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Abstract 
 

A pressing global challenge is to identify interventions that improve adolescents’ developmental 

trajectories. But no intervention will work for all young people everywhere. It is critical then to 

study the heterogeneity of intervention effects in a way that is generalizable and replicable. In 

the National Study of Learning Mindsets (N = 12,542) researchers randomly assigned 9th grade 

students in a representative sample of 65 U.S. public schools to a growth mindset intervention, 

which conveyed that intellectual abilities are not fixed but can be developed. The brief (~50-

minute), scalable and low-cost intervention reduced by 3 percentage points the rate at which 

adolescents in the U.S. were off-track for graduation at the end of the year, corresponding to an 

estimated benefit of approximately 100,000 adolescents per year. This is the first experimental 

evidence that an intervention can improve adolescents’ educational trajectories in a national 

probability sample. Yet the growth mindset intervention effect was heterogeneous in predictable 

ways. Some sub-groups of students (lower-achievers) and schools (those with supportive 

behavioral norms) showed appreciably larger increases in grades. Heterogeneity findings were 

reproduced in a conservative Bayesian “sum-of-regression-trees” analysis, which guards 

against false discoveries. These findings lead to novel hypotheses about ways to enhance 

intervention effects and target public policies. Findings also illustrate the power of even slight 

adjustments in motivational priorities to create enduring change during adolescence.  
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Where and For Whom Can a Brief, Scalable Mindset Intervention  

Improve Adolescents’ Educational Trajectories?  

 

For many young people, adolescence is a fork in the road. While some adolescents 

continue to acquire the foundational skills that will help them thrive in adulthood, others do not 1–

3. Adolescents’ trajectories can be redirected, however. Neurodevelopmental and hormonal 

changes during pubertal maturation create a readiness to pivot rapidly in response to even 

small changes in motivational priorities, initiating self-reinforcing cycles that alter long-term 

trajectories 3–6. A global challenge of great significance, then, is to discover, evaluate, and scale 

effective interventions to redirect adolescent motivation and behavior in positive directions 1,3. 

Unfortunately, interventions to influence adolescents have, on average, produced very 

weak or null effects, even though interventions have implemented substantial changes to school 

staffing and curriculum and required many months of classroom time 6. In part this is because 

many interventions are simply a poor match with adolescents’ developmental values and needs 

6–8. But even interventions that seem developmentally appropriate can show small effects. This 

has led some observers to ask whether adolescent behavior change at a national or global 

scale—change that is internalized and lasting—is even an achievable goal for science 7.  

We argue that scientific progress toward the discovery of scalable adolescent behavior-

change interventions has been limited in part by the search for average effects, with insufficient 

scientific resources allocated to understanding heterogeneity of effects across individuals and 

contexts. An intervention to redirect an adolescent’s motivational priorities should improve 

developmental trajectories only when trajectories are at risk, and only when the context allows 

the new behavior to become self-reinforcing, but not otherwise 9–11. Researchers only interested 

in average effects might therefore prematurely abandon interventions with small average effects 

that are concentrated among individuals at greatest risk 12. Furthermore, if scientists could 
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identify factors that enhance or diminish intervention effects, this could yield insights into 

intervention mechanisms, inform precision public policy, and feed into innovations to make 

interventions more effective 13,14. 

Three barriers have often stood in the way of studying treatment effect heterogeneity: 

non-experimental methods, non-generalizable samples, and analysis methods that could 

produce chance findings 15,16. We overcome these barriers by using the preferred methods for 

internal validity (double-blind random assignment to treatment or control 17,18), for generalizing to 

diverse groups (random sampling of sites from a national sampling frame 19), and for increasing 

the likelihood that findings are reproducible (data collection by independent researchers, 

developing a limited number of moderation hypotheses and stating them prior to analysis 20, and 

analysis of a blinded dataset by independent statisticians using conservative models designed 

to prevent false discoveries 15). This study is the first to have all three of these features.  

We carried out our investigation in the context of a social problem with immense 

importance for the global economy: academic success during high school. Advanced skills and 

educational attainment are now more critical than ever for determining an individual’s future 

earnings, health, and life expectancy 21,22. Yet, in the U.S. alone, one in five of the roughly 3.5 

million adolescents who enter 9th grade each year will fail to graduate on time 23,24. Even many of 

those who do graduate are not on track for acquiring the cognitive and non-cognitive skills they 

need for the global labor market 25,26. Unfortunately, the last few decades have seen little 

improvement in high school success rates 24,25. As a result, U.S. public high schools have not 

yet been able to stem the large and growing tide of inequalities in educational attainment.  

The substantive question we ask is: for whom and under what conditions27,28 will a brief, 

online, low-cost intervention improve the achievement of underperforming 9th grade adolescents 

in U.S. public schools? This question is critical to answer because a misstep in the first year of 

high school, such as a failed math or science class, could put a young person on a different 
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educational trajectory, due to the highly structured and cumulative nature of educational 

systems 29,30.  

 The intervention we evaluate is a growth mindset of intelligence intervention 31–34. The 

growth mindset intervention builds on a basic insight from a long tradition of psychological 

research, namely that people have latitude in how they view themselves and their 

circumstances, and these views can affect motivation and behavior 35–38. Adolescents given the 

same learning opportunities may thus differ in how they make sense of and engage with them, 

and therefore how well they fare in school.  

Specifically, adolescents may hold what has been called a fixed mindset, which refers to 

the belief that intelligence is fixed and cannot change 31. Looking through this fixed mindset 

lens, adolescents are more likely to view failures or mistakes as signs that they lack ability, and 

may come to expect that they cannot succeed 32,39. A fixed mindset therefore poses a barrier to 

motivation among adolescents undergoing challenging learning experiences.  

Importantly, however, growth mindset interventions can realign motivation by redirecting 

adolescents away from a fixed mindset. The growth mindset intervention conveys the idea that 

intellectual abilities can be developed through sustained effort, good strategies and appropriate 

help and support from others. The growth mindset intervention conveys this in part through a 

memorable metaphor: the brain is like a muscle that grows stronger and smarter when it 

undergoes rigorous learning experiences 33. Adolescents hear about the metaphor, reflect on 

ways to strengthen their brains by persisting on learning challenges, and they write about how 

they could use a stronger brain to achieve meaningful goals 40. Adolescents in past studies who 

received a growth mindset intervention were more likely than a control group to view present 

difficulties as signs that they were growing their skills, causing them to stay more motivated in 

the face of challenges and demonstrate greater engagement 34,40. Even relatively brief 

exposures to growth mindset intervention materials have improved the grades of adolescents 
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who were at risk for poor academic trajectories (e.g. lower-achieving adolescents) relative to 

counterparts in the control group 34,40 (also see 41).   

The growth mindset of intelligence intervention was a good case study for the first 

examination of heterogeneous effects of an adolescent behavior-change intervention in a 

nationally representative sample, for several reasons. First, the growth mindset intervention 

grows out of decades of basic laboratory science 42, so the psychological mechanisms are well-

documented 39. Second, the growth mindset intervention has been subjected to multiple 

replications (including a previous large-sample, pre-registered replication study 40), so average 

effects to date are not likely to be false positive. Third, fixed mindset beliefs are highly prevalent 

in society, so a growth mindset intervention is likely to be useful in schools across the U.S. 

Fourth, the growth mindset intervention can be delivered briefly and at very low per-person cost 

via a self-administered computerized module. This made it ideal for random assignment at the 

person level so we could study heterogeneity across groups of students and schools. Fifth, 

there is nevertheless reason to expect that intervention effects will be heterogeneous.  

At the individual level, we expected heterogeneity due to students’ prior performance. 

Lower-achieving students were most likely to be on a negative trajectory that could be 

redirected by a growth mindset, and this is what past research found. Higher-achieving 

adolescents’ grades were unlikely to be increased because of a range restriction on their grades 

and because they may already have habits (e.g. turning in work on time) or beliefs (e.g., a 

growth mindset) that lead to higher grades 40.   

At the context level, we generated moderation predictions by integrating theories of 

psychological interventions with theories in the sociology of education. The first moderator we 

test is school achievement level—the school’s typical test scores, proportion of adolescents who 

are college ready or who earn college credit, and so on—which can reflect the learning 

opportunities available to adolescents, not just in high school but in their lives overall 43. When 
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learning opportunities are not available, a motivational intervention should not be of much 

benefit 44,45. But when schools already provide abundant resources to prevent students from 

failure, a motivational intervention may not be necessary. Therefore we test whether school 

achievement moderates the mindset treatment in a positive or negative direction.     

The second moderator we test is school growth-mindset behavioral norms—whether the 

typical or desirable behavior in the school is consistent with a growth mindset, meaning that it 

supports greater challenge-seeking or academic effort. Research in neuroscience46,47, sociology 

30, cultural anthropology48, social psychology49 and developmental psychology50,51 has shown 

that adolescence in particular is a stage during which personal beliefs and behavior can be 

powerfully shaped by social norms and the desire to conform to them. This fact leads to two 

competing predictions. Either the growth mindset intervention will be more effective in schools 

with supportive norms—because the peer climate sustains the initial treatment effect—or the 

intervention will be less effective in schools with supportive norms—because the supportive 

peer climate would be “treating” the control group already.  

In sum, we use a representative sample to identify the student sub-groups and school 

contexts where a seemingly-remarkable result is most likely to appear—namely that a brief, 

online, scalable, and low-cost intervention could redirect adolescents’ educational trajectories. 

In doing so we provide a “case study” for how to attend to treatment effect heterogeneity in the 

design and execution of an intervention at scale.  

Methods 

Data come from the National Study of Learning Mindsets, which included N = 12,541 9th 

grade adolescents whose administrative data could be obtained from a national probability 

sample of 65 regular public schools in the U.S. To achieve arms-length independence, a 

research firm not involved in designing the materials or study hypotheses drew the sample, 
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recruited schools, facilitated treatment delivery, obtained administrative data, and cleaned and 

merged data. Data were processed blind to treatment status.  

A random sample of schools, rather than a convenience sample, meant that it 

represented the full array of the U.S. public educational contexts 52. Even a well-constructed 

probability sample, however, would not yield sufficient numbers of rare types of schools, and 

poor coverage of rare groups can undermine inferences about moderators, especially when 

there is confounding in the moderators 15,52. Therefore, the study constructed a sampling plan 

using hypotheses about school-level moderators to inform probabilities of selection 52,53. 

Sampling probabilities were stratified by the school’s achievement level and a potential 

confound for school achievement: the racial minority composition of the school (in the sampling 

frame the percent of adolescents in the school who identify as black/African-American or 

Hispanic/Latino/a was highly correlated with achievement in the U.S., r = -.66, p < .001).  

A total of 139 schools were randomly selected from a sampling frame of over 12,000 

regular U.S. public high schools and invited to administer the intervention and provide student 

records; 65 schools agreed, participated, and provided student records. The schools that 

agreed to participate were not different from the sampling frame in terms of school achievement 

level, suggesting that non-response was not biased in terms of a key moderator. Yet schools 

that agreed were more likely to be rural and were on average smaller than those in the sampling 

frame, and so survey weights adjusted for these non-response biases. 

Within schools, the median student response rate was 98%, which is very high and 

means that lower-achieving students (who are often less likely to complete surveys) were 

sufficiently represented. Participants were diverse: 11% Black/African-American, 4% Asian-

American, 24% Hispanic/Latino/a, 43% White, and 18% another race or ethnicity; 29% reported 

that their mother had a bachelor’s degree or higher.  
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We revised past growth mindset interventions so that the materials focused on the 

perspectives, concerns, and reading levels of 9th grade students in the U.S via a research and 

development process carried out over several years with thousands of students (described in a 

paper about this process 40). The active control condition, focusing on brain localization, was 

similar in form to the growth mindset intervention and was rated by adolescents as both 

interesting and engaging,40 but it did not address the key concept of growth mindset.   

The intervention (or control) was delivered as early in the school year as possible (80% 

of students received it in the fall semester) via two self-administered online sessions that lasted 

approximately 25 minutes each and occurred roughly 20 days apart during regular school hours. 

The computer software randomly assigned adolescents to intervention or control materials, 

which adolescents completed along with various survey questions. Students, teachers, and 

researchers were kept blind to condition assignment. To students and teachers, the intervention 

experience was simply a “survey” (to prevent expectancy effects).  

The primary outcome variable was adolescents’ post-intervention grade point average 

(GPA) in core classes (English, math, science, and social studies), obtained from administrative 

data sources. GPA in 9th grade is a much better predictor than standardized achievement test 

scores of adolescents’ educational trajectories—their high school graduation, college 

enrollment, college retention, and wages in adulthood 54. Like these long-term outcomes, a 

higher 9th grade GPA results in part from an adolescent’s sustained motivation. Therefore 9th 

grade GPA is a theoretically- and practically-relevant outcome.  

Data were analyzed following a pre-registered analysis plan (the so-called “pre-

registration challenge,” osf.io/afmb6/) that was developed by an interdisciplinary team, including 

one external evaluator. All analyses were “intent to treat” (ITT); data were analyzed as long as 

students saw the first page of the randomized materials. Average treatment effects were 

estimated in a cluster-robust fixed-effects linear regression model that used weights provided by 
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the research firm to make coefficients generalizable (the same substantive conclusions 

emerged without weights; see the online supplement for alternative model specifications). 

Multilevel models were used to understand cross-site variability. Equations are presented in the 

pre-analysis plan.  

Results  

Based on administrative records, 9th grade adolescents assigned to the growth mindset 

intervention, as compared to the control activity, earned slightly higher GPAs in core classes at 

the end of 9th grade. On a 4-point grade metric (“A” = 4.0, “B” = 3.0, etc.), the average treatment 

effect was 0.03 grade points, SE = .01, N = 12,542 students, k = 65 schools, t = 3.09, P = .003.   

The intervention also decreased adolescents’ overall poor performance rates (the 

percent of adolescents earning a D or F average, i.e., GPA below a 2.0), by 3 percentage 

points, SE =  0.01, t = -3.06, P = 0.004, replicating past research 40. The poor performance 

threshold is critical because 9th grade adolescents with GPAs in the D or F range rarely 

graduate on time, making the poor performance rate an excellent indicator of whether 

adolescents were put on a new trajectory 54,55.  

The national probability sample generalizes to roughly 3.5 million 9th grade adolescents 

per year, and so the model estimates that the brief, online growth mindset intervention, if given 

to all public schools in the U.S., would prevent an expected 98,000 adolescents each year from 

finishing 9th grade with D or F GPAs (2.8% × 3.5 million), keeping them on track to graduate 

(assuming logistical barriers could be overcome).  

We next examined the hypothesis that effects would be larger for the sub-group of 

lower-achieving adolescents, defined as adolescents who were earning GPAs at or below the 

school-specific median in the term prior to random assignment (osf.io/afmb6/). As expected, 

among lower-achieving adolescents, the estimated growth mindset impact on GPA was a 

positive and significant .08 grade points, SE = .03, N = 6,219, k = 65, t = 3.14, P = .003. The 
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impact on the poor performance rate was a negative and significant 6 percentage points, t = -

3.44, P = 0.001, from a base rate of 46% among control adolescents. For both GPA and poor-

performance rates, the Intervention × Lower-achiever interactions were significant, Ps < .001, 

replicating prior research. As predicted, among higher-achieving adolescents there were no 

significant effects on core course GPA or poor-performance rates (see online supplement).1  

How does the average effect of a psychological intervention compare to effect sizes of 

school reforms typically seen in the literature? Empirical benchmarks can provide an anchor for 

what to expect 57. A search for reforms listed on the U.S. federal government’s What Works 

Clearinghouse (a database of rigorously-evaluated programs) found that nearly all past high 

school programs—tutoring programs, school redesigns, and more—showed no significant 

benefits on objective outcomes. A small handful of best-in-class program evaluations 

documented modest benefits. One large, prominent study showed effects for lower-achieving 

students of 0.06 grade points at a cost of $2,000 per adolescent 58. Another reduced 9th grade 

poor performance rates by 3.7 percentage points overall, at a cost of $4,000 to $20,000 per 

adolescent 59. Growth mindset average effects are therefore about as effective on average but 

far less costly.  

Our main interest, however, was not in average effects but in heterogeneity of effects. In 

a mixed effects model with a fixed intercept and a random slope 12, we estimated a significant 

standard deviation of treatment impact among lower-achieving students across schools (i.e. 

                                                
1	A mediation analysis was consistent with theory. The growth mindset intervention reduced the 
prevalence of fixed mindset beliefs reported at the end of the second treatment session (i.e. 
how much adolescents agreed that “You have a certain amount of intelligence, and you really 
can’t do much to change it”, 1 = Strongly disagree, 6 = Strongly agree), B = -.42, SE = .02, t = 
19.15, P < .001. Post-treatment reports of fixed mindsets predicted post-treatment GPAs, r = -
.22, P < .001, replicating past research 32,40. Finally, the mediation analysis29 found a significant 
indirect effect of the intervention on low-achieving adolescents’ GPAs via reports of growth 
mindset, B = .012 [95% CI .004, .019], P < .001 (this model addressed sequential ignorability56 
by controlling for pre-treatment mindset).	
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heterogeneous treatment effects), unstandardized 𝜏 = 0.08, Q-statistic P = .02, permutation test 

P = .05 12. This cross-site heterogeneity in the lower-achieving student effect was not explained 

by differences in how much adolescents accepted the intervention message. That is, there was 

no heterogeneity in intervention effects on self-reported fixed mindsets across schools, 𝜏 = 0.16, 

Q-statistic P = .44, permutation test P = .25. In all schools, it seems, adolescents successfully 

received the initial mindset “push.” Schools were heterogeneous, however, in whether that push 

started a self-sustaining process that resulted in higher GPAs.  

Was cross-site heterogeneity in growth mindset effects on GPA explained by school 

achievement level and school mindset norms? In answering this, the mixed effects model 

controlled for the racial/ethnic composition of the school, and its interaction with treatment 

status, to account for confounding between school race/ethnicity composition and the focal 

moderators. Interactions with race/ethnicity were never significant.  

Treatment effects among lower-achieving students were larger in medium and lower-

achieving schools, relative to the highest-achieving schools, Intervention × School achievement 

level interaction predicting 9th grade GPA, B = -.07, SE = .03, z = -2.25, N = 6,219, k = 65, P = 

.024, in the linear mixed effects model. Post-hoc tests in the mixed effects model found the 

contrast between the bottom 25% of schools and the middle 50% of schools was not significant, 

z = -0.36, N = 6,219, k = 65, P = .721, but the middle 50% was different from the top 25%, z = -

2.04, N = 6,219, k = 65, P = .041. Intervention effects on GPA were null in the highest-achieving 

25% of schools and significant in the lower 75%.  See Figure 1.  

At first glance, negative interaction effect could be surprising. It might seem as though 

lower-achieving schools should not show benefits, because students there face many other 

challenges beyond mindset that undermine performance. The finding that any improvement was 

possible in lower-achieving schools is evidence that, sometimes, students in those contexts had 

more latent potential to succeed than previously thought.  
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Why were there null effects on GPA in the highest-achieving schools? As noted, it was 

not because the treatment failed to change mindsets in those schools. Instead, one explanation 

is that in the highest-achieving schools, lower-achieving students were simply less likely to be 

on a trajectory for failure. National data60 shows that students in the top 25% of high schools 

were already nearly a full grade level ahead of their peers nationally (+0.91 grade levels) before 

they started high school. Moreover, using our data’s control group only, in the highest-achieving 

schools the 9th grade poor performance rate (i.e. GPA in the D or F range) for lower-achieving 

students was 16%, compared to 34% in the medium and low-achieving schools. Thus, in the 

highest-achieving schools, resources to prevent failure may have been plentiful.    

A second explanation is that adolescents in higher-achieving schools showed their 

growth mindsets in a different way than their GPAs. For a subset of schools (k = 46), we found 

out whether adolescents took Algebra II or an even higher class in 10th grade—the dividing line 

for staying on track for Calculus by senior year. Taking a more challenging math class—rather 

than dropping down to classes where they can get an easy “A”—is an indicator of growth 

mindset-relevant behavior 61. In the highest-achieving schools (the top 25%), the growth 

mindset treatment increased adolescents’ likelihood of taking Algebra II or a higher math course 

in 10th grade by 4 percentage points, SE = .017, t = 2.06, P = .039 (this analysis included both 

lower- and higher-achieving adolescents, who did not differ for this outcome).   

The second planned moderation analysis concerned the school’s mindset-related norm. 

The school norm was assessed via student behavior with a validated measure called the make-

a-math-worksheet task 40, in which students created worksheets (to complete later) with 

challenging problems (from which they would learn a lot) or easy problems (that they would get 

right but not learn much from). For each school we calculated the average number of 

challenging math problems that adolescents in the control condition assigned themselves to 

work on. We presumed that challenge-seeking behaviors would be more visible to peers (and 
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therefore more likely to induce conformity, i.e. moderate treatment effects) than beliefs 

(students’ self-reported mindsets) 62. Models tested for moderation by both behavioral norms 

(the main measure) and self-reported mindsets (the secondary measure).  

Figure 1. Conditional average treatment effects and standard errors for the growth 
mindset intervention on 9th grade GPA in core courses, by school achievement and 
norms, among lower-achieving adolescents. Note: Unstandardized effect sizes. Effect sizes 
estimated in a linear mixed effects model without survey weights. See online supplemental 
material for model specifications. Low achievement = Bottom 25%; Medium Achievement = 
Middle 50%; High Achievement = top 25%; Low behavioral growth mindset norm = Below-
median levels of challenge-seeking; High behavioral growth mindset norm = Above-median 
levels of challenge-seeking.  

 
Analyses uncovered a positive and significant Intervention × Behavioral Growth Mindset 

Norms interaction when predicting lower-achieving adolescents’ GPAs, B = .127, SE = .054, z = 

2.33, N = 6,219, k = 65, P = .02. The growth mindset intervention produced a greater increase 

in end-of-year GPA when norms (as measured by peer behaviors on the make-a-math-

worksheet task) were in line with the intervention’s message. See Figure 1. As we suspected, 

there was no Intervention × Self-Reported Mindset interaction, P>.80, confirming that it was the 

6 Figures depicting variation in treatment e�ects (RQ4)

6.1 Bar chart depicting conditional average treatment e�ects by school achieve-
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average behavior of peers in the school—not the average of peers’ beliefs—that moderated 

treatment effects 63.  

In some respects, this moderation finding is surprising as well because the opposite 

pattern would have been reasonable. One might have expected that the growth mindset 

intervention would be most effective in schools with unsupportive norms, because that is where 

the intervention is most needed. This is not the finding that emerged, however.   

Instead it seems that, like a stone pushed down a hill that gains momentum from each 

revolution, a brief growth mindset intervention delivered in a school where students tend to 

value hard work accumulated sustained effects on GPA. But like a stone on a flat surface given 

a hefty shove but eventually halted by friction, the benefits of a growth mindset intervention may 

fade away when delivered in a school where students pay a social price for working hard.  

This finding leads to the exciting possibility that systematic interventions to improve the 

normative mindset environment. Changing the environment, above and beyond students’ own 

individual mindsets, might yield transformative effects on developmental trajectories 64,65.  

Finally, independent statisticians reproduced the key moderation findings by estimating a 

hierarchical, nonlinear Bayesian model 15 using a blinded dataset that masked the identities of 

the variables, to further reduce the possibility of chance findings 20. The Bayesian model is 

useful because it a) uses machine learning tools to discover non-linearities and interactions 

even if they are not pre-specified, while delivering a better fit to the observed data, b) provides 

meaningful estimates of uncertainty for quantities of scientific interest, and c) uses regularization 

to guard against false discoveries and reduce the statistical error in effect size estimates 15 (for 

an applied example, see 66). The Bayesian model reproduced the pre-registered linear mixed 

effects results: it found that school achievement and growth mindset norms moderated 

treatment effects, with strongest treatment effects for middle and lower-achieving schools with 

higher growth-mindset norms. The model did not find that potential confounds or alternative 
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moderators—racial composition or self-reported mindset norms—were moderators, confirming 

the linear mixed effect results. Figures for the Bayesian model appear in the online 

supplemental material.  

Discussion 

What have we learned from analysis of data from the National Study of Learning 

Mindsets so far? As expected, an online growth-mindset intervention lasting approximately 50 

minutes increased adolescents’ motivation to learn, as assessed by GPA taken from 

administrative records at the end of the year, in the gateway period of 9th grade, and with a 

national probability sample of high schools. Also as expected, average effects were small 

because many students are already doing well, do not have motivational issues, or are not in 

environments that encourage or support growth-mindset behaviors. When we take account of 

such factors, more noteworthy effects emerge. The improvements in the gateway outcome of 9th 

grade GPA were concentrated among adolescents who are at significant risk for compromised 

well-being and economic welfare: those with lower levels of prior achievement attending 

relatively lower-achieving schools. The finding that an intervention can redirect this adolescent 

outcome in this sub-group, in under an hour, without training of teachers, and at scale (i.e. in a 

random sample of nation’s schools), represents a significant advance.  

Even so, the present results raise questions that it will be important to examine in the 

future. One exciting area to pursue will involve from data collected on math teachers in the 

schools included in the National Study of Learning Mindsets. Teachers completed measures 

relevant both to the learning opportunities they provide students, and the growth mindset 

climate they create, and so it will be possible to conduct finer-grained analyses than the present 

study’s school-level moderation analyses. We will make the present dataset open to 

researchers, and so we expect many insights to come from secondary data analysis.  
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More generally, the present study is to present a case for how to plan in advance to 

learn from heterogeneous treatment effects. This case may prove useful in the coming years. 

There has recently been an explosion in interest in light-touch interventions (i.e. “nudges” 67 and 

“wise interventions” 36), as researchers and governments have exponentially grown the number 

and scope of field experiments testing solutions to social problems. Even with enormous 

amounts of data, however, investigators have rarely understood heterogeneity. Those that have 

examined heterogeneity systematically have often discovered that non-probability samples can 

yield badly biased and misleading conclusions about effect sizes even with massive samples 68. 

We hope that our systematic, a priori approach to probing heterogeneity of effects with 

representative samples will serve as a useful model for accumulating knowledge of the 

conditions under which behavioral science interventions improve human welfare in general and 

adolescent development in particular.   
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Study Information 
 

1. Title  
1.1. Provide the working title of your study. It may be the same title that you submit for 

publication of your final manuscript, but it is not a requirement.  
 
Average effects and cross-site variability of effects of a growth mindset intervention on 9th grade achievement in a 
national probability sample.  
 

2. Authorship 
 

Authors: David S. Yeager*, Paul Hanselman*, Carol Dweck, Chandra Muller, Robert Crosnoe, Barbara Schneider, 
Greg Walton, Dave Paunesku, Beth Tipton, Chris Hulleman, Angela Duckworth 
* Primary authors 
 
Input: Andy Gelman (Columbia), Jordan Axt (Virginia), Todd Rogers (Harvard), Mike Weiss (MDRC).  

 
3. Primary Research Questions  

3.1. Please list each research question included in this study. 
 
RQ 1:  What is the average treatment effect (ATE) of a Growth Mindset (GM) intervention on the GPA of 9th 

grade students in regular U.S. public high schools?  
 

RQ 2:  What is the conditional average treatment effect (CATE) of a GM intervention on the GPA of 9th grade 
previously low-performing students in regular U.S. public high schools? 

 
RQ 3:  How much does the CATE of a GM intervention (on the GPA of 9th grade previously low-performing 

students) vary across U.S. public high schools?  
 
RQ 4:  Do school-level factors explain the variability in the size of the CATE of the GM (on GPA for previously 

low-performing students in U.S. public high schools)?  
 
GPA and Previously low-performing students are defined in the measured variables section of the analysis plan. 
 

4. Hypotheses 
4.1. For each of the research questions listed in the previous section, provide one or multiple 

specific and testable hypotheses. Please state if the hypotheses are directional or non-
directional. If directional, state the direction. A predicted effect is also appropriate here. 

 
H 1: ATE for all students. We hypothesize a very small (near zero) positive effect of a GM intervention for 9th 

grade students in regular U.S. public high schools (on GPA). 
 
H 2: CATE for previously low-performing students: We hypothesize a moderate positive effect of a GM 

intervention for previously low-performing 9th grade students in regular U.S. public high schools (on 
GPA).1 

																																																								
1 Note: We hypothesize a near zero effect for previously high-performing students because:  

a) growth mindset theory predicts improvements for struggling students, not students who are unchallenged (e.g. Burnette et al. 2013);  
b) there is range restriction for previously high-achievers;  



2	
	

H 3: Cross-school variation in CATE. We hypothesize that there will be significant cross-school variation in 
the school-average effect of the GM intervention for 9th grade previously low-performing students in 
regular U.S. public high schools (on GPA).  

 
H 4: Explaining cross-school variation in CATE. Research question 4 involves confirmatory analyses of 

previously-untested hypotheses. In particular, we hypothesize that:  
 

H 4a. Among previously low-performing students, the school-average effect of the GM intervention will 
vary based on school achievement level. 2     
 
Directionally, we hypothesize that the CATE will be: 

i. Smallest (and possibly zero) in the lowest-achievement schools.3  
ii. Significant and positive in medium-achievement schools, and larger than in the lowest-

performing schools.4  
iii. Significant and positive, but of unknown relative magnitude, in the highest-achievement 

schools.5  
 

Supplemental analyses will test for the effects for different strata of schools defined in the initial 
sampling plan.  

 
H 4b. Among previously low-performing students, the school-average effect of the GM intervention will 

vary based on school mindset saturation level.   
 
There are two competing directional hypotheses:6 

i. Larger effects on GPA in higher mindset saturation schools. The reason why is that the 
environment reinforces the message over time.  Giving the intervention in a high mindset 
saturation school is like “planting a seed in tilled soil”. 

ii. Larger effects on GPA in lower mindset saturation schools. The reason why is that in 
high mindset saturation schools students are already receiving growth mindset from their 
teachers and peers (because the control group is getting “treated”) – the intervention is a 
“drop in the bucket”.  Meanwhile, in lower mindset saturation schools, students are most 
in need of a growth mindset – the intervention is like “water on parched soil.”  

 
We define school achievement level and school mindset saturation level below. 

																																																																																																																																																																																			
c) prior research that we are replicating (e.g. Paunesku et al., 2015; Yeager et al., 2016) only finds benefits for low-achieving students and 

does not focus on main effects in the full sample. 
Thus, the ATE for the average student (RQ 1), which includes previously low- and high-performing students, is expected to be very small and 
positive. The effect for previously low-performers is expected to be moderate positive, relatively larger than for the full sample, and statistically 
significant.	
2 The conceptual hypothesis is that the rigor and standards in the school will interact with the treatment effect, under the theory that mindset 
interventions allow students to take better advantage of the instruction in the school. 
3 The rationale is that even though students in low-performing schools may face low levels of motivation, motivation may be less consequential 
for grades in schools with inadequate instruction or unsafe learning environments; 
4 The rationale is that student motivation may suffer in such schools and therefore may be lifted by the intervention, because instruction and 
learning environments are adequate but motivation is sub-optimal;  
5 The reason why we do not have predictions for higher-performing schools is that, on the one hand, they could have optimal motivation already 
and show weaker growth mindset treatment effects. Hence high-achieving schools might show the same effects as low-achieving schools. On the 
other hand higher-performing schools could have high rigor but a fixed mindset culture that could benefit more from a growth mindset treatment. 
Hence high-achieving schools might show stronger effects than low-achieving schools. 
6 These were first tested in Paunesku’s dissertation. 
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Sampling Plan 
 
In this section we will ask you to describe how you plan to collect samples, as well as the number of samples 
you plan to collect and your rationale for this decision. Please keep in mind that the data described in this 
section should be the actual data used for analysis, so if you are using a subset of a larger dataset, please 
describe the subset that will actually be used in your study. 
 

5. Existing data 
5.1. Preregistration is designed to make clear the distinction between confirmatory tests, 

specified prior to seeing the data, and exploratory analyses conducted after observing the 
data. Therefore, creating a research plan in which existing data will be used presents unique 
challenges. Please select the description that best describes your situation. Please do not 
hesitate to contact us if you have questions about how to answer this question 
(prereg@cos.io). 

 
 

6. Explanation of existing data 
6.1. If you indicate that you will be using some data that already exist in this study, please 

describe the steps you have taken to assure that you are unaware of any patterns or 
summary statistics in the data. This may include an explanation of how access to the data 
has been limited, who has observed the data, or how you have avoided observing any 
analysis of the specific data you will use in your study. The purpose of this question is to 
assure that the line between confirmatory and exploratory analysis is clear.   

 
All of the present research questions concern the effect of an intervention on students’ Error! Reference source not 
found. assigned from the point of intervention through the end of 9th grade. Students’ grades have been recorded by 
school districts but have not yet been delivered to the researchers for 62 of the 66 schools in the study. Most of the 
school districts have delivered their datasets to a third-party research firm, ICF international, which is cleaning and 
merging the data. ICF international has not yet shared the full grades dataset with the research team.  
 
ICF shared an “early release” of 4 of the 66 schools to the research team so that the team could provide feedback on 
the data cleaning and merging process and make additional requests for formatting and information that could be 
applied to the full set of 66 schools. Furthermore, data from those 4 schools were cleaned and analyzed by the 
research team, to inform the pre-registered analysis plan.  
 
In sum, 62 of the 66 schools’ achievement data are not yet delivered to the research team by the third-party research 
firm. Therefore we are not yet able to test any of the four research questions above.  
 

7. Data collection procedures. 
7.1. Please describe the process by which you will collect your data. If you are using human 

subjects, this should include the population from which you obtain subjects, recruitment 
efforts, payment for participation, how subjects will be selected for eligibility from the initial 
pool (e.g. inclusion and exclusion rules), and your study timeline. For studies that don’t 
include human subjects, include information about how you will collect samples, duration of 
data gathering efforts, source or location of samples, or batch numbers you will use.  
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A research firm selected a sample of schools and recruited them into the study. A school liaison, working with the 
research firm, helped students complete the materials in a school computer lab. The sampling plan is described in 
the methodological report for the study.  
 

8. Sample size 
8.1. Describe the sample size of your study. How many units will be analyzed in the study? This 

could be the number of people, birds, classrooms, plots, interactions, or countries included. 
If the units are not individuals, then describe the size requirements for each unit. If you are 
using a clustered or multilevel design, how many units are you collecting at each level of the 
analysis? 

 
School level: We took a stratified random sample of approximately 150 high schools from the universe of all regular 
U.S. public high schools.7 76 schools agreed to participate and collected student survey data and 66 provided student 
record data. The primary analytic sample for the present study will be the 66 schools with student achievement 
records.  
 
Student level: Students are nested within schools. Our target was to include all 9th grade students within each 
randomly selected school.  Students are included in analyses of treatment effects provided that they (a) saw the first 
page of treatment or control content, and (b) have student records data (for calculating GPA).  
 
There were approximately 16,000 students who began Session 1 in the 76 schools, but we do not yet know the 
sample size for the subset with student records because the student records have not yet been delivered.  
 

9. Sample size rationale 
9.1. This could include a power analysis or an arbitrary constraint such as time, money, or 

personnel. 
 
We recruited as many schools as could be recruited in the period between April 2015 and February 2016 (when the 
final schools implemented the treatment). The plan was for all schools to complete the intervention by the second 
month of 9th grade, but we extended the window until February of 2016 to increase sample size.  
 
10. Stopping rule 

10.1. If your data collection procedures do not give you full control over your exact sample size, 
specify how you will decide when to terminate your data collection.  

 
Our data collection procedures did not give us full control over exact sample size. Termination of data collection 
occurred when it was too late in the year to include more schools (February 2016).  
 

Variables 
 
11. Manipulated variables 

11.1. Describe all variables you plan to manipulate and the levels or treatment arms of each 
variable. For observational studies and meta-analyses, simply state that this is not 
applicable. 

 

																																																								
7 A list of all U.S. public high schools was obtained from the Common Core of Data (National Center for Education Statistics) and supplemented 
through private databases (see Tipton, Yeager et al., in press). 
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We manipulated the materials during individual computer activities students completed at school. Students were 
randomly assigned by the computer program to be presented with either a growth mindset treatment or a control 
activity.  
 
12. Measured variables 

12.1. Describe each variable that you will measure. This will include outcome measures, as well as 
any predictors or covariates that you will measure. You do not need to include any variables 
that you plan on collecting if they are not going to be included in the confirmatory analyses 
of this study. 

 
Outcome Measure(s): 
 
GPA: GPA serves as the single confirmatory outcome measure for all hypotheses discussed in this analysis plan.  
GPA refers to the end-of-the-school-year GPA based on grades in core courses only.  Grades are defined as grades 
on a 0-4.33 point scale. Core courses refer to math, science, social studies, and English/Language Arts. Grades in 
these core courses will be averaged (unweighted) to calculate GPA. Plans for data processing of grades are provided 
in the Indices section of the analysis plan. 
 
Analyses of other configurations of grades are possible, but the confirmatory GPA variable will drive the main 
“story” regarding the effectiveness of the GM intervention.  We will also explore the GM intervention’s effects:  

• In specific subjects (e.g., Math).    
• On “poor performance” at the end of 9th grade, such that 1 = D/F average in core courses, 0 = satisfactory 

performance (C- or above).  
 
Attitudes: Students self-reported a number of attitudes at pre-test and post-test, and analyses of these were pre-
registered prior to data delivery (https://osf.io/byc2e/). Students self-reported mindsets and we measured their 
behavior on the “make-a-worksheet” challenge-seeking task (as interim outcomes). We collected measures of 
treatment fidelity (described in the exploratory analyses).  
 
Student-level subgroup(s): 
 
To answer RQ 2-4, we must define who is considered a “previously low-performing student.”  We do that here. 
 
Previously low-performing students are defined as students who were earning grades lower (or equal) to 50 percent 
of his or her 9th grade school peers, prior to random assignment.8 At an operational level, this is a student whose pre-
random assignment GPA is at or below the 50th percentile of his/her 9th grade peers. 
 
School-level subgroup(s): 
 
To answer research question 4, we must define school achievement-level and school mindset saturation level.  We 
do that here. 
 
School-level achievement is defined as a latent variable derived from school-level achievement data.  When testing 
for non-linear differences, we break school-level achievement into three categories, which align with the sampling 
plan and the hypotheses described in section 4.1: 

																																																								
8 At a theoretical level, this is a student whose grades are not already maximal and who might show higher grades if motivated. 
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i. Lowest-achievement schools are those schools in the bottom quartile of the school-level achievement 
index. 

ii. Medium-achievement schools are those schools that fall above the 25th and below the 75th percentile on 
the school-level achievement index. 

iii. Highest-achievement schools are those schools in the top quartile of the school-level achievement 
index. 

 
The School-level achievement index 
, or measure, is described in section 13. 
 
School-level mindset saturation is defined as the prevalence of growth mindset thinking in the school environment. 
A continuous variable will test the competing hypotheses described in section 4.1. The School-level mindset 
saturation are described in section 13. 
 
Student-level Covariates 

- Student male/female identification 
- Student race/ethnicity 

o Dummy variables for Asian/Asian-American, Hispanic/Latino/a, Black/African-American, or 
other, with the referent group white students 

- Student special education status (when available), dummy variable 
- Student maternal education, dichotomized (1=four-year degree or higher, 0=less than a four-year degree) 
- Student self-reported expectations for success (unless multi-collinearity with prior achievement is too high) 
- Missing data. We will not use list-wise deletion of cases that are missing covariates. We will impute 

missing covariates using the missing value dummy method, unless an alternative method is recommended 
by our statistician advisors.  

- Collinearity. We will remove a covariate from the models if it is too highly correlated with others, if there 
is excessive missing data, if it increases standard errors due to multi-collinearity, or if it prevents the model 
from converging.  

 
13. Indices 

13.1. If any measurements are going to be combined into an index (or even a mean), what 
measures will you use and how will they be combined? Include either a formula or a precise 
description of your method. If you are using a more complicated statistical method to 
combine measures (e.g. a factor analysis), you can note that here but describe the exact 
method in the analysis plan section. 

 
For Outcome Measure(s): 
 
Processing of grades for calculating GPA: Here is how we will process both pre- and post-intervention grades: 

- We will analyze grades at the term level (e.g. fall or spring semester, or, in block schedules, a quarter). 
When only independent marking period grades are provided (e.g., marking periods 1-3, but not fall 
semester) then we will aggregate them to the term level (except in the case of missing pre-treatment data, as 
noted below).  

- We will analyze only core course grades. We define core courses as math, science, social studies, and 
English/language arts. Non-core courses are electives, such as art, PE, computers or music. Non-core 
courses also include “support” classes, such as a lab class that is co-enrolled with a science class.  
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o Core course designation will be made through a combination of course catalogs from schools and 
coding of course names. Coding of core courses will be independent of knowledge of the effect on 
outcomes of the study, and all syntax will be retained to enable robustness checks.  

- If a school has a non-standard schedule (e.g. a block schedule) we may need to create a school-specific 
rule. We will annotate the syntax in the grades processing file, along with the justification. These decisions 
will be made prior to merging data with the randomized condition variable.  

- Grades will be provided as letter grades (e.g., A, B, C). Core course grades will be re-coded on a 0 to 4.33 
point scale, with 0 referring to “F” and 4.33 referring to “A+.” Some schools will only report up to an A 
and so 4.0 will be the max grade for them. We will test the impact of putting all schools on the same scale 
(from 0 to 4).  

 
GPA at the end of 9th grade. 

- Goal: The main outcome is GPA in core courses at the end of 9th grade, weighting each core course 
equally. The initial plan was to average Fall 2015 and Spring 2016 achievement. However, some schools 
delivered the intervention in Spring 2016.  

- Confirmatory Operationalization.  
o In schools that delivered the intervention in Fall of 2015, the outcome will be the average of Fall 

2015 and Spring 2016 core course grades.  
o In schools that delivered the intervention in Spring of 2016, the outcome will be Spring 2016 core 

course grades only.  
o An exception will be if a school uses block scheduling and an entire quarter’s grade is self-

contained. In that event, we will look at the timing of the delivery of the treatment and the 
beginning and end of the quarter, to determine whether grades were recorded post-intervention or 
pre-intervention. 

- Missing data.  
o We will use list-wise deletion of cases that are missing the primary outcome variable.  
o We will examine the impact of differential attrition on our inferences (for instance, perhaps the 

treatment kept marginal students from dropping out) and develop adjustments if attrition is 
differential.  

 
For Student-level Subgroup(s) 
 
Previously low-performing students: 

- Goal. Conceptually, we wish to know if the treatment benefits students who were not already earning very 
high grades prior to receiving the intervention. The design of the study called for a fall intervention, and so 
we expected to use 8th grade achievement to define this subgroup. However some schools gave the 
intervention in the spring term of 9th grade (or perhaps after a full quarter’s grades were recorded, for block 
schedules). Therefore grades from the fall of 9th grade are the most recent term.  We will use the most 
recent term to create the pre-intervention low-performing student subgroup.  

- Confirmatory Operationalization.  
o In schools that delivered the intervention in the Fall of 2015 prior GPA will be the average grade 

in 8th grade core courses, or if these were not provided, it will be 8th grade spring in core courses. 
o In schools that delivered the intervention in the Spring of 2016, the pre-intervention GPA will be 

the Fall 2015 GPA in core courses (i.e. Fall of 9th grade).  
o The exception to these two rules would be schools using block scheduling on a quarter system and 

where the treatment was delivered in the Fall but after an entire quarter’s grades were recorded. In 
such cases, the completed first quarter Fall 2015 grades will be prior achievement and the 
remaining three quarters will be the outcome.  

o Pre-intervention GPA will be z-scored within schools.  
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To be precise, let: 

𝑃𝑟𝑒𝑇𝑟𝑒𝑎𝑡𝐺𝑃𝐴)*= the 8th grade GPA of student i attending 9th grade school j (among students 
where the study was implemented in in the fall of 9th grade), or the fall 9th grade GPA of student i 
attending 9th grade school j (among students where the study was implemented in the spring of 9th 
grade or after a Fall 8th grade block was finished). 
 
𝑀𝑒𝑑𝑖𝑎𝑛𝑃𝑟𝑒𝑇𝑟𝑒𝑎𝑡𝐺𝑃𝐴*= the median pretreatment GPA of students attending 9th grade school j. 
 
So: 

  𝐿𝑜𝑤_𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑖𝑛𝑔)* =
	1	𝑖𝑓	𝑃𝑟𝑒𝑇𝑟𝑒𝑎𝑡𝐺𝑃𝐴)* ≤ 𝑀𝑒𝑑𝑖𝑎𝑛	𝑃𝑟𝑒𝑇𝑟𝑒𝑎𝑡𝐺𝑃𝐴*
	0	𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒																																																																	

 

Missing data. 
o When students do not have 8th grade achievement but at least some of their grades were reported 

on a progress report in 9th grade prior to the delivery of the treatment, such as first quarter grades, 
then these will constitute pre-treatment GPA.  

o When students do not have any of these grades, we will impute prior achievement values using 
their 8th grade test scores and self-reports of expectations for success in the coming year (cf. 
Hulleman & Harackeiwicz, 2009).  

 
For School-level Subgroup(s) 
 
School-level achievement index 

- Goal. The goal for the school achievement variable is to understand whether treatment effects are different 
at school with different levels of rigor and standards. As a proxy for this, we created a latent variable of 
school achievement level for the purposes of stratification when randomly sampling schools to participate 
in this project (see Tipton, Yeager et al.).9 This same latent variable will be used for subgroup analyses.  

- Confirmatory Operationalizations.  
o There will be two operationalizations. The first is a continuous school achievement level variable, 

z-scored in the full population of approximately 12,000 regular U.S. public high schools (see 
Tipton, Yeager et al.).   

o A second operationalization is three categories of school-level achievement level: low (bottom 
quartile), medium (25th -75th), and high (top quartile), which is how this variable was used in the 
stratified sampling plan.  

- Missing data.  
o There is no missing data on the school achievement level variable.  

 
School-level mindset saturation index 

- Goal. The goal is to assess whether environments with a strong mindset climate have weaker or stronger 
effects. However there is no established measure of mindset saturation.  

- Confirmatory Operationalizations. We will test and report two operationalizations: 
o Self-report. The average “fixed mindset rating” on a 6-point scale for students in the school, 

measured prior to random assignment (both treatment and control group). The advantage of this 
measure is that it is a direct assessment of the construct – the prevalence of fixed/growth mindset 
thinking. The disadvantage of this measure is the potential for “reference bias” in making 
between-school comparisons (see Duckworth & Yeager, 2015). Another disadvantage is that peers 

																																																								
9	As	described	in	Figure	1	in	Tipton,	Yeager	et	al.,	the	prior	achievement	variable	was	a	composite	of	PSAT	scores,	AP	scores,	%	AP	Calculus	test-
takers,	rating	from	greatschools.org	(which	are	mostly	composed	of	state	test	scores),	and	a	state-level	constant	from	the	NAEP.		
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may conform more to perceived actions than private beliefs. Then again, reference bias may be 
minimal for growth mindset (see West et al. 2017).  

o Behavior. The number of challenging math assignments that students chose on the make-a-
worksheet task, in the control group. The advantage of this measure is that it may not be subject to 
reference bias. Another advantage is that the mindset saturation in a school might be 
communicated more by how students act than what students say they believe (e.g. Haimovitz & 
Dweck; also see Paluck, 2009). A disadvantage of this behavioral measure is challenge-seeking is 
only a proxy for growth mindset and is only modestly correlated with growth mindset.   

- Missing data. 
o NA 

 

Design Plan 
 
14. Study type 

 
This is a randomized controlled trial.  The researcher randomly assigned treatments to study subjects.  
 
15. Blinding 

 
Personnel who interact directly with the study subjects (either human or non-human subjects) were not aware of the 
assigned treatments. 
 
16. Study design 

16.1. Describe your study design. Examples include two-group, factorial, randomized block, and 
repeated measures. Is it a between (unpaired), within-subject (paired), or mixed design? 
Describe any counterbalancing required. Typical study designs for observation studies 
include cohort, cross sectional, and case-control studies. 

 
Two-group randomized block design. Within each school (block) students are randomized to treatment or control. In 
addition, stratified random sampling was used to select schools. 
 
17. Randomization 

17.1. If you are doing a randomized study, how will you randomize, and at what level? 
 
Randomization occurs at the student level via the computer after students log in to the system. Students, teachers, 
facilitators and researchers are all blind to condition.  
 

Analysis Plan 
 
You may describe one or more confirmatory analysis in this preregistration. Please remember that all 
analyses specified below must be reported in the final article, and any additional analyses must be noted as 
exploratory or hypothesis generating. 
 
A confirmatory analysis plan must state up front which variables are predictors (independent) and which are 
the outcomes (dependent), otherwise it is an exploratory analysis. You are allowed to describe any 
exploratory work here, but a clear confirmatory analysis is required.  
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18. Statistical models 
 
RQ 1. ATE for all students. 
 
To estimate the average treatment effects (ATE), we use the following fixed effects model:  
 
 𝑌) = 	𝛼 + 	𝛽 ∙ 𝑇) + 𝛾 ∙ 𝐴) + 	 𝜃E ∙ 𝑋E)G

EHI + 𝜌* ∙ 𝑆*)
*
*HI + 𝑒)     (1) 

 
where: 
      𝑌)   = the outcome for student i (GPA) 
      𝑇)  = 1 if student i was randomized to treatment and zero otherwise, 
      𝐴) = the prior achievement for student i, z-scored within schools  
    𝑋E)  = school-mean-centered baseline covariate k for student i  (see section 12)  
     𝑆*)  = indicator variable indicating student i attends school j  
 
The model will use person-level survey weights (which include school-level adjustments) and will not include any 
school-level covariates. It will use cluster-robust standard errors, clustered at the school level, to account for the 
nesting of students within schools. The parameter of interest is 𝛽, the average effect of the GM intervention for all 
students. 
 
RQ 2: ATE for previously low-performing students. 
 
To answer research question two we will use equation (1) on the subsample of previously low-performing students 
(i.e. students below the median within their school). The parameter of interest is 𝛽, the average effect of the GM 
intervention for previously low-performing students. 
 
We use the above model (rather than the random effects model in RQ3 and 4) because RQ1 and RQ2 seek to 
estimate the effect for the average student, not the average school.  
 
Below are the conclusions we would draw from the analyses in RQ1 and RQ2. 
 
  Full Sample (RQ 1) 
   𝜷 > 𝟎, p < .05 𝜷 ≈ 𝟎, p > .05 

Previously 
low-
performing 
students 
(RQ 2) 

𝜷 > 𝟎,  
p < .05 

1. Replicated Yeager/Paunesku low-
performer effect and surprisingly 
showed a main effect as well. Program 
was effective, on average, for the full 
sample and for previously low-
performers. 

2. Replicated Yeager/Paunesku low-performer 
effect and replicated Yeager et al. non-
significant main effect. Program was effective, 
on average, for previously low-performing 
students. Results were as expected.  

𝜷 ≈ 𝟎, 
p > .05 

3. Failed to replicate Yeager/Paunesku 
low-performer effect, but surprisingly 
showed a main effect. Program was 
effective, on average, for the full-sample, 
but not effective, on average, for the 
expected subgroup.  

4. Failed to replicate Yeager/Paunesku low-
performer effect, replicated non-significant 
main effect. Program was not effective, on 
average, for all students or for low-
performers. 

 
RQ 3: Variability in effects across schools, among previously low-achieving students. 
 
To estimate variability in the treatment effect across schools, we will estimate a mixed effects model in the subset of 
previously low-performing students, using the model described by Bloom et al. (2017): 
 
 Level one (students) 
  𝑌)* = 𝛼* + 𝛽* ∙ 𝑇)* + 𝛾 ∙ 𝐴)* + 𝜃E ∙ 𝑋E)*G

EHI + 𝑒)*     𝑒)*~𝑁(0, 𝜎UV)    (2) 
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Level two (schools)  
 𝛽* = 𝛽	+	𝑟*       𝑟*~𝑁(0, 𝜏V)    (3) 
 
where: 
     𝑌)*  = the outcome for low-achieving student i from school j (GPA) 
     𝑇)*  = 1 if student i from school j was randomized to treatment and zero otherwise, 
    𝐴)*  = the prior achievement for student i from school j, z-scored within schools 
   𝑋E)*  = school-mean-centered baseline covariate k for student i from school j, (see section 12)   
 
For each school (j) this model allows for a fixed school-specific intercept (𝛼*), to account for the possibility of 
differences across schools in the proportion of students who are randomly assigned to the treatment vs. control 
group. This model allows for the treatment effect among low-achieving students to vary randomly across schools, 
𝛽*, with variance 𝜏V. Note that the model allows the student-level residual variance to be different for treatment and 
control group members (represented by the subscript in the term 𝜎UV). These analyses will use survey weights and not 
include any school-level covariates. The parameter of interest for RQ 3 is 𝜏, the standard deviation of the school-
level distribution of average treatment effects. 
 
We will conclude the intervention effects vary across schools when either a permutation test or a Q-statistic from 
meta-analysis shows that 𝜏 is different from zero (see Bloom, Raudenbush, Weiss & Porter, 2016). We will interpret 
the practical significance of our estimate of 𝜏 by comparing it to published benchmarks in program evaluation 
research (Weiss et al., 2017). 
 
Here are the conclusions we would draw from the analysis in RQ3: 

• 𝜏 > 0, p < .05: The effectiveness of the GM intervention varies across schools. 
• 𝜏 ≈ 0, p > .05: There is no discernable evidence that the effectiveness of the GM intervention varies across 

schools. 
 
If 𝜏 > 0 and p < .05, we will also estimate and graphically present the school-level distribution of average GM 
effects, as described in Bloom, Raudenbush, Weiss & Porter, 2016.  
 
RQ 4: Predicting variability in effects across schools, among previously low-achieving students. Regardless of 
the answer to RQs 1-3, we will test whether school factors predict variation in the GM intervention’s effects among 
schools —i.e. the 𝛽*’s in equation (3). The moderators are school achievement level and mindset saturation. All 
models will control for percent minority (black, Latino/a, or Native American) because these could be confounded 
with school achievement level and mindset saturation. These are confirmatory analyses of exploratory hypotheses – 
thus the approach to the analyses is more flexible than the approach for RQ 1- 3. This will also require a more 
cautious interpretation. 
 
To preview, we will conduct four parametric tests:  

1. School achievement as a continuous variable 
2. School achievement as a categorical variable 
3. Mindset saturation assessed via self-reports 
4. Mindset saturation assessed via behavior 

 
Then we will estimate a flexible, non-parametric model that likely will use Bayesian inference.  
 
As a first test, we will examine independent, linear predictors. Specifically, we estimate a two-level mixed effects 
model. The level 1 model is specified in equation (2). The level 2 model is in equation (4) below: 
 

Level two (schools)  
 𝛽* = 𝛽 + 𝛿 ∙ 𝐴* + 𝜋 ∙ 𝑀* + 𝜆 ∙ 𝑆* + 𝑟*   𝑟*~𝑁(0, 𝜏V)     (4) 
 



12	
	

Where: 
 𝐴* = The grand-mean centered school achievement level for school j, coded continuously 
 𝑀* = The grand-mean centered percent minority (black, Latino/a or Native American) in school j 
 𝑆* = The grand-mean centered saturation of fixed mindset for school j 
 
The significance and direction of 𝛿 will answer RQ 4a. The significance and direction of 𝜆 will answer RQ 4b. We 
do not have a substantive hypothesis about the 𝜋 parameter, for minority composition, but would attempt to interpret 
and understand it if it was significant. 
 
We will test whether there is a significant reduction in 𝜏V as a result of the inclusion of school-level covariates (i.e. 
comparison of questions (3) and (4)). This will answer the research question of whether these three school-level 
factors in general explain variability in the GM effect among schools.  
 
Second, we will use the school-achievement level variable coded into the three categories that constituted the 
sampling strata (bottom 25%, middle 50%, and top 25%) and conduct planned contrasts of subgroup ATEs. In the 
second model mindset saturation will still be a continuous variable.  
 
Third, with consultation from statisticians, we will evaluate potential non-parametric models to examine the 
independent and interactive impact of school-level moderators on between-school variability in the treatment impact 
𝛽* in equation 4 (e.g. likely a variation on Bayesian Additive Regression Trees). These models will test robustness 
of results to potential confounds in the school-level moderators (such as rural/urban or poverty concentration). To 
avoid over-interpretation of results, we will provide the statisticians with a dataset where the name of the variable 
and the meaning of the value labels are masked. The initial summary of the significant moderators will be generated 
by the statisticians, blind to the identities of the variables or of the treatment or control values.  

 
19. Transformations 

19.1. If you plan on transforming, centering, recoding the data, or will require a coding scheme 
for categorical variables, please describe that process. 

 
See indices above.  
 
20. Follow-up analyses 

20.1. If not specified previously, will you be conducting any confirmatory analyses to follow up on 
effects in your statistical model, such as subgroup analyses, pairwise or complex contrasts, 
or follow-up tests from interactions. Remember that any analyses not specified in this 
research plan must be noted as exploratory. 

 
See primary analyses above and planned analyses below.  
 
We will also examine whether the data meet the assumptions of the linear models. If they do not, we will adjust the 
model and possibly the estimation methods for standard errors to fit the data as appropriate. We expect the linear 
models with robust standard errors to be appropriate, however.  
 
For research question 4, we will test the planned sub-groups of “low” “medium” and “high” achieving schools, and 
we will allow the penalized non-parametric models to tell us where subgroup effects are appearing.  
 
Analyses of the characteristics of schools that did and did not agree to participate will be used to assess whether the 
answers to the RQs generalize the population of all 9th grade regular U.S. public high schools or only those 
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represented by the sample that agreed to participate. We expect that non-participation will be unrelated to observable 
characteristics following non-response adjustment (i.e. weighting).  
 
21. Inference criteria 

21.1. What criteria will you use to make inferences? Please describe the information you will use 
(e.g. p-values, Bayes factors, specific model fit indices), as well as cut-off criterion, where 
appropriate. Will you be using one or two tailed tests for each of your analyses? If you are 
comparing multiple conditions or testing multiple hypotheses, will you account for this? 

 
p<.05, two-tailed, for RQ1-3. For RQ1-3 we limit the potential for a multiple testing problem by using one outcome 
(GPA), measured in a one way, to answer these confirmatory research questions, resulting in three null hypothesis 
tests.  
 
For RQ4, we reduce multiple testing by using two operationalizations of school achievement (continuous vs. 
dichotomous) and two operationalizations of mindset saturation (self-report and behavioral). These four null 
hypothesis tests will use p <.05. We will then use Bayesian inference with penalties for over-fitting for the flexible, 
non-parametric models; because the models are Bayesian, they do not involve null hypothesis tests.   
 
22. Data exclusion 

22.1. How will you determine what data or samples, if any, to exclude from your analyses? How 
will outliers be handled? 

 
Participants will be included as long as they saw the first page of the treatment or control exercises and had linked 
student transcript data.  
 
23. Missing data 

23.1. How will you deal with incomplete or missing data? 
 
For academic outcomes we will default to listwise deletion for missing data. We will examine whether there was any 
attrition from the study (i.e. mid-semester dropouts) and whether that was differential by condition. If so, we will 
consult with statistical experts to develop a missing data plan (e.g. weights or propensity scores).  
 
For prior achievement, we will impute missing grades using test scores or self-reported expectations for doing well 
that year (when students have data on those variables). Imputed values will be z-scored so that they are on the same 
metric as the grades. This approach comes in part from Yeager, Romero et al. (2016), who created a prior 
achievement composite with grades, test scores, and self-reported expectancy for grades. Expectancies were an 
intervention moderator in a related intervention (Hulleman & Harakeiwicz, 2009).  
 
24. Planned additional analyses (optional) 

 
These four sets of planned exploratory analyses supplement the primary research questions above and will be 
reported in the manuscript or supplement regardless of the outcomes:  
  

1. Poor performance rate. We will report a secondary outcome of poor performance, defined as a D/F 
average in core courses at the end of 9th grade. We will attempt to replicate the results reported in Yeager, 
Romero et al. (2016) and Paunesku et al. (2015), which found reductions in poor performance rates for 
treated individuals (also see Yeager et al. 2014, JEP:General). Poor performance rates furthermore 
represent a conceptual replication of higher-education interventions, which found treatment effects on full-
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time enrollment rates (Yeager et al., 2016). Although GPA is the primary outcome, the poor performance 
rate is also highly practically relevant because it is a strong predictor of eventual high school graduation 
(see Allensworth et al. 2005).  

2. Results for different courses: We will report results separately by course (math, English, social studies, 
etc.) either in the paper or in an online supplement. There might be larger effects in math and science, 
under the assumption that lay beliefs about fixed ability are stronger in math and science and therefore 
might benefit more from correction via a growth mindset treatment.   
 

3. Intervention fidelity: We will assess the implementation fidelity of our treatment and control conditions 
with the following measures: (1) the percentage of open-ended questions that students answered during 
their on-line sessions, (2) the percentage of screens that students opened (and presumably viewed) during 
their on-line sessions, (3) the student-level response rate, (4) the amount of distraction that students 
reported experiencing during their on-line sessions, and (5) the amount of distraction that students reported 
other students experienced during their on-line sessions. We will create a composite of all or a subset of 
these (using factor analysis or analogous data-reduction methods) and aggregate to the student and school 
level. We will explore whether intervention fidelity explains differences in treatment impact, and whether it 
is a mechanism for potential moderation by achievement level.  
 

4. Strength of manipulation check: We will explore whether different schools show different treatment 
effects because they were more or less successful at delivering the treatment in a way that caused students 
to change their attitudes and interim behaviors, as measured by the size of the treatment effect on 
manipulation checks (self-reported mindsets and challenge-seeking behavior, after receiving the treatment) 
across schools.  

 
The below additional planned exploratory analyses test alternative research questions. They could be presented as 
secondary analyses for the primary paper, or they could constitute papers of their own. Although these questions are 
not fully developed, we pre-register them here so that they are listed prior to seeing or analyzing any results, so as to 
constrain researcher degrees of freedom.  
 

5. Student-level moderators: (1) academically negatively-stereotyped minority students (e.g., black, Latino, 
native American) vs. academically non-negatively stereotyped students (white or Asian-American 
students), (2) females vs. males (especially in quantitative classes), (3) and students who are 
socioeconomically disadvantaged (defined either by parental education/occupation or by free/reduced price 
lunch status) vs. advantaged students, (4) school track (i.e. advanced math vs. regular math); (5) attitudinal 
measures obtained at the beginning of students’ first on-line session, such as initial growth mindsets (to 
replicate the marginally-significant moderation in Blackwell et al., 2007), expectations for academic 
success (conceptually replicating Hulleman & Harackeiwicz, 2009), or math anxiety. In general, we will 
test the conceptual hypothesis that students who face more disadvantage or have greater vulnerability might 
also show stronger treatment effects.  

 
6. Interaction of achievement level and mindset saturation: When investigating research question 4, 

achievement level and mindset saturation could potentially interact. The greatest treatment effects might 
occur in places where there is the highest school-achievement level, but the weakest school level mindset 
saturation.  
 

7. Adding convenience sample schools to increase cross-site statistical power. A planned supplemental 
analysis for Research Questions 3 and 4 will combine the treatment effect estimates obtained in the pilot 
study (Yeager et al. 2016) and in a replication in a convenience sample of urban district schools 
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(Hanselman et al. in prep) with the national study estimates, to increase the number of schools by 18. This 
will increase our power to detect cross-site variation in treatment effects. After merging these schools’ data 
with the national sample, we will re-conduct the analyses for Research Questions 3 and 4. We will do this 
and report it (in the paper or the supplement) no matter what the results of the primary analysis are.  

 
8. Timing: We will explore whether timing during the year (e.g. August vs. January), and timing during the 

day moderated treatment impacts. We have a working hypothesis that receiving an intervention during a 
busy time (e.g., right before thanksgiving or a holiday, on a Monday or Friday, the last period of the day) 
will show weaker effects. We will explore the hypothesis that timing within the year is a predictor of school 
likelihood of compliance (under the assumption that schools that participated earlier were more willing 
partners), and so experiments conducted earlier in the year might show larger treatment effects.  

 
9. School minority composition and stereotype threat: we will test the exploratory hypothesis that 

negatively-stereotyped minority students in low-minority high schools might benefit most from the 
treatment. This would be a conceptual replication of a study of affirmation (a different psychological 
intervention) by Hanselman et al., 2014 and a potential test of stereotype threat explanations for growth 
mindset intervention effects.  

 
Script (Optional)  
 
The purpose of a fully commented analysis script is to unambiguously provide the responses to all of the 
questions raised in the analysis section. This step is not common, but we encourage you to try to create an 
analysis script, refine it using a modeled dataset, and use it in place of your written analysis plan. 
 
25. Analysis scripts (Optional) 

25.1. (Optional) Upload an analysis script with clear comments. This optional step is helpful in 
order to create a process that is completely transparent and increase the likelihood that your 
analysis can be replicated. We recommend that you run the code on a simulated dataset in 
order to check that it will run without errors. 

 
NA 
 
Other 
 
26. Other 

26.1. If there is any additional information that you feel needs to be included in your 
preregistration, please enter it here. 

 
 
Other analyses are possible with this dataset. For instance, we plan to study whether variance in the treatment impact 
across math classes varies due to characteristics of teachers and classrooms. We also plan to conduct correlational 
analyses of the math classroom data. We will strip the present dataset of the teacher identifiers so that we can pre-
register those analyses prior to conducting them.  
 
An earlier version of this pre-registration was uploaded but not approved by researchers. It was “frozen” by the OSF 
robots after researchers did not approve it within 48 hours, but the plan was not complete because it had not yet been 
reviewed by MDRC. The present version has been reviewed by MDRC and is final and complete. We have 
“withdrawn” the previous frozen version. 
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2 Overview

This document reproduces statistics reported in the main text as well as supplemental analyses of the impacts
of the growth mindset intervention.

First, we present preliminary analyses, such as balance tests of the effectiveness of random assignment.

Second, we present the results to answer each of our four primary research questions. For the core academic
grades models, we report a series of sensitivity analyses.

Third, we present descriptive information about program implementation.

Fourth, we present data on the treatment effects on growth mindset self-reports, and evidence that the
treatment effects did not vary across schools for students overall or for lower-achieving students in particular.

Unless otherwise noted, analyses employ weights to represent the population of regular public high schools in
the U.S. (as pre-specified). Weights were provided by the survey research firm.
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3 Preliminary Analyses

3.1 Defining Key Variables

• Fixed Mindset Scale = Post-intervention mindset 3-item scale; values range from 1 (most growth
mindset) to 6 (most fixed mindset).

• Growth Mindset = Post-intervention growth mindset indicator (less than 3.0 on 3-item scale 1-6 fixed
mindset scale)

• Hard Problems = Willingness to seek out challenges in math (number of hard problems selected in
make-a-math-worksheet task); also referred to as “challenge-seeking” and the basis for a school mindset
saturation measure

• Self-report Growth Mindset Norm = School average of growth mindset self-reports noted above,
estimated from all students prior to random assignment. In the pre-registration, we called this “mindset
saturation.”

– Behavioral Growth Mindset Norm = School average of hard problems students chose on the
“make-a-math-worksheet” task, estimated from all students in the control group who completed
the Time 2 survey. In the pre-registration, we called this “mindset saturation.”

• GPA = Post-intervention grades in core academic courses (mathematics, English/ELA, science, social
studies; omitting support courses) in 9th grade.

• D/F Avg = Core GPA in D/F Range (less than 2.0)

3.2 Descriptive statistics for full sample (unweighted)

mean sd min max n
Female 0.490 0.500 0 1.0 13367
Maternal College 0.289 0.453 0 1.0 13421
Asian 0.038 0.191 0 1.0 13348
Black 0.112 0.315 0 1.0 13348
Hispanic 0.244 0.429 0 1.0 13348
White 0.430 0.495 0 1.0 13348
Other/Multiple Race/Ethnicity 0.176 0.381 0 1.0 13348
Growth Mindset (Dichotomous) 0.584 0.493 0 1.0 11979
Hard Problems 2.968 2.490 0 8.0 11628
GPA 2.587 1.041 0 4.3 12546
D/F Avg 0.264 0.441 0 1.0 12546
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3.3 Descriptive statistics for previously lower-achieving students (unweighted)

We hypothesize larger intervention effects on GPA for lower-achieving students, defined as those with
achievement below the school median prior to random assignment.

mean sd min max n
Female 0.411 0.492 0 1.000 6807
Maternal College 0.216 0.412 0 1.000 6840
Asian 0.023 0.149 0 1.000 6796
Black 0.127 0.333 0 1.000 6796
Hispanic 0.284 0.451 0 1.000 6796
White 0.363 0.481 0 1.000 6796
Other/Multiple Race/Ethnicity 0.204 0.403 0 1.000 6796
Growth Mindset (Dichotomous) 0.513 0.500 0 1.000 5941
Hard Problems 2.663 2.389 0 8.000 5752
GPA 2.012 0.923 0 4.225 6219
D/F Avg 0.450 0.498 0 1.000 6219

3.4 Descriptive statistics for previously higher-achieving students (unweighted)

Higher-achieving students are defined as those above the school median prior to random assignment.

mean sd min max n
Female 0.571 0.495 0 1.0 6553
Maternal College 0.365 0.481 0 1.0 6569
Asian 0.053 0.225 0 1.0 6545
Black 0.097 0.296 0 1.0 6545
Hispanic 0.202 0.402 0 1.0 6545
White 0.500 0.500 0 1.0 6545
Other/Multiple Race/Ethnicity 0.147 0.355 0 1.0 6545
Growth Mindset (Dichotomous) 0.655 0.475 0 1.0 6034
Hard Problems 3.267 2.551 0 8.0 5873
GPA 3.153 0.815 0 4.3 6323
D/F Avg 0.080 0.272 0 1.0 6323
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4 Experimental Balance and Attrition

4.1 Balance on pre-treatment characteristics

Random assignment was effective at producing balance between groups in terms of characteristics measured
prior to random assignment.

Variable Trt Mean Trt SD Trt N Ctl Mean Ctl SD Ctl N Diff p Pooled SD d
Female 0.492 NA 6673 0.488 NA 6694 0.004 0.674 0.500 0.008
Maternal College 0.285 NA 6702 0.293 NA 6719 -0.008 0.294 0.453 -0.018
Black 0.114 NA 6651 0.110 NA 6697 0.005 0.424 0.315 0.014
Asian 0.037 NA 6651 0.039 NA 6697 -0.002 0.548 0.191 -0.011
Hispanic 0.246 NA 6651 0.241 NA 6697 0.005 0.529 0.429 0.011
White 0.432 NA 6651 0.429 NA 6697 0.003 0.769 0.495 0.005
Pre-treatment Fixed Mindset Scale 3.052 1.150 6692 3.066 1.164 6708 -0.013 0.505 1.157 -0.012
Pre-treatment GPA 2.777 0.966 5649 2.801 0.964 5688 -0.025 0.176 0.965 -0.025

4.2 Attrition among randomized students

The treatment and control groups did not differ in terms of missing data for the outcome variables measured
in session 2.

Outcome Trt Attrition Trt N Ctl Attrition Ctl N p
Fixed Mindset Scale 0.110 6702 0.105 6719 0.360
Growth Mindset Indicator 0.110 6702 0.105 6719 0.360
Number of Hard Problems Selected 0.133 6702 0.134 6719 0.884
Hypothetical Challenge-seeking 0.119 6702 0.112 6719 0.215
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4.3 Calculations for CONSORT report

4.3.1 Enrollment

Participants were identified for participation by the third party research firm (ICF International) in consultation
with school officials by virtue of grade membership and enrollment in targetted classes.

Considered Parental Refusal Intention to Treat (Randomized)
13617 73 13544

4.3.2 Allocation

Students were randomized at the start of the computerized activity. Students received the allocated
intervention for session 1. Some students were absent and received no session 2 materials. Other students
incorrectly inputted their names at session 2, and they were always given the control group materials.

All analyses are Intention-to-Treat, regardless of whether students saw the session 2 materials.

treatment Total As Allocated, Both Sessions Absent Non-allocated Session 2 Materials
0 6779 6219 553 7
1 6765 6131 573 61

4.3.3 Follow-up

There are two primary reasons why participants were lost to follow-up for the primary analyses of GPA
outcomes. First, one school did not provide administrative records. Second, some students’ GPAs could
not be matched with the administrative data, either because their names could not be matched or because
they left the school. We cannot discern which of the two sources of non-response at follow-up were at play.
However, if the treatment kept some marginal students from dropping out, then that would bias effect sizes
in the direction of smaller, more conservative estimates.

treatment Intention to Treat Non-reporting School Grades not Available Analytic Sample
0 6779 60 479 6296
1 6765 63 513 6250
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5 Pre-Registered Treatment Impacts on Academic GPA

Here we report results from analyses exactly as specified in the pre-registered analysis plan.

We pre-specified four core questions about the impacts of the growth mindset treatment on core academic
GPA:

1. What is the average treatment effect (ATE) of a Growth Mindset (GM) intervention on the GPA of
9th grade students in regular U.S. public high schools?

2. What is the conditional average treatment effect (CATE) of a GM intervention on the GPA of 9th
grade previously lower-performing students in regular U.S. public high schools?

3. How much does the CATE of a GM intervention (on the GPA of 9th grade previously lower-performing
students) vary across U.S. public high schools?

4. Do school-level factors explain the variability in the size of the CATE of the GM (on GPA for previously
lower-performing students in U.S. public high schools)?

Because the models to answer RQs 3 and 4 depend on the model specification decisions in RQs 1 and 2, we
report a series robustness checks and sensitivity analyses for RQs 1 and 2.
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5.1 Main Academic Impacts Overall (Pre-registered RQ1)

Below we present the results for the primary specification, with pre-specified model options:

Estimated impact on core academic GPA for all students:

estimate stderr t dof p n n_schools ctl_mn ctl_sd
0.034 0.011 3.092 46 0.003 12542 65 2.584 1.044

5.2 Main Academic Impacts for Previously Low-achieving Students (Pre-
registered RQ 2)

Results for the primary specification, with pre-specified model options:

Estimated impact on core academic GPA for low-achieving students:

estimate stderr t dof p n n_schools ctl_mn ctl_sd
0.083 0.026 3.144 46 0.003 6219 65 1.993 0.928

5.3 Additional Impacts Overall and by Prior Achievement

In addition to impacts on GPA, we hypothesized reductions in the likelihood of a D/F average among
low-achieving students. The pattern of results is similar for this outcome as for Grade Point Average. A
significant overall impact is driven by a larger effect among previously low-achieving students.

We did not expect impacts for high-achieving students on either outcome, and we find no evidence of effects
for this group.

Mindset treatment impact estimates on 9th grade grades in core academic courses (65 schools):

Outcome Sample estimate stderr t dof p n n_schools ctl_mn ctl_sd
Core GPA Full Sample 0.034 0.011 3.092 46 0.003 12542 65 2.584 1.044
Core GPA Lower-achievers 0.083 0.026 3.144 46 0.003 6219 65 1.993 0.928
Core GPA Higher-achievers -0.006 0.018 -0.327 46 0.745 6323 65 3.164 0.796
D/F Average GPA Full Sample -0.028 0.009 -3.056 46 0.004 12542 65 0.268 0.443
D/F Average GPA Lower-achievers -0.059 0.017 -3.439 46 0.001 6219 65 0.464 0.499
D/F Average GPA Higher-achievers 0.003 0.009 0.307 46 0.760 6323 65 0.077 0.266
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5.4 Robustness and Sensitivity Analyses for RQ1 and RQ2

In addition to the pre-specified analyses, we considered the sensitivity of results to several alternative
specifications, listed below. Note that pre-specified options are highlighted in bold.
Survey weights:

1. Grade 9 weights [pre-specified] = records weighted by weighted based on sampling design and
non-response (including missing grade 9 GPA outcomes); weights calculated by survey firm

2. Grade 9 weights trimmed = records weighted by a modified version of the Grade 9 weights, with weights
top coded to the 3rd highest value within school achievement groups

3. Design weights = records weighted by the inverse of treatment selection for the school, given the
sampling design

4. No weights = all individual records assigned a constant weight, maintaining clustering corrections for
strata and primary sampling unit

Alternate GPA Outcomes:

1. Grade 9 post core [pre-specified] = GPA in core academic courses (Mathematics, English Lanugage
Arts, Science, Social Studies) from the intervention term to the end of the year; support courses not
included

2. Grade 9 post academic = GPA in all academic courses (including support courses and Foreign Lanugage,
etc.) from the intervention term to the end of the year

3. Grade 9 average core = GPA in core academic courses for all of 9th grade; expected to yeild conservative
estimates because includes some pre-intervention information

Alternative Covariates:

1. None
2. School fixed effects = indicators for each school
3. Prior achievement = school fixed effects and prior GPA
4. Full [pre-specified] = school fixed effects, prior GPA, and demographic/academic characteristics (*)

(*) Covariates:

• standardized achievement, imputed zero if missing
• indicator for missing standardized achievement
• pre-treatment expectancy for school success, imputed zero if missing
• indicator for missing expectancy
• prior gpa self-report, imputed zero if missing
• indicator for missing prior gpa self-report
• gender
• race/ethnicity indicators (Asian, Black, Hispanic, Native American, Multi-racial, White)
• parental education categorical indicators (1-8)
• English Language Learner classification
• Special Education classification
• First year freshman indicator
• Free/reduced lunch indicator

Alternative prior achievement specification:

1. Most recent pre-intervention GPA [pre-specified] = Most recent pre-treatment GPA: grade 8 if
intervention conducted in semester 1; grade 9 semester 1 if intervention conducted in semester 2

2. Grade 8 = Grade 8 GPA for all students
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5.5 Summary of alternate specifications

Lower−achievers

0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14

Weighting: Design Weights

Weighting: No Weights

Weighting: Grade 9 Weights trimmed

Prior: Grade 8

Covariates: Prior Achievement

Covariates: School FE Only

Covariates: None

Outcome: Full Grade 9 Core GPA

Outcome: Core GPA

Main: Pre−specified

Estimate and 95% Confidence Interval

GPA Impact Estimates for Alternate Specifications

Dashed line represents pre−specified specification.
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Full Sample Lower−achievers Higher−achievers

−0.04−0.020.000.020.040.060.080.10 −0.04−0.020.000.020.040.060.080.10 −0.04−0.020.000.020.040.060.080.10

Estimate and 95% Confidence Interval

Covariates

All Covariates

Prior Achievement

School FE Only

None

Weights

Design Weights

No Weights

Grade 9 Weights

Grade 9 Weights trimmed

GPA Impact Estimates for All Possible Specifications

Dashed line represents pre−specified specification.
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5.6 Alternate Specification Estimates for Low-achieving Students

Alternate Weights Specifications

Weights estimate stderr t dof p n n_schools ctl_mn ctl_sd
Grade 9 Weights 0.083 0.026 3.144 46 0.003 6219 65 1.993 0.928
Grade 9 Weights trimmed 0.075 0.025 2.972 46 0.005 6219 65 1.993 0.928
No Weights 0.054 0.020 2.631 46 0.012 6219 65 1.993 0.928
Design Weights 0.064 0.025 2.546 46 0.014 6219 65 1.993 0.928

Alternate Outcome Specifications

Outcome estimate stderr t dof p n n_schools ctl_mn ctl_sd
All Academic GPA 0.064 0.020 3.178 46 0.003 6226 65 2.132 0.876
Core GPA 0.083 0.026 3.144 46 0.003 6219 65 1.993 0.928
Full Grade 9 Core GPA 0.080 0.026 3.039 46 0.004 6232 65 1.996 0.902

Alternate Covariate Specifications

Covariates estimate stderr t dof p n n_schools ctl_mn ctl_sd
None 0.072 0.032 2.238 46 0.030 6219 65 1.993 0.928
School FE Only 0.070 0.030 2.338 46 0.024 6219 65 1.993 0.928
Prior Achievement 0.075 0.025 2.963 46 0.005 6219 65 1.993 0.928
All Covariates 0.083 0.026 3.144 46 0.003 6219 65 1.993 0.928

Alternate Prior Grades Specifications

Prior GPA estimate stderr t dof p n n_schools ctl_mn ctl_sd
Pre-intervention 0.083 0.026 3.144 46 0.003 6219 65 1.993 0.928
Grade 8 0.078 0.027 2.894 46 0.006 6407 65 2.055 0.962
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5.7 Mathematics and STEM GPA

Given study focus on mathematics, we consider impacts on mathematics-specific and STEM (mathematics
and science) GPA. Because some students are not observed in a mathematics or STEM course, we also
re-estimate primary impacts (on core academic GPA) for the subset of students with non-missing Mathematics
or GPA grades.

1. Main Impact = Core academic GPA (main specification above)
2. Core GPA, Math Subsample = Core academic GPA among students with non-missing mathematics-

specific GPA
3. Mathematics GPA = Mathematics-specific GPA
4. Core GPA, STEM Subsample = Core academic GPA among students with non-missing STEM-specific

GPA
5. STEM GPA = GPA in mathematics and science courses

Sample Subject Specification estimate stderr t p min95 max95 n
Full Sample Main 0.034 0.011 3.092 0.003 0.012 0.056 12542
Full Sample Core GPA, Math Sample 0.034 0.011 3.040 0.004 0.012 0.057 11893
Full Sample Math GPA, Math Sample 0.048 0.015 3.145 0.003 0.017 0.079 11893
Full Sample Core GPA, STEM Sample 0.035 0.011 3.238 0.002 0.013 0.057 12251
Full Sample STEM GPA, STEM Sample 0.042 0.012 3.606 0.001 0.018 0.065 12251
Lower-achievers Main 0.083 0.026 3.144 0.003 0.030 0.136 6219
Lower-achievers Core GPA, Math Sample 0.084 0.027 3.076 0.004 0.029 0.140 5880
Lower-achievers Math GPA, Math Sample 0.082 0.038 2.171 0.035 0.006 0.157 5880
Lower-achievers Core GPA, STEM Sample 0.086 0.026 3.263 0.002 0.033 0.139 6051
Lower-achievers STEM GPA, STEM Sample 0.092 0.030 3.066 0.004 0.032 0.153 6051
Higher-achievers Main -0.006 0.018 -0.327 0.745 -0.041 0.030 6323
Higher-achievers Core GPA, Math Sample -0.006 0.018 -0.340 0.736 -0.043 0.031 6013
Higher-achievers Math GPA, Math Sample 0.024 0.029 0.847 0.401 -0.033 0.082 6013
Higher-achievers Core GPA, STEM Sample -0.005 0.018 -0.297 0.768 -0.041 0.031 6200
Higher-achievers STEM GPA, STEM Sample 0.001 0.019 0.034 0.973 -0.037 0.039 6200

Full Sample Lower−achievers Higher−achievers

−0.05 0.00 0.05 0.10 0.15−0.05 0.00 0.05 0.10 0.15−0.05 0.00 0.05 0.10 0.15
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Core GPA, STEM Sample

Math GPA, Math Sample

Core GPA, Math Sample

Main

Estimate and 95% Confidence Interval

Growth Mindset Intervention GPA Impact Estimates for Math/STEM GPA
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5.8 School Heterogeneity (Pre-registered RQ3)

The parameter of interest is tau, the standard deviation of intervention impacts across schools. Multi-level
model heterogeneity analyses are estimated with restricted maximum likelihood and do not account for
sampling weights. In the unweighted sample, the estimated treatment effect for lower-achieving students on
post-intervention GPA in an average schools is 0.054. The estimated standard deviation of school impacts is
0.077.

Summary of School Heterogeneity Estimates for Low-achieving Students

Mean.Impact Impact.SE Impact.t tau tau.p.value.Q.method tau.p.value.permutations
0.054 0.02 2.644 0.077 0.024 0.049

We present two statistical tests of the hypothesis that tau is greater than zero. The first is the Q-statistic pro-
posed by Bloom et al. (2017). The second is a permutation test in which we randomly re-assign cases to schools
and recalculate tau. The distribution of the estimate of tau across 999 permutations, with the observed value

marked, is:
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5.9 School moderation (Pre-registered RQ4)

We tested two school moderators:

1. School achievment = composite of standardized achievement (PSAT) and other indicators.
2. School mindset norm = school mean number of “hard” problem selections among control students on

the worksheet task (school mindset saturation)

School moderation analyses do not employ survey weights because it is not (in our view) a settled statistical
issue to implement survey weights in mixed effects models. The net result of not using weights is that the
average effect size is smaller and the random slopes are shrinking to a the unweighted mean, not the weighted
mean. However our primary interest was in estimating the presence and functional form of the moderators,
not the size of the treatment effects within sub-groups.

5.9.1 School Achievement Level

Following the pre-registered analysis plan, we divide schools into 3 categories base on a school achievement
composite constructed from PSAT scores, state standardized tests, and AP participation and scores (See
Tipton, Yeager, et al., in press, for details).

• The low group is schools below the 25th percentile.
• The medium group is schools between the 25th and 75th percentile.
• The high group is schools above the 75th percentile.

5.9.2 School Mindset Norm

The school mindset norm is defined as the prevalence of growth mindset thinking and behavior in the school
environment (in the pre-registration, we called this “mindset saturation”).

We test the hypothesis that there will be larger effects on GPA in higher mindset norm schools. The reason
why might be that the environment reinforces the message over time. Giving the intervention in a high
mindset norm schools might be like “planting a seed in tilled soil.”

At the same time, it was possible that students might benefit most when they attend schools with unsupportive
norms. Giving the treatment in low mindset norm schools might be like “water on parched soil.”

Based on our pre-registered plan, we divided schools into “high” and “low” mindset norm groups based
on mean challenge-seeking behavior in the control group. Challenge-seeking, as noted, is measured by the
number of hard problems selected on the behavioral make-a-math-worksheet task. We label schools with
above (below) average mean number of hard problem selects as high (low) behavioral growth mindset norm.

Estimates are from models comparable those considered for RQ3: school-level treatment slopes are random,
intercepts are fixed, and analyses are unweighted.

Selected coefficients from school moderation of effects on core academic GPA among lower-
achieving students (N=6,219)

Parameter Estimate SE z p
Treatment 0.054 0.020 2.73 0.006
School Achievement 1.724 0.299 5.76 0.000
School Mindset Norm -0.229 0.167 -1.37 0.170
School Proportion Stereotyped Minority 2.183 0.588 3.71 0.000
Treatment x Achievement -0.066 0.029 -2.25 0.024
Treatment x Mindset Norm 0.127 0.054 2.33 0.020
Treatment x Minority -0.107 0.097 -1.10 0.270
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Post-hoc comparisons of school achievement sub-groups in terms of treatment effects on core
academic GPA among lower-achieving students (N=6,219)

Parameter Estimate SE z p
Treatment 0.091 0.027 3.32 0.001
School Achievement Low (vs. Middle) 0.590 0.182 3.25 0.001
School Achievement High (vs. Middle) 0.603 0.103 5.83 0.000
School Mindset Norm 0.933 0.143 6.52 0.000
School Proportion Stereotyped Minority -0.556 0.223 -2.49 0.013
Treatment x Low Achievement -0.026 0.074 -0.36 0.721
Treatment x High Achievement -0.096 0.047 -2.04 0.041
Treatment x Mindset Norm 0.108 0.056 1.94 0.053
Treatment x Minority -0.025 0.106 -0.24 0.812
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6 Figures depicting variation in treatment effects (RQ4)

6.1 Bar chart depicting conditional average treatment effects by school achieve-
ment and mindset norms groups, estimated in the pre-registered mixed
effects model
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Achievement Level Growth Mindset Norm Estimate SE z p N Schools
Low Achievement Low Mindset Norm 0.008 0.058 0.13 0.894 698 7
Low Achievement High Mindset Norm 0.133 0.132 1.01 0.313 115 3
Medium Achievement Low Mindset Norm 0.050 0.035 1.44 0.149 2009 21
Medium Achievement High Mindset Norm 0.145 0.045 3.19 0.001 1197 11
High Achievement Low Mindset Norm -0.050 0.060 -0.82 0.410 660 7
High Achievement High Mindset Norm 0.045 0.043 1.05 0.293 2852 8
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6.2 Bar chart depicting conditional average treatment effects in STEM GPA
by school achievement and mindset norms groups, estimated in the pre-
registered mixed effects model
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Achievement Level Growth Mindset Norm Estimate SE z p N Schools
Low Achievement Low Mindset Norm -0.025 0.038 -0.65 0.514 1390 9
Low Achievement High Mindset Norm 0.152 0.092 1.64 0.100 232 3
Medium Achievement Low Mindset Norm 0.032 0.022 1.45 0.146 4005 24
Medium Achievement High Mindset Norm 0.091 0.030 3.02 0.003 2167 12
High Achievement Low Mindset Norm -0.031 0.039 -0.79 0.428 1301 8
High Achievement High Mindset Norm 0.033 0.025 1.31 0.190 3156 9
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6.3 Box plots depicting posterior distributions for conditional average treat-
ment effects estimated in the hierarchical Bayesian Additive Regression
Trees (BART) model
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6.4 Variation in growth mindset intervention impacts on core GPA across 65
schools
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Points and 95% confidence intervals report Empirical Bayes estimates.
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6.5 Variation in growth mindset intervention impacts on STEM GPA across 65
schools
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Points and 95% confidence intervals report Empirical Bayes estimates.
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7 Data on Implementation of the Intervention in the National
Sample

7.1 Overview of the student participation process

The participation process is depicted below in the Figure below. As it shows, the design of the study called
for schools to deliver both sessions of the intervention to all students in the school in the fall of 2015, and for
the two sessions to be roughly three weeks apart.

Figure 1: Study Overview.

Below, we present data on the actual timing of the intervention sessions in the schools.

The figures show that, overall, schools were quite compliant with the timing requests. Some schools, however,
implemented the intervention in the spring. Moreover, students varied in how long they had in between
sessions.

These descriptive statistics have three implications for our study. First, although our planned analysis was to
use 8th grade GPA as the prior achievement variable and 9th grade fall and spring as the outcome variable, in
some schools it was necessary to use fall 9th grade as the prior achievement variable. In sensitivity analyses,
we examine whether or not the choice of a prior achievement term affects our conclusions.

Second, note that some students received the treatment very late in the year, and it was not uncommon for
spring-implementation schools to deliver the second half of the treatment well into March–just two months
before the school year was over. This necessarily limits the potential for the treatment to affect their grades.
This problem is especially acute when considering that some schools only provided a year-end grade, not
broken out by semester. Therefore some students’ outcomes were already mostly determined before random
assignment. Thus, the treatment effect sizes in the study are conservative relative to what might be gained
with ideal timing of implementation.

Third, the relatively high rate of compliance overall testifies to the scalability of the treatment and to the
effectiveness of the study procedures designed by the reserach team and by the independent data collection
firm ICF International.
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7.2 Student survey response rates were quite high

The table below depicts descriptive statistics for the proportion of eligible students in the school who were
in the intent-to-treat sample. The few cases with very low response rates came from schools that required
signed consent from parents.

## Min. 1st Qu. Median Mean 3rd Qu. Max.
## 0.1200 0.9400 0.9800 0.9346 1.0000 1.0000

7.3 Timing of intervention sessions within the school year

Three quarters of schools implemented the intervention in the fall, as planned. Most schools were able to
follow the request to space the two treatment sessions 3 to 4 weeks apart.

Implementation Schools School Prop Students Student Prop
Fall 54 0.818 10372 0.773
Spring 12 0.182 3049 0.227

Implementation Proportion S1 Median S1 SD S1 N S2 Median S2 SD S2 N S1-S2 Med (days) S1-S2 SD
Fall 0.773 2015-09-17 22.431 10372 2015-10-12 22.951 9775 21 10.771
Spring 0.227 2016-01-26 13.114 3049 2016-02-18 15.901 2520 27 9.374
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7.4 How long did students spend on the intervention exercises?

Each treatment session took students about 25 minutes on average, for a total of 50 minutes overall. This is
notable because the primary analyses are looking for effects of this 50-minute experience on grades across all
core classes at the end of the school year, sometimes many months later.

The control group was shorter in session 1, corresponding to someone less content than in the treatment
condition. The control group was a longer in session 2 because students answered extra questions about the
classroom and school climate.

Session 1 Session 2
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## s1_minutes s2_minutes
## Min. : 0.00 Min. : 0.00
## 1st Qu.: 19.67 1st Qu.: 21.83
## Median : 24.03 Median : 26.22
## Mean : 25.36 Mean : 26.70
## 3rd Qu.: 28.40 3rd Qu.: 30.58
## Max. :113.60 Max. :113.60
## NA's :623 NA's :1826

Table 24: Session time by experimental group

Variable Trt Mean Trt SD Trt N Ctl Mean Ctl SD Ctl N Diff p Pooled SD d
s1_minutes 26.413 8.681 6334 24.325 7.898 6464 2.088 0 8.299 0.252
s2_minutes 25.860 9.109 5812 27.546 9.302 5783 -1.686 0 9.206 -0.183
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Variable Trt Mean Trt SD Trt N Ctl Mean Ctl SD Ctl N Diff p Pooled SD d

## Session Co mpletion

.
Started Session 1 1.000
Finished Session 1 (of all) 0.869
Started Session 2 (of all) 0.916
Finished Session 2 (of S2 starters) 0.792

Status Trt Mean Trt SD Trt N Ctl Mean Ctl SD Ctl N Diff p Pooled SD d
Started Session 1 1.000 NA 6702 1.000 NA 6719 0.000 0.890 0.000 NaN
Finished Session 1 0.847 NA 6702 0.891 NA 6719 -0.044 0.000 0.337 -0.131
Started Session 2 0.915 NA 6702 0.918 NA 6719 -0.003 0.525 0.277 -0.012
Finished Session 2 0.794 NA 6129 0.790 NA 6166 0.004 0.574 0.406 0.011
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8 Effects of the Intervention on Self-Reported Mindset

In supplementary analyses, we asked: beyond grades, did the treatment increase motivation and course-taking?

There were effects of the intervention on reporting a growth mindset (>4 on the 1-6 growth mindset scale)
for all students:

Mindset treatment impact on fixed mindset scale

Sample estimate stderr t dof p n n_schools ctl_mn ctl_sd
Full Sample -0.418 0.022 -19.010 46 0 11350 65 2.897 1.168
Lower-achievers -0.381 0.045 -8.489 46 0 5507 65 3.076 1.194
Higher-achievers -0.437 0.045 -9.707 46 0 5843 65 2.721 1.115

Mindset treatment impact on growth mindset (indicator)

Sample estimate stderr t dof p n n_schools ctl_mn ctl_sd
Full Sample 0.158 0.009 17.179 46 0 11350 65 0.511 0.500
Lower-achievers 0.147 0.016 8.962 46 0 5507 65 0.444 0.497
Higher-achievers 0.163 0.015 11.178 46 0 5843 65 0.577 0.494
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8.1 School Variation in Impacts on Fixed Mindset Scale

Summary of School Heterogeneity Estimates for Growth Mindset Outcome among Low-
achieving Students

Mean.Impact Impact.SE Impact.t tau tau.p.value.Q.method tau.p.value.permutations
-0.377 0.033 -11.269 0.099 0.443 0.247

The distribution of the estimate of tau across 999 permutations, with the observed value marked, is:

Histogram of ms_permuted_tau_values
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8.2 Observational association between pre-treatment fixed mindset and ad-
vanced mathematics in 10th grade among control students

Two observational analyses: bivariate correlation, and regression model predicting Algebra II or higher
mathematics with fixed mindset and control variables.

##
## Pearson's product-moment correlation
##
## data: analysis_df[analysis_df$treatment == 0, ][["s1_fixedmindset3"]] and analysis_df[analysis_df$treatment == 0, ][["alg2orabove_10th"]]
## t = -10.94, df = 3653, p-value < 2.2e-16
## alternative hypothesis: true correlation is not equal to 0
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