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Overview

The transition from middle school to high school can be challenging for adolescents as they are
faced with new academic challenges and an unfamiliar social environment. Students who success-
fully navigate this transition and pass their ninth-grade classes are far more likely to graduate from
high school with their peers and attend college than those who fail courses in the ninth grade. The
growing awareness of the importance of the first year of high school for future success has prompted
the development of interventions for ninth-graders.

One type of such intervention uses psychological tools to communicate to young people that their
brains can grow “stronger.” These positive beliefs about intelligence, often referred to as “growth
mindset” beliefs, are expected to result in academic resilience, which can lead to better academic
performance.

To test whether a growth mindset intervention could improve the academic performance of adoles-
cents, the National Study of Learning Mindsets (NSLM) implemented a low-cost growth mindset
intervention specifically designed for ninth-graders in a nationally representative sample of regular
high schools during the 2015-2016 school year. The national study used a student-level randomized
controlled trial design to gauge the impacts of this intervention on students’ mindsets about intelli-
gence, their own behaviors, and their academic achievements. With support from the Bill & Melinda
Gates Foundation, MDRC reviewed the data from the NSLM and conducted an independent
evaluation of this growth mindset intervention.

Key Findings
This evaluation found the following:

e The intervention changed students’ self-reported mindset beliefs, their attitudes toward efforts
and failure, and their views on academic challenges.

o Immediately after the intervention, students were more likely to take on challenging academic
tasks.

e The intervention produced statistically significant impacts on students’ average academic
performance, improving their average grade point average (GPA) as well as their math GPA,
and reducing the proportion of students with failing grades.

e Certain groups of students and schools might benefit more from the intervention than others.
These groups include students with relatively low academic achievement before the interven-
tion, schools in the midrange of the academic performance spectrum, and schools where stu-
dents are more inclined to take on challenging tasks.

These findings are substantively consistent with the results published by the NSLM research team.
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Introduction

Although graduation rates have improved in recent years, too many students still do not com-
plete high school. In the United States, over half a million adolescents fail to graduate high
school with their peers each year.! Without a high school diploma, these young people will face
more challenges in future education and career paths in an increasingly complex job market,
and are at higher risk of poverty.?

The transition from middle school to high school can be challenging for students. Many
stray off the graduation path when they first enter high school. Ninth-graders must adjust to
more demanding course work, develop relationships with new teachers and peers, and respond
to unprecedented academic expectations and social pressures. As a result, they may feel less
confident about their abilities as learners and struggle to overcome academic challenges.
Research shows that ninth-graders on average have the lowest grade point averages (GPAs) and
the most unexcused absences and misbehavior referrals compared with students in all other high
school grade levels.> Many who fall behind in ninth grade have a harder time recovering credits
and face a greater risk of dropping out. The University of Chicago Consortium for School
Research and others have shown that students who fail their ninth-grade classes are far less
likely to graduate from high school and attend college.* The growing awareness of the im-
portance of the first year of high school for future success has prompted the development of
interventions targeting ninth-graders.

One type of intervention is designed to improve students’ academic success by chang-
ing their attitudes and behaviors in relation to school and schoolwork. These interventions do
not provide students with academic instructions. Instead, they aim to alter their view about their
potential, their sense of belonging in a new environment, and their perception of challenges.
Rigorous evaluations have shown that this kind of intervention can have an impact on students’
academic outcomes.’> The growth mindset intervention evaluated here falls into this category.

Figure 1 illustrates how changing mindset beliefs can lead to changes in academic out-
comes. The growth mindset intervention uses online modules and exercises to convey the
message that individuals can change their intellectual ability by exerting effort, trying different
strategies, and seeking help. This shift from a “fixed mindset,” which holds one’s intelligence
cannot be changed, to a “growth mindset,” which holds the contrary, is expected to motivate
students to take on more academic challenges and to overcome difficulties they encounter at
school. These changes in mindsets and behaviors are expected to improve their academic
achievement.

"McFarland, Stark, and Cui (2016).

2Goldin and Katz (2008); Hanushek and Woessmann (2008).
3McCallumore and Sparapani (2010).

4Allensworth and Easton (2005).

3See Yeager and Walton (2011) for a review.



Figure 1

How a Growth Mindset Intervention Is Expected to Affect Student Outcomes

If the student believes her intelligence is
fixed

“|am stupid at this. | shouldn’t
even bother trying.”

Decreased effort

Diminished academic engagement and
performance

EXAMPLE OF ADVERSITY
Student receives a poor grade on an
assignment or exam

MINDSET

PSYCHOLOGICAL
INTERPRETATION

BEHAVIORAL
RESPONSE

ACADEMIC
OUTCOME

SOURCE: Copied with permission from the
Mindset Scholars Network (October 2019)



The specific version of the growth mindset intervention under evaluation here was de-
veloped, implemented, and studied by an interdisciplinary team of psychologists, sociologists,
education researchers, statisticians, and economists at major universities around the United
States (collectively referred to as the National Study of Learning Mindsets [NSLM] research
team), with the support of the Mindset Scholars Network and the Center for Advanced Study in
the Behavioral Sciences.® This version was adapted from previous growth mindset interventions
to address the specific challenges that occur in the transition to high school, such as changes in
self-perceptions of academic abilities and increased academic rigor.” The NSLM implemented
this intervention in a nationally representative sample of regular high schools in a student-level
randomized controlled trial during school year 2015-2016. Box 1 provides more information
about the national study.

In 2018, the Mindset Scholars Network invited MDRC to review the data collected for
the national study and to conduct an independent evaluation of the growth mindset intervention.
Specifically, MDRC reviewed the data provided by the NSLM research team and verified the
data-processing method. The MDRC team then conducted independent data analyses following
the research approach outlined in the preregistered analysis plan for the NSLM study.® The
MDRC analyses focused on the following questions proposed in the plan:

o What was the average impact of a growth mindset intervention on the mind-
set beliefs, challenge-seeking behaviors, and academic achievement of ninth-
grade students in regular U.S. public high schools?

o How did the impact of a growth mindset intervention on ninth-graders’ aca-
demic achievement vary among students?

o How did the impact of a growth mindset intervention on ninth-graders’ aca-
demic achievement vary among schools?

The rest of this report presents the findings for each of the research questions. The
MDRC team also documented the data-processing procedures used to create the analytic data
file for its reevaluation of the study.’ A restricted-use data file will be made available to the
research community and will provide an opportunity for other researchers to make further use
of this data set.

®Mindset Scholars Network (2015b).

7Aronson, Fried, and Good (2002); Good, Aronson, and Inzlicht (2003); Blackwell, Trzesniewski, and
Dweck (2007); Paunesku et al. (2015); Yeager et al. (2016).

8The preregistered analysis plan for the NSLM can be found at https:/osf.io/tn6g4.
The construction of the key variables used in the MDRC analyses is summarized in Appendix A.



Box 1
The National Study of Learning Mindsets

A Growth Mindset Intervention Tailored for Ninth-Graders*

The intervention consists of two 25-minute, self-administered online modules designed to
communicate the message that the brain can grow “stronger” in response to efforts such as
trying new strategies and seeking help from experts. This stronger brain can help students
achieve meaningful goals. Students were also asked to internalize the message by teaching it to
a future struggling ninth-grader. All materials were written for the vocabulary, conceptual
sophistication, and interests of adolescents entering high school and use arguments that might
be most relevant or persuasive for 14- to 15-year-olds.

Ninth-Graders from a Nationally Representative Sample of High Schools’

The NSLM research team worked with a third-party data-collection and research firm — ICF
International — to select a sample of 139 high schools through stratified random sampling
from a national high school population of 11,221 regular public high schools that met a certain
set of criteria. Among them, 76 schools agreed to participate in the study, and 65 of these 76
schools provided records data to ICF. In schools with 300 or fewer ninth-graders, all students
were included in the sample. In schools with more than 300 ninth-graders, the study randomly
sampled a set of required core classes to ensure approximately 300 students (or about 10
classes) from the school would be included in the sample. Findings can be considered to
represent ninth-graders in the national population of regular public high schools in the United
States.

A Student-Level Randomized Controlled Trial

In the fall of 2015, sample students were asked to participate in online training on the topic of
brain development. When students logged into a computer system, the system randomly
assigned them with equal probability to either receive the intervention (the program group) or
not (the control group). While the study was in progress, no person in the study knew what
group any student belonged to. Students in the program group received the online modules
about the growth mindset and were asked to answer reflective questions in a survey. Students
in the control group read a brief article about the brain and were also asked to answer survey
questions. Instead of learning about the brain’s malleability, control group students learned
about basic brain functions and the areas of the brain responsible for them. The two experi-
mental conditions were designed to look very similar to prevent students and instructors from
knowing which groups they were in and to discourage students from comparing their materi-
als. Later in the school year, these study participants were asked to complete a second module
designed the same way.

NOTES: *Yeager et al. (2016).

Specifically, eligible schools were regular public high schools that were not charter schools, schools
serving special populations, alternative schools, institutions of adult education, or schools run by the
Department of Defense or the Bureau of Indian Affairs. High schools with grades lower than ninth or
with fewer than 25 ninth-graders were also excluded. See Tipton, Yeager, lachan, and Schneider (in
press) for additional details about the sampling frame and the stratified probability sampling process used
for school selection.




Impact Findings for All Students

The MDRC team used a sample that slightly deviates from that of the NSLM: Two schools
were excluded because the course-grade information they provided was vague for course names
and grading periods, and including this information would require additional assumptions for
the data interpretation. The final sample used by the MDRC team consists of 11,888 ninth-
graders from 63 high schools across the United States. This sample is limited to students with
nonmissing GPA scores at the end of ninth grade. Among these students, 5,916 (49.76 percent)
were randomly assigned to the program group, while 5,972 (50.24 percent) were randomly
assigned to the control group.!® This section presents findings on the impacts of the growth
mindset intervention based on data from this sample of students.

e The intervention changed students’ self-reported beliefs about intelli-
gence as intended.

The growth mindset intervention was designed to change students’ beliefs about the
malleability of their intelligence. Several survey questions embedded at the end of the second
online session captured different aspects of this belief. Responses to these questions are on a
scale of 1 (“strongly disagree”) to 6 (“strongly agree”), and higher values in the responses
indicate stronger beliefs in a fixed mindset. Figure 2 shows that the program group students’
responses to these questions differ from those of their control group counterparts.

For example, compared with the control group, the program group students were less
likely to agree with statements such as “You have a certain amount of intelligence, and you
really can’t do much to change it,” and “Your intelligence is something about you that you can’t
change very much.” They were also less likely to hold the belief that “being a ‘math person’ or
not is something that you really can’t change. Some people are good at math and other people
aren’t.” The differences in the responses to these questions between the two groups range from
0.22 to 0.36 standard deviations in effect size and are all statistically significant. The interven-
tion also changed students’ views on learning and schooling: The program group students were
less likely to think that one of their main goals was to avoid looking “dumb” in front of their
peers.

There is also some evidence that the intervention might have changed students’ atti-
tudes toward failure. Students were asked, about a hypothetical failure in math, whether “This
means | am probably not very good at math” or whether “I can get a higher score next time if [
find a better way to study.”'" Their responses to these two statements measure their beliefs in
the view that failures only confirm their lack of ability. The last two rows in Figure 2 show that
the intervention affected students’ responses to the first statement but not to the second.

19Appendix B provides detailed information about the characteristics of this sample of schools and stu-
dents.

'To make its values align with those of other outcome measures, the responses to this last question were
“reverse coded,” meaning that a higher value indicated stronger fixed mindset beliefs and vice versa.



Figure 2
The Intervention Changed Students’ Attitudes and Beliefs

Estimated Impact

in Effect Sizes

You have a certain amount of intelligence, and you really can’t do

much to change it. -0.26 ™
Your intelligence is something about you that you can’t change -
very much. -0.22
Being a math person or not is something you can't really change.

Some people are good at math and other people are not. -0.36 ***
One of my main goals for the rest of the school year is to avoid

looking dumb in my classes. -0.10 ***
This means | am probably not very good at math. 0.08 ***
| can get a higher score next time if | find a better way to study. 4.54

(reverse coded) 4.53 0.01

1.00 2.00 3.00 4.00 5.00 6.00
mProgram  OControl

SOURCE: MDRC calculations based on student responses to survey questions embedded in the second online session.

NOTES: Individual student responses were presented on a scale from 1 to 6, ranging from “strongly disagree” (= 1) to “strongly agree” (= 6).

The sample includes ninth-grade students in the 63 sample schools for whom ninth-grade achievement information is available. The number of
observations ranges from 10,642 to 10,690 due to different response rates across these variables.

A two-tailed t-test was applied to each estimated impact. Statistical significance is indicated by the following: *** denotes a p-value < 0.01, ** denotes a p-
value < 0.05, and * denotes a p-value < 0.10.



The intervention also changed students’ challenge-seeking intentions. The survey asked
students to choose between the following:

e An easy review that has math problems they already know how to solve, and
they will probably get most of the answers right without having to think very
much

e A hard challenge that has math problems they don’t know how to solve, and
they will probably get most of the problems wrong, but they might learn
something new

Fifty-one percent of the program group students said they would choose the hard chal-
lenge, while only 38 percent of the control group students said so.!? This difference is an
indication that the program group students were more likely to believe that their ability can be
changed by taking on challenging tasks.

Overall, these results show that the intervention pushed students’ self-reported beliefs
from a fixed mindset toward a growth mindset and changed their view of academic challenges
as intended. Students’ responses to these questions were collected right at the end of the second
online session, so it is possible that they were giving socially desirable answers, and the ob-
served differences in their responses might not reflect their true beliefs. Longer-term follow-up
data could help assess this possibility.

e Students were more likely to take on challenging academic tasks after
the intervention.

People with a growth mindset believe that working through challenges is a way to in-
crease ability; therefore, they are more likely to pursue challenging academic material.!* To test
this hypothesis, the study administered a “Make a Math Worksheet” task to all students toward
the end of the second online session. This task asked students to create a math worksheet by
selecting math problems with different difficulty levels.!* The choices include “easy” items that
are probably below their ability level and they probably will not learn much from, “moderate”
items that are suitable for their ability levels and they might learn a medium amount from, and
“hard” items that may be challenging but from which they might learn a lot. The easy item
carries a value of 1 for difficulty level, and the difficulty values for the moderate and hard items
are 2 and 3, respectively.

Analyses of the number of items each student chose and their corresponding difficulty
levels demonstrate that the intervention led students to take on more academic challenges. The
program group students picked more hard items and fewer easy items than the control group

12The p-value is less than 0.001 for this estimated impact.
BDweck and Leggett (1988) and Mueller and Dweck (1998).

14Students were told later in the module that they did not have time to complete the worksheet, so they did
not have to solve the problems.



students did. On average, the program group students selected about 0.5 more hard items than
the control group students; about 39 percent of the program group students chose more hard
items than easy items, compared with about 31 percent of the control group students who did
so. The average difficulty level of the items chosen by the program group students was about
0.1 point (on a 1 to 3 scale) higher than that of control group students’ choices, and the total
difficulty level across all items chosen by the program group students was 1.09 points higher
than that of the control group students’ choices. All of these differences are statistically signifi-
cant."

e The intervention produced positive impacts on students’ academic per-
formances.

Using school records, the team constructed three measures to capture students’ postpro-
gram academic performances.'® These measures are as follows:

o Average GPA: This is a continuous measure of student grades. It ranges
from 0 to 4.3 points and is calculated as the average grade across four core
subject areas: math, English/language arts, science, and social studies. It
summarizes a student’s overall academic performance and is the key out-
come of interest.

e Poor-performance indicator: This is a binary variable indicating whether a
student has an average grade of 1.0 or lower. It serves as a proxy for whether
a student is academically on track and is often used by schools as an early in-
dicator of success in high school. This measure, especially when used for
ninth-graders, is of policy relevance because many states have adopted it as a
key metric for school accountability as a result of the Every Student Suc-
ceeds Act (ESSA).

o Math GPA: This is the grade for the core math course. Math is considered a
key subject that could influence students’ performance in other courses and
their general academic performance.!” There are also societal stereotypes
about fixed math intelligence, which raises interest about whether this inter-
vention could affect students’ math performance.

In schools where the intervention occurred in the fall of 2015, these outcomes are calcu-
lated based on the average of the fall and spring semester grades; in schools where the interven-
tion took place in the spring of 2016, they are calculated based on the spring semester grades
only.

15 Appendix Table C.1 presents details of these findings.
1Details about core course coding and the construction of these outcome measures are in Appendix A.
"Lee (2012).



Figure 3 demonstrates that the growth mindset intervention produced statistically signif-
icant effects on all three achievement measures.!® Specifically, it produced a 0.05 point impact
on students’ average GPA (effect size = 0.04), increasing it from the 2.55 points that they would
have scored in the absence of the intervention (the control group) to 2.59 points with the
intervention (the program group). Relatedly, the intervention significantly reduced the number
of students scoring GPAs of 1.0 or below from 32.1 percent to 29.7 percent, a decrease of 2.4
percentage points, representing a risk reduction of 7.5 percent.!” The intervention also had a
positive effect on students’ math GPA, increasing it from 2.42 points to 2.48 points on average
(effect size = 0.05).

Impact Variation Among Student Subgroups

Prior studies suggest that the growth mindset intervention could be particularly beneficial for
some students. For example, studies have found that interventions targeting student growth
mindset might be especially helpful for academic underperformers because these students might
encounter more academic difficulties, and the growth mindset intervention could affect their
interpretation of these difficulties and help them better cope with the challenges. These under-
performers also might have a larger-than-average margin for improvement in their academic
performances.?

Similarly, students who started out with stronger fixed mindset beliefs might be more
likely to have their attitudes and beliefs affected by the intervention because they have a large
margin for change, and such changes might lead to larger gains in their academic performance.
However, it might also be harder for such a brief intervention to affect individuals’ strong
beliefs. Research has shown that the growth mindset program could have a differential benefit
for other students who might suffer from stereotypes that cast them as not academically strong
because of who they are or their family background. For example, students of color, girls, and
students from families who live in poverty all could have their learning suppressed by negative
stereotypes that claim they likely cannot succeed academically; girls in particular face negative
stereotypes about their abilities in math.?! The growth mindset beliefs might enable these
students to overcome such social identity concerns, and they, in turn, might benefit from the

BAll findings remain statistically significant at the 5 percent level with the Benjamini-Hochberg adjust-
ment to account for testing multiple hypotheses (Hochberg and Benjamini, 1990).

19The risk reduction rate is calculated as the ratio between reduction (2.4 percent) and counterfactual level
(32.1 percent).

20Paunesku et al. (2015).

21 Aronson, Fried, and Good (2002); Good, Aronson, and Inzlicht (2003); and Blackwell, Trzesniewksi,
and Dweck (2007). There is some evidence that these students had stronger fixed mindset beliefs than their
counterparts before the intervention: The preprogram fixed mindset measure (based on two survey questions,
on a | to 6 scale, with higher values indicating stronger fixed mindset beliefs) was 2.72 for girls and 2.68 for
boys, 2.80 for minority students and 2.57 for white students, and 2.86 for students eligible for free or reduced-
price lunch and 2.53 for those who were not eligible.
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Figure 3

The Intervention Increased Students’ Average and Math GPAs
and Reduced the Proportion of Students with Poor Performance (All Students)

Average GPA Poor Performance Math GPA
100 ~
40 - 4.0 1
80 -
>
3.0 - Impact = 0.05*** s 3.0 1 Impact = 0.06***
S 60 .
[
< o
% 2.55 o é 242
2.0 1 & 40 - Impact = -2.4*** 2.0 1 '
10 - 00 | 321 10 -
0.0 4 I 0 - 0.0 -

m Program OControl

SOURCES: Student responses to survey questions before the first online module and student record data from school years 2014-2015 and
2015-2016.

NOTES: GPA is grade point average. The sample includes ninth-grade students in the 63 schools for whom ninth-grade achievement information is
available. The number of observations is 11,888 for average GPA and the poor-performance indicator and 10,853 for math GPA.

Poor performance is indicated when average GPA is 1.0 or lower.

The GPA is measured on a scale of 0.0 to 4.3.

A two-tailed t-test was applied to each estimated impact. Statistical significance is indicated by the following: *** denotes a p-value < 0.01,
** denotes a p-value < 0.05, and * denotes a p-value < 0.10.



intervention more than their peers who do not face negative stereotypes about their groups. This
study explored these hypotheses by examining whether the program’s effects on students’
academic achievement vary across subgroups of students.

e The program impacts varied by students’ academic backgrounds: The
program had an effect on academic performance for lower-performing
students, but not for higher-performing ones.

To explore the hypothesis that the growth mindset intervention might be especially
beneficial for academic underperformers, the team defined a student as lower-performing if his
or her preprogram average GPA was lower than the median GPA level in the school and as
higher-performing if the preprogram GPA was higher than the school median.?

Figure 4 shows that the intervention produced effects on all three outcomes for the
lower-performing students, increasing both their average GPA and their math GPA by 0.06
GPA points (effect sizes = 0.05) and reducing the proportion of students with poor
performances by 3.3 percentage points. The impacts on the higher-performing group, in
contrast, are virtually zero. The differences in impacts between these two subgroups are
statistically significant for two of the three measures.

e The impacts of the intervention did not differ across other subgroups
defined by students’ background characteristics or beliefs about intelli-
gence when they joined the study.

The program impacts on academic outcomes experienced by students starting out with
stronger fixed mindset beliefs,? students of color, girls, and students eligible for free or re-
duced-price lunch (FRPL) were not different from those experienced by students starting out
with weaker fixed mindset beliefs, white students, boys, or students not eligible for FRPL,
respectively.?* These results are somewhat surprising given that one might expect some of these
groups to have had a larger margin for mindset changes than others, so they might also have
been expected to benefit more from an intervention targeting fixed mindset beliefs. This no-
difference finding is especially surprising for the subgroups defined by students’ preprogram
fixed mindset beliefs. In fact, the program impacts on students’ postprogram fixed mindset
beliefs and their challenge-seeking behavior vary significantly by students’ initial mindset

22Subgroups were defined based on students’ preprogram GPAs. Students without a preprogram GPA
were excluded from the analysis reported here. As a sensitivity test, the team used a profile analysis routine in
MPlus to impute the group assignment for students with missing preprogram GPAs. Subgroup impact
estimates based on the imputed subgroup designation are similar to those reported here (Panel A of Appendix
Table C.2).

BStudents are defined as having stronger fixed mindset beliefs if their self-reported fixed mindset ratings
were higher than the school median rating.

24Appendix Table C.2 presents impact findings on academic outcomes for these student-level subgroups.
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Figure 4

The Intervention Improved Academic Performance for Lower-Performing Students
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SOURCES: Student responses to survey questions before the first online module and student record data from school years 2014-2015 and 2015-2016.

NOTES: The sample includes ninth-grade students in the 63 schools for whom pre- and postprogram achievement information is available. Students whose
preprogram GPAs were below their school median GPAs are in the lower-performing subgroup, and those with preprogram GPAs above school medians are in the
higher-performing subgroup.The number of observations for lower-performing students is 5,503 for average GPA and the poor-performance indicator and 4,992 for
math GPA. The number of observations for higher-performing students is 5,274 for average GPA and the poor-performance indicator and 4,787 for math GPA.

The GPA is measured on a scale of 0.0 to 4.3.

Poor performance is indicated when average GPA is 1.0 or lower.

A two-tailed t-test was applied to each estimated impact. Statistical significance is indicated by the following: *** denotes a p-value < 0.01, ** denotes a
p-value < 0.05, and * denotes a p-value < 0.10.

Two-tailed t-tests were used to test differences in estimated impacts between the two subgroups. The p-values for the differences in impacts between the two
subgroups are 0.001 for the average GPA, 0.004 for the poor-performance indicator, and 0.320 for math GPA.



rating, but this variation is not observed for the program impact on student achievement.? In
addition, students’ initial fixed mindset belief rating is only weakly associated with their
academic achievement level before the intervention, which means that students in the lower-
performing subgroup are not necessarily those in the strong initial fixed mindset subgroup.?® In
fact, about 49 percent of lower-performing students reported weak fixed mindset ratings before
the intervention. These factors might offer some clues to the pattern of findings reported here.

Impact Variation Among School Subgroups

Assessing of the relationship between program impact and various school characteristics can
help answer the question “What types of schools might benefit the most from the growth
mindset intervention?” This section follows the preregistered analysis plan and focuses on
schools’ prior achievement levels as a moderating factor for impact variation, but it also
explores other moderating factors, such as the growth mindset climate in schools.

o The impacts of the growth mindset intervention on academic outcomes
are moderated by the school’s overall prior academic achievement level.

The preregistered analysis plan of the NSLM study hypothesized that schools with the
lowest level of past academic achievements might not benefit much from the growth mindset
intervention because they might not have adequate instructional resources to support student
mindset change. Further, even if the program affected student mindset beliefs, it may be less
consequential in schools with inadequate instruction or an unsafe environment. In contrast,
schools in the middle range of the achievement distribution are expected to produce large
effects, especially for previously lower-performing students, because these schools might
already have adequate resources and a supportive environment, and they can benefit from an
improvement in students’ motivation that comes from the shift from fixed to growth mindset
beliefs due to the intervention. The prediction for the high-performing schools is less clear:
These schools could have a “ceiling effect” since they are already performing well academically
and there is limited room for improvement. On the other hand, these schools could stand to
benefit from a change in the mindset culture if they have all the right academic conditions and
had a fixed mindset culture before the intervention.

The NSLM research team constructed the measure of school achievement level with
data from multiple sources and divided schools in the targeted national population into three
subgroups based on this measure: low-level schools whose achievement measure is in the
bottom 25th percentile among all sample schools, medium-level schools that are in the 25th to

20ne unit change in the preprogram fixed mindset rating is associated with a 0.07 point reduction in the
program impact on the postprogram fixed mindset rating (p-value = 0.003), and is associated with a reduction
of 0.08 (the number of hard questions chosen) in the program impact on challenge-seeking behavior (p-value =
0.059). The association between the preprogram fixed mindset rating and the program impact on GPA is not
different from zero.

26The correlation between these two measures is -0.16.
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75th percentile range, and high-level schools that are in the top 25th percentile.?” Among the 63
schools used in the MDRC evaluation, 12 are in the low-performing category, 36 are in the
medium group, and the remaining 15 are in the high-performing group.

Figure 5 shows that the schools with medium-level achievement experienced positive
and significant impacts on students’ average GPA, while the impacts on the schools with lower
or higher achievement levels were much smaller in magnitude and are not statistically different
from zero. This pattern holds for all students (Figure 5, top panel) and for the lower-performing
students (Figure 5, bottom panel). Findings for the other two academic outcomes are presented
in Appendix C. The difference in the impacts between the medium-level schools and other
schools is statistically significant for two of the three academic outcomes for all students and is
statistically significant for one of the outcomes for the lower-performing student group.?®
Overall, these results suggest that schools in the middle range of the prior achievement distribu-
tion could benefit more from the intervention than those with lower or higher achievement
levels.

o The impacts of the growth mindset intervention on academic outcomes
vary by the prevalence of student challenge-seeking behavior in the
school.

Schools with a culture that is supportive of growth mindset beliefs and challenge-
seeking behaviors could provide a favorable environment to sustain and enhance the behavioral
changes induced by the growth mindset intervention and could lead to improved academic
performances.

Following the preregistered analysis plan, this study uses two measures to capture
schools’ growth mindset environment. The first measure is a school average fixed mindset
rating based on all students’ responses to two relevant questions asked before they started
viewing the training materials during the first online session.?” This measure is subjective and is
dependent on an individual’s interpretation of a fixed mindset; therefore, it could potentially

Y’These sources include the average state test scores for schools obtained from the Great Schools website,
school average PSAT scores and Calculus AB and English (literature and language) AP participation rates
obtained from the College Board, and state proficiency levels for math and reading for the eighth grade
obtained from the National Assessment of Educational Progress (NAEP). See Tipton, Yeager, lachan, and
Schneider (in press) for more details.

BDetails of these findings are in Appendix Table C.4. For all students, the p-values for the differences in
impacts between these two groups are 0.111, 0.076, and 0.027 for average GPA, poor-performance indicator,
and math GPA, respectively; for lower-performing students, the p-values are 0.278, 0.056, and 0.308 for the
same set of outcomes.

The two questions asked to what extent they agreed with the statements “You have a certain amount of
intelligence, and you really can’t do much to change it,” and “Your intelligence is something about you that
you can’t change very much.” Students’ responses to these two questions from both the program and control
groups are averaged across the questions and aggregated to the school level to capture the prevalence of fixed
mindset thinking, or mindset environment, in a school.
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Figure 5

Program Impact Varies by School's Previous Achievement Level,
for All Students and for Lower-Performing Students
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Figure 5 (continued)

SOURCES: Student responses to survey questions before the first online session and student record data
from school years 2014-2015 and 2015-2016.

NOTES: GPA is grade point average, measured on a scale of 0.0 to 4.3. The sample for the top panel
includes ninth-grade students in the 63 schools for whom ninth-grade achievement information is available.
The sample sizes are 1,687, 6,287, and 3,914 for low, median, and high previous school achievement levels,
respectively.

The sample for the bottom panel includes ninth-grade students in the 63 schools for whom both pre- and
postprogram achievement information is available and whose preprogram average GPAs were below their
school median GPAs.The sample sizes are 778, 2,883, and 1,842 for low, median, and high previous school
achievement levels, respectively.

A two-tailed t-test was applied to each estimated impact. Statistical significance is indicated by the
following: *** denotes a p-value < 0.01, ** denotes a p-value < 0.05, and * denotes a p-value < 0.10.

Two-tailed t-tests were used to test differences in estimated impacts between the medium group and the
low and high groups combined. For all students, the p-value for the differences in impacts is 0.111. For
lower-performing students, the p-value for the differences in impacts is 0.278.

suffer from reference bias.*® The second measure uses the average number of challenging math
problems chosen by the control group students for the “Make a Math Worksheet” task at the
end of the second online session to measure the prevalence of challenge-seeking behavior in a
school. It measures the mindset environment through “action” instead of “belief,” and therefore
it is more objective and less likely to suffer from reference bias. A school is categorized as
having a “more/less supportive climate for growth mindset” if its average fixed mindset rating is
below/above the median value across all participating schools or if its challenge-seeking
behavior value is above/below the median.

Figure 6 shows that there is some evidence that schools with a more supportive envi-
ronment for growth mindset might benefit more from the intervention.?! When school environ-
ment was measured by the prevalence of challenge-seeking behavior in schools, the program
produced a positive and statistically significant impact on average GPA (effect = 0.09 points,
effect size = 0.08) for students in the more supportive schools, while the impact for the less
supportive schools was virtually zero (Figure 6, top panel).

However, when the study schools were split into two subgroups based on their average
self-reported fixed mindset beliefs, the impacts of the growth mindset intervention did not differ
between the two subgroups: For all students, the estimated program impacts on the average
GPA were 0.04 points (effect size = 0.04) for both subgroups, and the difference in impacts
between these two groups was virtually zero (Figure 6, bottom panel). While there is no clear
explanation for the different findings between these two sets of subgroup analyses, the correla-
tion between students’ challenge-seeking behavior and their fixed mindset belief ratings

3Duckworth and Yeager (2015). Reference bias here refers to the kind of distortion in responses that
comes from students holding different standards (in this case, different understandings of fixed mindset beliefs)
by which they make judgments.

31 Appendix Table C.4 provides findings for all students, as well as for lower-performing students. The
patterns of the findings are essentially the same for these two samples.
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Figure 6

Program Impact Varies by the Prevalence of Challenge-Seeking Behavior
in School, but Not by School Average Fixed Mindset Belief (All Students)

Prevalence of Challenge-Seeking Behavior
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SOURCES: Student survey responses and student record data from school years 2014-2015 and
2015-2016.

NOTES: GPA is grade point average, measured on a scale of 0.0 to 4.3. The sample for the top panel includes
ninth-grade students in the 63 schools for whom ninth-grade achievement information is available. The sample
sizes are 5,064 and 6,824 for the subgroups of schools with low and high prevalence of challenge-seeking
behavior, respectively. The sample sizes are 7,133 and 4,755 for the subgroups of schools with weak and
strong fixed mindset beliefs, respectively.

A two-tailed t-test was applied to each estimated impact. Statistical significance is indicated by the
following: *** denotes a p-value < 0.01, ** denotes a p-value < 0.05, and * denotes a p-value < 0.10.

Two-tailed t-tests were used to test differences in estimated impacts between the two subgroups. The p-
value for the difference in impact between the two subgroups defined by fixed mindset belief ratings is 0.956;
the p-value for the difference in impact between the two subgroups defined by the prevalence of challenge-
seeking behaviors is less than 0.001.
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among the control group students is only -0.06 across students and is -0.46 across schools,
suggesting that these two measures might be capturing different aspects of the school mindset
environment.

Discussion

The impact findings show that the growth mindset intervention implemented by the NSLM
study significantly changed students’ self-reported attitudes about their mindset, moving them
more toward the growth mindset beliefs and away from the fixed mindset beliefs. It also led
them to be more likely to take on challenging academic tasks. Most important, the intervention
improved the academic performance of ninth-graders in a nationally representative sample of
public high schools: It increased the average GPA of a typical ninth-grader by around 0.05
points, or 0.04 standard deviations in effect size. The intervention also reduced the probability
of failing core courses by about 2.4 percentage points for the average ninth-grader. These
findings are substantively consistent with the findings reported by the NSLM research team.>*

The magnitude of these impact findings is on par with the impacts on academic out-
comes reported by other high school interventions. For example, 16 high school-level interven-
tions supported by the federal Investing in Innovation (i3) fund report an average effect of 0.05
standard deviations in effect size on student academic outcomes.* This effect size of the impact
on average GPA is also equivalent to about the 40th percentile in the distribution of effect sizes
based on impacts on 481 academic outcomes reported by 242 randomized controlled trials of
educational interventions across grade levels.**

It is important to consider the cost of the intervention when interpreting the magnitude
of its impacts. The growth mindset intervention is brief and requires a total of less than an hour
of training time from students. It is easily expanded to a larger scale, as demonstrated by the
NSLM study. Most important, it can be delivered potentially at no material cost because the
materials will be freely available and can be delivered through the internet, and it does not
require professional development for school staff members. These attributes are in stark contrast
with many successful educational interventions that are resource-intensive. For example, one
study found that the median per-pupil cost of 68 educational interventions is $882.3 The
Enhanced Reading Opportunity Study, an evaluation of supplemental literacy programs
targeting lower-performing ninth-grade students, found that the programs improved students’
GPAs in core subject areas by an effect size of 0.07 standard deviations at a cost of $1,931 per
student per year.*

32Yeager et al. (2019). Appendix D provides more detailed comparisons of the key findings from these
two studies.

33This calculation is based on numbers reported in Appendix D of Boulay et al. (2018).

3Kraft (2018), Table 1.

3Kraft (2018), Table 1.

36Somers et al. (2010).

18



This study also identified, through subgroup analyses, certain types of students and
schools whose academic performances might benefit most from the growth mindset interven-
tion. Such groups include students with relatively low academic achievement before the
intervention, schools in the midrange of the academic performance spectrum, and schools where
students are more inclined to take on challenging tasks. This is useful information for policy-
makers and practitioners seeking to implement the intervention. More moderation and media-
tion analyses, although beyond the scope of the current evaluation, could provide insight on
other mechanisms at work and could help better target the intervention and improve its effec-
tiveness. In addition, while this evaluation was able to focus only on the immediate impacts of
the intervention, it would be of interest to follow up with the sample students and collect their
longer-term outcomes to see if the observed effects are sustainable over time.
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Appendix A

Data Processing and the Construction of Key Measures






Working with the National Study of Learning Mindsets (NSLM) research team, the MDRC
team processed the student-level transcript data collected by ICF International and constructed
outcome measures based on these data. This appendix summarizes this process and provides
brief descriptions of other data used in the current study. Details about the data-processing and
measure-construction procedures can be found in the documents accompanying the restricted-
use file created for this study. The restricted-use file will be deposited with the Inter-university
Consortium for Political and Social Research (ICPSR) at the University of Michigan.

Processing Student Course Grade Data

The role the MDRC team played at the data-processing stage was to standardize the core course
grades reported in each school’s transcript data so that common measures of student academic
performances could be constructed from these data and used for analysis purposes. The MDRC
team carried out this task in two steps: First, the team identified course grades for each of the
four core subject areas of interest for each grading period. These four areas are Eng-
lish/language arts, math, science, and social studies — the core subject areas that students need
to cover to fulfill graduation and diploma requirements. Second, the team identified the pre- and
postprogram period for each school based on the timing of the intervention. Results from these
two steps were then used to construct the grade point average (GPA) for the period before and
immediately after the intervention. The team conducted these processes without knowledge of
students’ program status and the potential impacts of various coding decisions. This process is
summarized below.

Step 1: Identifying Courses in Core Subject Areas

The transcript data were provided to the study by many different districts with many
different naming conventions for course titles. The MDRC team followed an iterative process to
standardize the course data and identify courses for each of the core subject areas for each
grading period by school.

To begin, to the extent possible, the MDRC team relied on course descriptions and
course names in a school’s course catalogs to identify core classes offered by each school. For
schools with no available catalog, the team compiled a generic list of required courses for each
subject area based on information from the following documents:

e National Forum on Education Statistics. 2011. Prior-to-Secondary School
Course Classification System: School Codes for the Exchange of Data
(SCED) (NFES 2011-801). Washington, DC: National Center for Education
Statistics, U.S. Department of Education.

e Bradby, Denise, Rosio Pedroso, and Andy Rogers. 2007. Secondary School
Course Classification System: School Codes for the Exchange of Data
(SCED) (NCES 2007-341). Washington, DC: National Center for Education
Statistics, U.S. Department of Education.
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Since the team did not have access to any middle school course catalogs, a generic list
was also generated for Grade 8 courses based on the above sources.

When a course name matched with the course catalog or the generic list, the team coded
the course accordingly. When the course name did not match with courses in either source, the
team made a judgment call by examining cross-tabulations of course enrollments in each
grading period. For example, a course titled “Geo” could be geometry (math), geology (sci-
ence), or geography (social studies). But if the cross-tabulations showed that “Geo” was
mutually exclusive with Algebra 1 or 2 and often occurred with biology and world history, then
the coders might infer that the course was geometry, not geology or geography. The MDRC
team developed routines for flagging ambiguities so that these decisions were recorded and
explained, and the course coding can be reproduced.

Next, this course-level file was merged with the student-level course file, and students
with missing core courses were flagged. The team used two approaches to identify potential
core courses for these students. First, the team examined the course-taking patterns of these
students to see if they were enrolled in foundational courses in core subject areas. Taking these
courses was considered as fulfilling graduation requirements even though these courses were
usually not listed as core courses in the catalog. Hence, the team manually recoded these
courses to corresponding core subject areas. Second, the team used text patterns to detect all
courses that could potentially be core courses and manually recoded the course designations if
two coders agreed on the decisions.

At the end of this step, the team created a student-level data file that contained course
grades for each of the four core subject areas.

Step 2: Identifying Grading Period and Calculating Grades

One wrinkle in identifying the grading period was that some schools reported multiple
grades for a given course in a marking period. This situation could occur, for example, if the
school reported cumulative grades, quarter grades, and final grades; if the school allowed
students to retake a course and reported both grades; or for other reasons. The team identified 10
schools with more than 5 percent of their students affected by the multiple-grade issue in either
eighth grade or ninth grade. After consultation with the NSLM research team and having ICF
make contact with some schools again for clarification, the MDRC team devised custom
school-based rules that dictated how to determine which grade was a student’s isolated semester
grade for a given course, largely resolving this issue for 8 of the 10 identified schools. There
were no clear solutions for the remaining two schools, and the team decided to exclude them
from the analyses reported here.!

IFor schools that have less than 5 percent students with multiple grades, the team used the average across
the multiple grades as the final grade for a given course in a grading period for the affected cases.
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Next, the team standardized all numeric and letter grades across all the schools to a
scale of 0 to 4.3. The conversion made a priority of the letter grades and only used the numeric
grades if the letter grades were not reported.

After the conversion, the team standardized grading periods across schools into four pe-
riods: eighth grade, ninth-grade first semester, ninth-grade second semester, and ninth grade.
The team then averaged the grades across the four core subjects to calculate the average GPA in
each grading period. Depending on when the intervention was given within a school, MDRC
assigned different grading period GPAs as the pre- and postprogram academic outcomes for
each student. Specifically:

o If the intervention was given in the fall in a school, then a student’s prepro-
gram GPA was the average (that is, across semesters) or final GPA in the
eighth grade, and the postprogram GPA was the average GPA in the ninth
grade.

o If the intervention was given at the beginning of the spring semester, then a
student’s preprogram GPA was the average ninth-grade first-semester GPA,
or the average GPA across ninth-grade quarters or terms before the interven-
tion was given in the spring, and the postprogram GPA was the average
ninth-grade second-semester GPA.

This definition of preprogram and postprogram grading period is consistent with the
preregistered analysis plan. In addition to the average GPA across all four core subject areas, the
team also calculated preprogram and postprogram GPAs for each core subject area.

By the end of this process, the MDRC team had created a student-level file that contains
pre- and postprogram GPAs, average and by subject area, for each student.

Data Used in the MDRC Evaluation and Their Sources

The NSLM research team provided MDRC access to all the data collected by ICF. The MDRC
team worked with the NSLM research team to review and refine these data and focused on the
following data elements for the analytic purpose of this report.

First, a set of variables describing student characteristics before the start of the interven-
tion was used to assess the similarity of the program and control groups and to serve as control
variable covariates in the impact estimation model. These variables were:

o Gender
o Race/ethnicity
¢ Individualized educational program (IEP) status

o Eligibility status for the free or reduced-price lunch (FRPL) program

25



e GPA before the random assignment

o Self-reported mindsets, attribution for failure, expectancy for success, interest
in math and anxiety about math, and belonging uncertainty

Data for these variables are from student record data and student responses to survey
questions collected in the first online session before they started the training materials.

Second, a composite measure of schools’ overall academic achievement level before
the study was used to stratify the national population of high schools for sample-selection
purposes and was also used for school subgroup definitions, discussed in the report. This
composite measure was constructed by the NSLM team using information from nationally
available school-performance databases.

Third, a set of school characteristics such as enrollment, racial and socioeconomic com-
position of students, school location, and student-teacher ratio was used to assess whether the
findings based on the analytic sample can be generalized to the targeted national population of
high schools. Such information was collected from the Common Core of Data, a publicly
available database that contains school-level information for all schools in the nation.

Fourth, a set of variables constructed from students’ responses to questions and tasks
immediately after each of the online sessions was used to measure their mindset beliefs and
challenge-seeking intentions and behaviors. These were considered intermediate outcomes of
the program.

Last, students’ GPAs for core ninth-grade courses in math, English/language arts, sci-
ence, and social science were used to construct the pre- and postprogram academic measures for
the study. Specifically, the team constructed the following three academic outcomes using data
described in the last section:

1. Postprogram average GPA: This is the average GPA across the four core ninth-
grade subject areas and measures students’ general academic performance level.

2. Poor-performance indicator: This is a dichotomous indicator that equals 1 if the
postprogram average grade is 1.0 or lower and equals zero otherwise.

3. Postprogram math GPA: Math GPA is singled out because many researchers con-
sider math to be a gateway course for high school success.

To assess the program’s potential impacts on students’ performance in standardized,
high-stakes tests; their academic engagement; and their behavior, the NSLM research team also
attempted to collect students’ ninth-grade state test data, their attendance data, and their office
disciplinary record data. However, because the response rates for these data are very low
(generally below 50 percent), the MDRC evaluation did not include them in the analysis for this
report.
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Appendix B

Estimation Methods and Sample Characteristics






The National Study of Learning Mindsets (NSLM) study uses an experimental design that
randomly assigns individual ninth-grade students in a school to a program group, who received
the growth mindset intervention, and to a control group, who did not receive the intervention.
The control group serves as a benchmark, or “counterfactual,” for how students in the program
group would have performed if they had not experienced the intervention. Therefore, the
impacts (the differences in outcomes between the program and control groups) represent the
effects that the intervention had on student outcomes over and above what the students would
have achieved had they not been exposed to the intervention.

As stated in the preregistered analysis plan for the NSLM, the impact of the growth mindset
intervention is estimated for each outcome using the following statistical model:

Yy = §=1aj'5ij+ﬁ'Tij + Yo O Xiij + €4 (B.1)
Where:

Y;; = the outcome for student i in school j,

S;j = indicator variable indicating student 7 attended school j,

T;; = 1 if student i in school j was randomized to the program group and zero

otherwise,
Xkij = baseline covariate k for student 7 in school j,
e;j = student-level random error term for student i in school j, assumed to be

normally distributed with mean zero and variance of 2.

The model is estimated with student-level survey weights that account for school-level
and student-level adjustments for sampling probability and nonresponse. It uses cluster-robust
standard errors, clustered at the school level, so that standard errors appropriately account for
the uncertainty associated with generalizing from the sample of schools in the study to the
population of the school from which they were randomly selected.

The coefficient B therefore represents the overall average impact of being randomized
to the program instead of the control condition for all ninth-grade students in the national
population of high schools targeted by this study. The t-statistic for this coefficient tests whether
the estimated average impact for students in the national high school population identified for
this study is different from zero to a statistically significant degree. Similar models are used in
the analyses for all students as well as for the subgroups.

There are several features to note about this model:

e Weighted ordinary least squares (OLS) regression is used to estimate Equa-
tion B.1.

¢ Indicators for random assignment blocks (school in this case) are included in
the model to reflect the design feature (that is, differential rates of research
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group assignment by block) and to control for variation in mean outcome
levels across schools (which can be due to different characteristics of schools
or their students, for example).

e The model controls for the students’ preprogram achievement scores, includ-
ing average grade point average (GPA) for the four core subjects and math
GPA. Doing so controls for baseline differences that might have occurred by
chance and increases the precision of impact estimates because pretests sub-
stantially reduce within-school random error in the outcome measure.

e The model also controls for students’ preprogram mindset measures, includ-
ing students’ overall mindset beliefs, attributions for failure, expectancy for
success, interest in math, math anxiety, and belonging uncertainty. These co-
variates measure student mindsets before the program, and to the extent that
one’s mindset is associated with academic performance, controlling for these
variables can potentially reduce the random error in the outcomes.

e Other baseline covariates are added to the model to improve precision. These
covariates include students’ gender, race/ethnicity, free or reduced-price
lunch (FRPL) status, and special education status.

e To keep the analysis sample as complete as possible, the missing values for a
given covariate are imputed as zero, and a dummy variable indicating wheth-
er a student is missing this covariate or not is also included in the regression.

School Sample and Generalizability

The primary goal of the NSLM study is to test the effectiveness of the growth mindset interven-
tion in the population of ninth-grade students attending regular public high schools with at least
25 ninth-graders and with ninth grade as the lowest grade in the school. To achieve this goal, the
NSLM research team identified 11,221 eligible high schools based on their organizational type,
enrollment size, and grade configuration.! The NSLM research team then randomly selected a
sample of 139 high schools for recruitment into the study. Of these 139 high schools, 63 (45
percent) agreed to participate in the NSLM study and also provided the research team with
usable school record data. Ninth-grade students from these 63 schools constitute the analytic
sample for the MDRC evaluation.

Since not all selected schools agreed to participate in or to provide data to the study, it is
important to assess whether the findings based on this analytic sample are generalizable to the
targeted national population of eligible high schools (hereafter referred to as the inference
population). Two conditions have to hold for the findings not to be generalizable to the infer-
ence population: First, the study sample must be systematically different from the target

!See Gopalan and Tipton (2018) for eligibility criteria.
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population, in either observable characteristics for which the team has data or unobservable
characteristics that cannot be captured with available data. Second, the program impacts must
vary across schools so that the average program effects for the schools in the study sample
differ from those of the schools that are not in the study sample. Because outcome measures for
all schools in the inference population are not available, it is not feasible to test the second
condition. However, it is possible to assess the first condition by comparing observable school
characteristics between the analytic sample and the inference population (that is, the 11,221
eligible regular high schools). These characteristics were collected by the NSLM research team
through publicly available databases such as the Common Core of Data.

Appendix Table B.1 presents the results of these comparisons and shows that the differ-
ences between these two samples are small across most variables available for examination. The
63 schools in the analytic sample are very similar to the inference population in terms of the two
key criteria used in the sample selection process: school achievement level and proportion of
minority students in the school. Not only are these estimated differences not statistically
significant at the 5 percent level, but their absolute magnitudes range from 0.04 to 0.18 standard
deviations in effect size, smaller than the 0.25 standard deviations threshold set forward by the
latest What Works Clearinghouse standard for substantial baseline differences.> The analytic
sample is also similar to the inference population in terms of the proportion of students with
poverty status, the student-to-teacher ratio, and overall and ninth-grade enrollments. The only
place where the two groups differ significantly is in terms of school location: Compared with
schools in the analytic sample, schools in the national population are more likely to be in
suburban areas instead of urban areas.

These results show that despite some schools’ nonparticipation and nonresponse, for a
set of observed school characteristics, the analytic sample is mostly similar to the inference
population. However, it is still possible that they differ in unobservable characteristics such as
teacher or leadership quality, and these characteristics could affect how the intervention works
in the schools. Therefore, in order to generalize the findings based on the analytic sample to the
inference population, one has to assume either that the sample schools are similar to the national
population in unobserved characteristics or that the program impacts do not vary by the unob-
served characteristics that are different between the sample schools and the inference popula-
tion. If either of these two assumptions holds, then the impact findings based on the analytic
sample can be generalized to the national population of regular public high schools with at least
25 ninth-graders and serving ninth through twelfth grade.

Student Sample and Internal Validity

The student sample of MDRC’s evaluation consists of 11,888 ninth-grade students from 63
high schools around the country. Among these students, 5,916 (49.8 percent) were randomly
assigned to the program group, while 5,972 (50.2 percent) were randomly assigned to the

2What Works Clearinghouse (2017).
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control group. This sample is limited to students with valid GPA scores at the end of ninth
grade. This random assignment design creates the expectation that students in the program and
control groups were similar on average before the intervention and that the differences in their
outcomes can be attributed to the eftects of the enhanced program.

Appendix Table B.2 shows that the program and control group students are similar to
each other for many of the demographic characteristics. Specifically, for both groups, about 45
percent to 46 percent of the students are white, non-Hispanic; about 50 percent are male; 13
percent have special education status; and about 55 percent to 56 percent are eligible for free or
reduced-price lunch. In addition, students in these two groups are similar in their responses to
survey questions related to their mindset beliefs and other psychological attributes before the
intervention, as shown in the bottom panel of the table.

However, differences exist in the preprogram academic performances between these
two groups. Specifically, the program group had a lower average GPA than the control group
before the start of the program: The estimated difference in the preprogram average GPA
between these two groups is 0.05 points (effect size = 0.05, p-value = 0.037); similarly, the
estimated difference in preprogram math GPA is 0.06 points (effect size = 0.05, p-value =
0.034). Measures of student characteristics (including students’ preprogram average and math
GPAs) are included in the impact model in order to control for these observed differences.

An omnibus test was conducted to see if there is a systematic difference between the
program and control groups across all background characteristics listed in Appendix Table B.2.
Results from that test indicate no such difference in the background characteristics of students in
the program and the control groups (p-value = 0.654), and the statistical equivalence of the two
research groups is largely preserved in the sample used for the analysis.

Note that the results reported in Appendix Table B.2 are based on weighted sample
means from both groups, where the weights account for sampling and nonresponse at both the
school level and the student level. The results without the weights are similar to those in the
table, except that the difference between the program and control groups in the preprogram
average GPA is -0.03 points (effect size = -0.03, p-value = 0.11), and the difference is -0.04
points (effect size = -0.04, p-value = 0.05) for preprogram math GPA. The F-test for systematic
difference between the two samples yields a p-value of 0.99.

Nonetheless, a series of sensitivity checks were conducted to examine whether the dif-
ference in students’ achievement level before the program might affect the impact estimation.
Specifically, four to eight schools with the largest differences in prior average GPA between
students in the program and control groups were sequentially dropped from the analysis so that
in the remaining sample of students, there was no longer a significant difference between
students in the program and control groups in their preprogram average GPA. All impacts were
then reestimated using these restricted samples where two groups were similar in their prior
academic performance levels. In general, impact estimates based on the restricted samples are
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similar in magnitude and statistical significance levels to those estimates for the full sample
presented in the report (Appendix Table B.3). These results demonstrate that the impact
estimates are not affected by the difference in preprogram achievement levels between the
program and control group students.
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Appendix Table B.1

Characteristics of Schools in the Analytic Sample and the Inference Population

Analytic Sample Population Difference in P-Value of
Characteristics Weighted Mean Mean Difference Effect Size Difference
School previous achievement level -0.04 0.00 -0.04 -0.04 0.777
Proportion of minority students (%) 32.31 38.23 -5.92 -0.18 0.160
Proportion of students with poverty status (%) 19.32 20.31 -0.99 -0.10 0.450
Student-teacher ratio 16.51 16.16 0.36 0.07 0.596
Total enrollment 996 1,032 -36.04 -0.05 0.699
Ninth-grade enrollment 263 284 -20.61 -0.10 0.445
School locale (%)
Urban 36.66 22.84 13.82 ** 0.33 0.017
Suburban 11.85 27.32 -15.47 ** -0.35 0.012
Town 24.54 17.62 6.92 0.18 0.180
Rural 26.94 32.22 -5.28 -0.11 0.402
Number of schools 63 11,221

SOURCE: School information collected by ICF International before random assignment.

NOTES: The first column reports the mean values of school characteristics for the analytic sample schools, weighted at
the school-level account for sampling probability and data availability. The second column reports the mean values of
school characteristics for the inference population of all eligible regular high schools in the nation. The statistical
significance of each difference between the analytic sample and the inference population was tested with a two-tailed
t-test. Statistical significance level is indicated by the following: *** denotes a p-value < 0.01, ** denotes a

p-value < 0.05, and * denotes a p-value < 0.10.



Appendix Table B.2

Background Characteristics of All Students in the Program and Control Groups

Estimated Standard Error P-Value for
Program Control Estimated Difference for Estimated Estimated
Characteristics Group Group Difference in Effect Size Difference Difference
Male (%) 50.20 50.23 -0.03 0.00 0.01 0.976
Race/ethnicity (%)
Hispanic 20.97 20.12 0.86 0.02 0.01 0.227
Black, non-Hispanic 1238 11.85 0.52 0.02 0.01 0.335
White, non-Hispanic 45.05 45.89 -0.84 -0.02 0.01 0.438
Other 21.60 22.14 -0.54 -0.01 0.01 0.524
With special education status (%) 13.24 13.19 0.05 0.00 0.01 0.951
With poverty status (%) 55.49 56.10 -0.61 -0.01 0.01 0.455
Student preprogram academic performance
Average GPA 2.80 2.84 -0.05 ** -0.05 0.02 0.037
Math GPA 2.70 2.76 -0.06 ** -0.05 0.03 0.034
Student initial survey responses
Overall mindset belief 2.73 2.74 -0.02 -0.01 0.03 0.542
Attributions for failure 2.08 2.10 -0.02 -0.01 0.02 0.458
Expectancy for success 5.15 5.18 -0.04 -0.03 0.03 0.171
Interest in math 2.66 2.67 -0.01 -0.01 0.02 0.600
Math anxiety 2.54 2.54 0.01 0.00 0.03 0.836
Belonging uncertainty 212 2.09 0.02 0.02 0.02 0.343

SOURCES: Student survey responses and student record data from school years 2014-2015 and 2015-2016.

NOTES: Students' poverty status is determined by their eligibility for the free or reduced-price lunch (FRPL)

program. GPA is grade point average, measured on a scale of 0.0 to 4.3. The sample includes ninth-grade

students in the 63 schools for whom ninth-grade achievement information is available. The number of
observations ranges from 6,372 to 11,868 due to varying rates of missingness for each variable.

The estimated differences are regression-adjusted using ordinary least squares (OLS) regressions that account
for the random assignment blocks (schools). The estimated standard errors are adjusted to account for the
clustering of students within schools. Student-level weights that adjust for sampling probability and data availability
at both the student and school levels are applied to all regressions. Rounding may cause slight discrepancies in
calculating sums and differences.

A two-tailed t-test was applied to each estimated difference. Statistical significance is indicated by the following:
*** denotes a p-value < 0.01, ** denotes a p-value < 0.05, and * denotes a p-value < 0.10.

A chi-square test for joint significance across all variables yields a p-value of 0.654.
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Appendix Table B.3

Robustness Checks for Impact Findings for All Students

9¢

Benchmark Trimming Exercise: Dropping Schools with the Largest Preprogram GPA Differences
Dropping Four Schools Dropping Six Schools Dropping Eight Schools
P-Value for P-Value for P-Value for P-Value for
Estimated Estimated Estimated Estimated Estimated Estimated Estimated Estimated
Qutcomes Impact Impact Impact Impact Impact Impact Impact Impact
Postprogram average GPA (0-4.3 scale) 0.05 *** 0.004 0.04 *** 0.006 0.04 *** 0.002 0.05 *** 0.001
Poor performance (%, GPA of 1.0 or lower) -2.37 *** 0.005 -1.89 *** 0.010 =217 *** 0.002 -2.25 *** 0.002
Postprogram math GPA (0-4.3 scale) 0.06 *** 0.004 0.06 *** 0.007 0.06 *** 0.004 0.07 *** 0.002
Number of students 11,888 11,511 11,309 11,050
Number of schools 63 59 57 55

SOURCES: Student survey responses collected during the online sessions and student record data from school years 2014-2015 and 2015-2016.

NOTES: GPA is grade point average. The sample for the top panel includes ninth-grade students in the 63 schools for whom ninth-grade achievement
information is available. The sample size is 11,888 for average GPA and poor performance indicator and 10,853 for math GPA. Sample size varies for the
trimming exercises.

The estimated impacts are regression-adjusted using ordinary least squares (OLS) regressions that account for the random assignment blocks
(schools). The model used for the benchmark and the trimming excercises also controls for students’ preprogram characteristics including their
demographics, initial mindset beliefs and attitudes, and preprogram academic achievement levels. The estimated standard errors are adjusted to account
for the clustering of students within schools. Student-level weights that adjust for sampling probability and data availability at both the student and school
levels are applied to all regressions. Rounding may cause slight discrepancies in calculating sums and differences.

A two-tailed t-test was applied to each estimated impact. Statistical significance is indicated by the following: *** denotes a p-value < 0.01, ** denotes a
p-value < 0.05, and * denotes a p-value < 0.10.
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Impact Findings for All Students

Appendix Table C.1 provides details for the impact estimates on students’ mindset beliefs,
challenge-seeking behaviors, and academic outcomes for all students.

Impact Findings for Student Subgroups

Not all students in the analytic sample have their preprogram average grade point aver-
ages (GPAs) reported by their schools. In fact, about 9 percent of all students have missing
values for this variable. They were excluded from the estimations of the impacts for lower- and
higher-performing student subgroups reported in Figure 4 in the report. It is possible that those
students with missing preprogram GPAs were different from those with nonmissing data and
the subgroup impact findings reported in Figure 4 might be misleading.

To address this concern, the MDRC team used other available preprogram characteris-
tics of the students in a profile analysis to identify whether the students with missing prepro-
gram GPAs should be placed in the lower- or higher-performing student subgroups. All students
with preprogram GPAs were assigned to the subgroups based on their GPA values as before,
and only those with missing preprogram GPAs were assigned to the subgroups based on results
from the profile analysis. The top panel in Appendix Table C.2 presents the impact estimates for
the lower- and higher-performing student subgroups based on this alternative subgroup defini-
tion based on partially imputed data. It shows that the subgroup impact patterns reported in
Figure 4 do not change substantively.

The rest of Appendix Table C.2 presents impact findings for other student subgroups
discussed in the report, including subgroups based on students’ initial fixed mindset rating,
race/ethnicity, gender, or poverty status. The results show that the program impacts did not vary
across these subgroups.

Impact Findings for School Subgroups

The preregistered analysis plan proposed to use a random effect model to assess the var-
iability in the impacts across schools.! This two-level model is specified as the following:

Level 1 (student level)
Yij = ;=1aj'5ij+ﬁj'Tij+2£:18k'inj+eij (C.D)
Level 2 (school level)

B =B +v; (C2)

'The model is based on Bloom, Raudenbush, Weiss, and Porter (2017).
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Where all variables are defined as in Equation B.1 and

Y; = school-level random error term for school j, assumed to be normally
distributed with mean zero and variance of 72.

Usually the impact variation measure, 72, can be estimated using PROC MIXED in
SAS or MIXED in STATA. The estimated 72 captures the variance of the school-level impact
estimates. A chi-square test based on Q-statistics calculated using school-level impact estimates
can be used to ascertain the statistical significance of 2. This approach is widely used in meta-
analysis to test the null hypothesis of zero cross-study impact variation.>

However, due to convergence issues potentially caused by the specific data structure of
the sample, the two-level model described in Equations C.1 and C.2 cannot be estimated.
Therefore, the magnitude of the impact variation as measured by 72 cannot be estimated.
However, the team was still able to calculate the Q-statistics based on school-level impact
estimates. Appendix Table C.3 shows the Q-statistics and corresponding p-values from the chi-
square tests for all students and for the lower-performing students for the three academic
outcomes. These test results show that by and large, the variation in school-level impacts is not
statistically significant. This is true for both samples of students and for all three academic
outcomes.

The statistical significance of cross-school impact variation should not be used as a
“gateway” test of whether to attempt to predict variation in the program effects, because an
omnibus test of whether estimated effects vary across sites (like the chi-square test) can have
less power (sometimes far less power) than a focused test of the relationship between the effects
and a specific school-level characteristic or moderator.?

This study explored such relationships through school-level subgroup analysis and fo-
cused on two types of school characteristics that were specified in the preregistered analysis
plan: school achievement levels and school growth mindset climate. The latter factor was
measured in two different ways: by school average fixed mindset ratings and by the prevalence
of challenge-seeking behaviors in school. The analyses estimated separate impacts for each of
these subgroups and tested for the statistical significance of the difference in subgroup impacts.
Appendix Table C.4 presents results based on these analyses.

’Hedges and Olkin (2014).
3See Bloom, Raudenbush, Weiss, and Porter (2017), Appendix C.

40



v

Appendix Table C.1

Estimated Impacts on Student Mindsets, Challenge-Seeking Behaviors, and Academic Outcomes for All Students

Estimated Standard Error P-Value for
Program Control Estimated Impact for Estimated  Estimated
Measures Group  Group Impact in Effect Size Impact Impact
Student mindset attitudes and beliefs
Overall fixed mindset level (1-6 scale) 2.26 2.60 -0.34 *** -0.26 0.02 0.000
You have a certain amount of intelligence, and you really can't do much
to change it. 2.23 2.59 -0.36 *** -0.26 0.02 0.000
Your intelligence is something about you that you can't change very much. 2.29 2.61 -0.31 *** -0.22 0.03 0.000
Being a math person or not is something you can't really change;
some people are good at math and other people aren't. 2.98 3.51 -0.52 *** -0.36 0.03 0.000
One of my main goals for the rest of the school year
is to avoid looking dumb in my classes. 3.71 3.86 -0.14 = -0.10 0.04 0.001
Attributions for failure (1-6 scale) 3.61 3.66 -0.05 ** -0.06 0.02 0.026
This means | am probably not very good at math. 2.67 2.78 -0.11 *** -0.08 0.03 0.000
| can get a higher score next time if | find a better way to study.® 4.54 453 0.01 0.01 0.03 0.831
Challenge-seeking intentions (%) 50.80 38.19 12.60 *** 0.26 1.07 0.000
Challenge-seeking behaviors
Number of hard items chosen 3.33 2.83 0.50 *** 0.21 0.06 0.000
Number of easy items chosen 3.54 4.00 -0.46 *** -0.18 0.06 0.000
Categorical measures (%)
More hard items than easy ones 39.44  30.64 8.81 ** 0.19 1.12 0.000
Equal number of hard and easy items 12.83 12.54 0.30 0.01 0.57 0.604
More easy items than hard ones 47.72  56.82 -9.10 *** -0.18 1.14 0.000
Mean item challenge (1-3 scale) 1.96 1.86 0.10 *** 0.23 0.01 0.000
Total challenge value across items 21.03 19.94 1.09 *** 0.11 0.25 0.000

(continued)
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Appendix Table C.1 (continued)

Estimated Standard Error P-Value for

Program Control Estimated Impact  for Estimated  Estimated

Measures Group  Group Impact in Effect Size Impact Impact
Academic outcomes

Postprogram GPA 2.59 2.55 0.05 *** 0.04 0.02 0.004

Poor performance (%, GPA of 1.0 or lower) 29.72  32.09 -2.37 *** -0.05 0.01 0.005

Postprogram math GPA 2.48 242 0.06 *** 0.05 0.02 0.004

SOURCES: Student survey responses collected during the online sessions and student record data from school years 2014-2015 and 2015-2016.

NOTES: GPA is grade point average, measured on a scale of 0.0 to 4.3. The sample includes ninth-grade students in the 63 schools for whom ninth-grade
achievement information is available. The sample size ranges from 10,007 to 11,888 due to varying rates of missing values for each outcome measure.

aThis variable is reverse coded so that higher values indicate stronger fixed mindset beliefs.

The estimated impacts are regression-adjusted using ordinary least squares (OLS) regressions that account for the random assignment blocks (schools). The
model also controls for students’ baseline characteristics including their demographics, initial mindset, and preprogram academic achievement levels. The
estimated standard errors are adjusted to account for the clustering of students within schools. Student-level weights that adjust for sampling probability and data
availability at both the student and school levels are applied to all regressions. Rounding may cause slight discrepancies in calculating sums and differences.

A two-tailed t-test was applied to each estimated impact. Statistical significance is indicated by the following: *** denotes a p-value < 0.01, ** denotes
a p-value < 0.05, and * denotes a p-value < 0.10.
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Appendix Table C.2

Impacts on Academic Performance for Student Subgroups

Estimated Standard Error P-Value for

Estimated Subgroup

P-Value for Estimated

Program Control Estimated Impact in for Estimated Estimated Difference in Subgroup Difference
Outcome Group  Group Impact Effect Size Impact Impact Impact in Impact
Alternative subgroups by preprogram average GPA
Postprogram GPA -0.06 M 0.006
Lower 2.1 2.03 0.07 *** 0.07 0.02 0.000
Higher 3.16 3.15 0.01 0.01 0.02 0.596
Poor performance (%, GPA of 1.0 or lower) 399 M 0.001
Lower 4536  49.29 -3.93 *** -0.09 1.18 0.001
Higher 11.65 11.58 0.06 0.00 0.71 0.927
Postprogram math GPA -0.04 0.461
Lower 1.99 1.91 0.08 *** 0.06 0.03 0.006
Higher 3.06 3.01 0.04 0.03 0.04 0.243
Subgroups by preprogram fixed mindset rating
Postprogram GPA -0.02 0.581
Lower 2.71 2.68 0.04 ** 0.03 0.02 0.035
Higher 2.44 2.38 0.06 * 0.05 0.03 0.077
Poor performance (%, GPA of 1.0 or lower) 0.32 0.830
Lower 2520 27.29 -2.09 ** -0.05 0.93 0.025
Higher 35.68 38.09 241 * -0.05 1.28 0.060
Postprogram math GPA -0.05 0.324
Lower 2.57 2.53 0.04 0.03 0.03 0.134
Higher 2.36 2.28 0.09 ** 0.07 0.04 0.027

(continued)



Appendix Table C.2 (continued)
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Estimated Standard Error P-Value for Estimated Subgroup P-Value for Estimated
Program Control Estimated Impact in for Estimated Estimated Difference in Subgroup Difference
Outcome Group  Group Impact Effect Size Impact Impact Impact in Impact
Subgroups by race/ethnicity
Postprogram GPA 0.00 0.920
White 2.89 2.84 0.05 * 0.05 0.03 0.088
Other 2.36 2.31 0.05 * 0.04 0.02 0.056
Poor performance (%, GPA of 1.0 or lower) -1.31 0.581
White 20.45 22.06 -1.61 -0.03 1.71 0.347
Other 37.19  40.11 -2.92 ** -0.06 1.16 0.012
Postprogram math GPA 0.00 0.972
White 2.74 2.68 0.06 ** 0.05 0.03 0.014
Other 2.25 2.19 0.07 * 0.05 0.04 0.084
Subgroups by gender
Postprogram GPA 0.00 0.910
Female 2.84 2.79 0.05 * 0.04 0.03 0.078
Male 2.36 2.31 0.05 *** 0.05 0.01 0.000
Poor performance (%, GPA of 1.0 or lower) -0.10 0.937
Female 21.62 24.06 -2.44 ** -0.05 1.21 0.044
Male 37.64 40.18 -2.54 *** -0.05 0.84 0.002
Postprogram math GPA 0.01 0.790
Female 272 2.66 0.06 * 0.05 0.03 0.072
Male 2.25 218 0.07 *** 0.05 0.02 0.002

(continued)
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Appendix Table C.2 (continued)

Estimated Standard Error P-Value for

Estimated Subgroup

P-Value for Estimated

Program Control Estimated Impactin  for Estimated Estimated Difference in Subgroup Difference
Outcome Group  Group Impact Effect Size Impact Impact Impact in Impact
Subgroups by poverty status

Postprogram GPA -0.06 0.201
With poverty status 2.20 2.20 0.00 0.00 0.02 0.835
Without poverty status 2.90 2.83 0.06 * 0.06 0.04 0.091

Poor performance (%, GPA of 1.0 or lower) 0.78 0.629
With poverty status 4251  43.87 -1.36 -0.03 1.06 0.198
Without poverty status 20.22 22.36 -2.14 -0.05 1.46 0.144

Postprogram math GPA -0.13 0.135
With poverty status 212 213 -0.02 -0.01 0.05 0.702
Without poverty status 2.75 2.64 0.11 ** 0.09 0.06 0.040

SOURCES: Student survey responses collected during the online sessions and student record data from school years 2014-2015 and 2015-2016.

NOTES: GPA is grade point average,measured on a scale of 0.0 to 4.3. A student's poverty status is determined by his or her eligibility for the free or reduced-
price lunch (FRPL) program. The sample includes ninth-grade students in the 63 schools for whom ninth-grade achievement information is available. The
sample size varies due to varying rates of missing values for each variable used to define the subgroups: Students’ preprogram average GPA, preprogram fixed
mindset rating, race, gender, and poverty status were used to define the subgroups.

The estimated impacts are regression-adjusted using ordinary least squares (OLS) regressions that account for the random assignment blocks (schools). The
model also controls for students’ baseline characteristics including their demographics, parental education, initial mindset, and baseline academic achievement
levels. The estimated standard errors are adjusted to account for the clustering of students within schools. Student-level weights that adjust for sampling
probability and data availability at both the student and school levels are applied to all regressions. Rounding may cause slight discrepancies in calculating sums
and differences.

A two-tailed t-test was applied to each estimated impact. Statistical significance is indicated by the following: *** denotes a p-value < 0.01,

** denotes a p-value < 0.05, and * denotes a p-value < 0.10.

Two-tailed t-tests were used to test differences in estimated impacts between the two subgroups. Statistical significance is indicated by the following:

1 denotes a p-value < 0.01, Tt denotes a p-value < 0.05, and t denotes a p-value < 0.10.



Appendix Table C.3

Significance Tests for Cross-School Impact Variation

All Students Lower-Performing Students
Outcome Q-Statistic P-Value Q-Statistic P-Value
Postprogram GPA 65.84 0.346 47.07 0.905
Poor performance (%, GPA of 1.0 or lower) 74.65 0.130 47.89 0.889
Postprogram math GPA 58.19 0.614 50.52 0.804

SOURCES: Student survey responses collected during the online sessions and student record data
from school years 2014-2015 and 2015-2016.

NOTES: GPA is grade point average, measured at a scale of 0.0 to 4.3. The all-student sample
includes ninth-grade students in the 63 schools for whom ninth-grade achievement information is
available. The sample size ranges from 10,853 for math GPA to 11,888 for the other two outcomes
due to missing values.

Students whose preprogram average GPA was below school-level median GPA are in the lower-
performing subgroup. The lower-performing student sample includes 5,503 students for the average
GPA and poor-performance indicator analysis and 4,992 students for the math GPA analysis.

Q-statistics were calculated based on school-level impact estimates. P-values are based on chi-
square tests. Statistical significance is indicated as the following: *** denotes a p-value < 0.01,

** denotes a p-value < 0.05, and * denotes a p-value < 0.10.
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Appendix Table C.4

School-Level Subgroup Impact Estimates for All Students and
for Lower-Performing Students, by School Subgroups

All Students

Lower-Performing Students

Standard Error P-Value of Standard Error  P-Value of
Estimated of Estimated Estimated Estimated of Estimated Estimated
Outcome Impact Impact Impact Impact Impact Impact
Subgroup by school academic achievement level
Postprogram GPA
Low 0.00 0.04 0.937 0.04 0.04 0.398
Medium 0.06 0.02 0.006 *** 0.08 0.03 0.027 **
High 0.01 0.02 0.433 0.02 0.02 0.165
Difference between
medium and other groups 0.05 0.03 0.111 0.04 0.04 0.278
Poor performance (%, GPA of 1.0 or lower)
Low -1.89 2.37 0.429 -1.81 2.52 0.476
Medium -3.45 1.10 0.003 *** -5.02 1.90 0.010 **
High 0.50 1.14 0.664 0.25 0.91 0.788
Difference between
medium and other groups -2.84 1.57 0076 T -4.28 2.20 0.056
Postprogram math GPA
Low 0.01 0.07 0.862 0.12 0.06 0.065 *
Medium 0.09 0.02 0.000 *** 0.09 0.04 0.013 **
High 0.00 0.04 0.915 -0.01 0.05 0.914
Difference between
medium and other groups 0.09 0.04 0.027 ' 0.05 0.05 0.308
Subgroup by school average fixed mindset belief
Postprogram GPA
Weak fixed mindset belief 0.04 0.02 0.060 * 0.06 0.04 0.083 *
Strong fixed mindset belief 0.04 0.02 0.022 ** 0.05 0.02 0.025 **
Subgroup difference 0.00 0.03 0.956 -0.02 0.04 0.702
Poor performance (%, GPA of 1.0 or lower)
Weak fixed mindset belief -2.63 1.27 0.043 ** -3.65 1.89 0.058 *
Strong fixed mindset belief -1.96 0.94 0.041 ** -3.12 1.65 0.063 *
Subgroup difference 0.67 1.58 0.671 0.53 2.51 0.834
Postprogram math GPA
Weak fixed mindset belief 0.05 0.03 0.065 * 0.05 0.04 0.219
Strong fixed mindset belief 0.07 0.03 0.027 ** 0.08 0.03 0.018 **
Subgroup difference 0.01 0.04 0.752 0.03 0.05 0.634

47

(continued)



Appendix Table C.4 (continued)

All Students Lower-Performing Students
Standard Error P-Value of Standard Error  P-Value of
Estimated of Estimated Estimated Estimated of Estimated Estimated
Outcome Impact Impact Impact Impact Impact Impact

Subgroup by prevalence of challenge-seeking behavior in school
Postprogram GPA

Low prevalence -0.01 0.02 0.395 0.00 0.02 0.940

High prevalence 0.09 0.02 0.000 *** 0.11 0.03 0.001 ***

Subgroup difference 0.10 0.03 0.000 0.11 0.04 0.006 T
Poor performance (%, GPA of 1.0 or lower)

Low prevalence 0.33 0.90 0.715 -0.40 1.08 0.713

High prevalence -4.39 1.10 0.000 *** -5.82 1.87 0.003 ***

Subgroup difference -4.72 1.42 0.002 -5.42 2.16 0015 '
Postprogram math GPA

Low prevalence -0.02 0.02 0.426 -0.01 0.04 0.868

High prevalence 0.12 0.03 0.000 *** 0.12 0.03 0.000 ***

Subgroup difference 0.13 0.03 0.000 T 0.13 0.05 0017 ™

SOURCES: Student survey responses collected during the online sessions and student record data from school years
2014-2015 and 2015-2016.

NOTES: GPA is grade point average, measured on a scale of 0.0 to 4.3. The all-student sample includes ninth-grade
students in the 63 schools for whom ninth-grade achievement information is available. The sample size is 11,888 for the
average GPA and poor-performance indicator analysis and 10,853 for math GPA analysis. Students whose preprogram
GPAs were below the school-level median GPA are in the lower-performing student subgroup. The lower-performing
student sample includes 5,503 students for the average GPA and poor-performance indicator analysis and 4,992 students
for the math GPA analysis.

Subgroups are defined based on school academic achievement level, school average preprogram fixed mindset rating,
and prevalence of challenge-seeking behaviors in school as measured by the average hard items chosen in the “Make a
Math Worksheet” task by control group students in the school.

The estimated impacts are regression-adjusted using ordinary least squares (OLS) regressions that account for the
random assignment blocks (schools). The model also controls for students’ baseline characteristics including their
demographics, parental education, initial mindset, and baseline academic achievement levels. The estimated standard
errors are adjusted to account for the clustering of students within schools. Student-level weights that adjust for sampling
probability and data availability at both the student and school levels are applied to all regressions. Rounding may cause
slight discrepancies in calculating sums and differences.

A two-tailed t-test was applied to each estimated impact. Statistical significance is indicated by the following:

*** denotes a p-value < 0.01, ** denotes a p-value < 0.05, and * denotes a p-value < 0.10.

Two-tailed t-tests were used to test differences in estimated impacts between the two subgroups. Statistical
significance is indicated by the following: Tt denotes a p-value < 0.01, T denotes a p-value < 0.05, and T denotes a
p-value < 0.10.
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Appendix D

Comparing Key Impact Findings with the National Study
of Learning Mindsets (NSLM) Results






The key impact findings presented in this report are substantively consistent with the findings
reported by the NSLM research team.! Appendix Table D.1 compares the impact findings for a
set of common outcomes and similar samples reported in these two studies.

Several factors might have contributed to the observed small differences in the estimat-
ed impacts between the two studies. First, the samples of schools used by the two studies difter
slightly: The MDRC study excluded two schools with vague grade information from the
analysis, while the NSLM team strictly followed the preregistered analysis plan and included
these schools in its analysis. Second, the set of covariates in the impact model was not exactly
the same in these two studies: There are slight differences in the way categorical variables were
coded, and in the inclusion or exclusion of certain variables. Third, the weights used in the
estimation differ slightly between the two studies: The MDRC team used trimmed weights that
put a cap on extremely large probability weights, while the NSLM team used the prespecified
probability weights. Last, as mentioned in the report, the MDRC team did not include students
with missing preprogram grade point average (GPA) information (about 9 percent of the total
sample) in the primary student achievement subgroup analysis, while the NSLM team used
imputed preprogram information to define subgroup status for these students with missing
preprogram information. Consequently, the student sample for the student achievement sub-
group analysis differs slightly between these two studies.

Despite these differences in samples and estimation model specification, the results pre-
sented in this report and summarized in Appendix Table D.1 demonstrate that the findings
reported by the NSLM team are robust to these reasonable deviations from the preregistered
analysis.

"Yeager et al. (2019).
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Appendix Table D.1

Comparison of Findings Between the Current Study and Yeager et al.

(2019)

Finding

Yeager et al. (2019)

MDRC Study

On all students’ mindset beliefs

On all students’ academic
achievement

On lower-performing students
academic achievement

On lower-performing students
in schools with different
achievement levels

On lower-performing students
in schools with low or high
prevalence of challenge-
seeking behaviors

On lower-performing students
in schools with weak or strong
initial beliefs of fixed mindset

The intervention reduced fixed
mindset beliefs as measured by
mindset rating (impact = -0.42).

Effect on average grade point
average (GPA) is 0.05 points;
effect on math GPA is 0.06
points.

Effect on average GPA is 0.10
points; effect on math GPA is
0.09 points.

e Effects on ninth-grade GPAs
are statistically smaller for
schools with higher
achievement levels.

o Effects for medium-
achieving schools are simi-
lar to those for low-achieving
schools, but larger than
those for high-achieving
schools.

Effects are larger for schools
with high prevalence.

Effects are not different between
the two sets of schools.

The intervention reduced fixed
mindset beliefs as measured by
responses to a set of survey
questions (impacts range from
-0.52 t0 -0.31).

Effect on average GPA is 0.05
points; effect on math GPA is
0.06 points.

Effect on average GPA is 0.06
points, effect on math GPA is
0.06 points.

e Effects for medium-
achieving schools are bene-
ficial and statistically signifi-
cant for all three academic
outcomes.

e Effects for medium-
achieving schools are dif-
ferent from other schools for
one of the three academic
outcomes.

e  Effects for schools with high
prevalence are positive and
statistically significant.

o Effects are different
between schools with low
and high prevalence.

Effects are not different between
the two sets of schools.
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