.
The social comparison intervention, which provided normative mes-
saging about student performance, was the only intervention to
produce a positive result on the post-test while also passing the
threshold of attrition imbalance by not having differences in mas-
tery rates. Emotion labeling had negative impacts on both mastery
rates and efficiency. Although students in this condition outper-
formed the control on the post-test, the reduced mastery rates in
the treatment potentially biased this result, thus confounding the
causal inference. Furthermore, inspirational quotes increased stu-
dents’ likelihood of mastery but failed to produce a positive effect
on learning as measured by the post-test. Nevertheless, this may
still be a favorable finding as students in treatment who would stop
before mastering had they been in control may still have performed
as well as control students. In sum, these experiments illustrated
the difficulty of constructing non-cognitive interventions that pos-
itively impact students’ behavior and performance on learning
activities.

This difficulty in constructing impactful non-cognitive inter-
ventions may be due to the nature of non-cognitive factors. For
example, for students to adopt a growth mindset while participating
in a learning activity, they may need more extensive changes to
their learning culture that transcend a small message at the begin-
ning of an activity. One large-scale online mindset intervention
found that the intervention’s effects on math performance were
dependent, in part, on whether the student’s peer groups were
supportive of a growth mindset [69]. Hence, a student who entered
the embracing mistakes experiment may have already adopted a
mindset based on their social learning environment and prior expe-
riences that influences their perceptions of mistakes more than their
exposure to the experimental messaging. Therefore, to impact stu-
dent learning, non-cognitive intervention may require more robust
changes to students learning environments than small messages
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and activities embedded in a CALP. Future work should examine
whether CALPs can broadly influence learning environments to
affect non-cognitive factors and, subsequently, learning behaviors
and outcomes.

One surprising finding was the nonsignificant effects of the con-
fidence judgments intervention. This intervention was intended
to inspire a metacognitive reflection on the alignment between
students’ abilities and problem difficulty. In theory, this should
help students assess their knowledge state, which should ease the
learning process [36]. In practice, this reflection did not affect the
likelihood that students would master the knowledge component
or improve their efficiency in learning. Notably, the other metacog-
nitive intervention evaluated in this study, emotion labeling, had a
negative impact on mastery and efficiency. These interventions may
have been demotivating for students who either had low confidence
in their ability through the activity or started with high confidence
but had difficulty mastering the concept. There is evidence that
metacognitive reflection could lead students to overconfidence [20].
The effects may differ based on students’ levels of confidence or
emotional state. Future analyses should focus on understanding the
behaviors of these students based on their responses to the confi-
dence judgment and emotion identification questions. Furthermore,
qualitative data, such as information produced by ’think-alouds’
and interviews, may help understand why emotion labeling can
produce adverse effects.

Although our study provides interesting causal data on the im-
pact of non-cognitive interventions in CALPs, there are some no-
table limitations. First, the lack of a multi-item post-test reduces
the overall accuracy of assessing student learning and should be
interpreted cautiously. It is infeasible to provide long muti-item
post-test assessments in large-scale ecologically valid experiments,
especially to estimate the effects of minor interventions embedded
in short assignments. Future work should address this difficulty by
developing valid and feasibly implemented measures in these con-
texts. Second, the implicit attrition caused by the master-learning
activity potentially biases the results. Since only the students who
master the activity get to take the post-test, our inferences about
the impact of the intervention on learning as measured by the post-
test is limited to a subset of the student population. Furthermore,
when the intervention impacts the likelihood that students master
the activity, this biases any estimates of effects on learning. Future
work should consider using quasi-experimental methods to account
for these imbalances or providing post-tests to all students regard-
less of mastery, perhaps at a set point in the activity as opposed to
after mastery. Finally, our ability to understand the mechanisms
of these interventions or make inferences about who may benefit
from these interventions is limited by our lack of knowledge about
the students who use many CALPs. More demographic information
should be collected to understand the potential differential impact
across populations.

7 CONCLUSION

Our work highlights the difficulty of developing non-cognitive inter-
ventions which positively impact students’ academic behaviors and
outcomes. Our findings confirm Yeager and Walton’s assertion that
non-cognitive interventions are not "magical” solutions but tools
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that only work in specific contexts with specific implementations
[70]. Learning experience designers should note that applying non-
cognitive theories while developing theoretically helpful features
for students may result in adverse effects in practice. For example,
we found that the emotional labeling intervention negatively af-
fected students’ likelihood of mastering knowledge components;
hence, embedding meta-cognitive tasks into CALPS learning activi-
ties should be done with caution.

Our findings suggest that minor modifications in activity designs
may be insufficient to change students’ motivation and mindset in
ways that impact behavior and learning. Designers may have to
take global approaches to implement non-cognitive theories when
building CALPs by considering how the entire program can be
infused with motivational, mindset-oriented, and metacognitive
content. Furthermore, simply changing the CALPs environment
may not produce desired effects if the students’ broader learning
environments are not influenced (as found in [69]).

Finally, as we found both positive and negative results for these
non-cognitive interventions, designers should always test the im-
pact as they develop new features or more global meta-cognitive
changes to programs. This process will ensure alignment between
theory and practice, resulting in positive outcomes for learners.
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