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According to mindset theory, students who believe their personal characteristics can change—that is, those
who hold a growth mindset—will achieve more than students who believe their characteristics are ﬁxed.
Proponents of the theory have developed interventions to inﬂuence students’ mindsets, claiming that these
interventions lead to large gains in academic achievement. Despite their popularity, the evidence for growth
mindset intervention beneﬁts has not been systematically evaluated considering both the quantity and
quality of the evidence. Here, we provide such a review by (a) evaluating empirical studies’ adherence to a
set of best practices essential for drawing causal conclusions and (b) conducting three meta-analyses. When
examining all studies (63 studies, N = 97,672), we found major shortcomings in study design, analysis, and
reporting, and suggestions of researcher and publication bias: Authors with a ﬁnancial incentive to report
positive ﬁndings published signiﬁcantly larger effects than authors without this incentive. Across all studies,
we observed a small overall effect: d̄ = 0.05, 95% CI = [0.02, 0.09], which was nonsigniﬁcant after
correcting for potential publication bias. No theoretically meaningful moderators were signiﬁcant. When
examining only studies demonstrating the intervention inﬂuenced students’ mindsets as intended (13
studies, N = 18,355), the effect was nonsigniﬁcant: d̄ = 0.04, 95% CI = [−0.01, 0.10]. When examining the
highest-quality evidence (6 studies, N = 13,571), the effect was nonsigniﬁcant: d̄ = 0.02, 95% CI = [−0.06,
0.10]. We conclude that apparent effects of growth mindset interventions on academic achievement are
likely attributable to inadequate study design, reporting ﬂaws, and bias.

Public Signiﬁcance Statement
This systematic review and meta-analysis suggest that, despite the popularity of growth mindset
interventions in schools, positive results are rare and possibly spurious due to inadequately designed
interventions, reporting ﬂaws, and bias.
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Do you believe that your intelligence is relatively stable, or do
you believe that you can grow your intelligence? According to
mindset theory (Dweck, 2006, 2016; i.e., implicit theories: Dweck,
2000; Dweck et al., 1995), these differing beliefs form the core of
people’s meaning systems (Dweck & Yeager, 2019b). As such, your
mindset “profoundly affects the way you lead your life” (Dweck,
2016, p. 6). Indeed, people’s mindsets are said to create “entire
psychological worlds” (Dweck, 2009, p. 4; see also Dweck, 2007b,

2008a; Yeager & Dweck, 2012) that operate under different motivational and behavioral “rules” (Dweck, 2007a, 2009).
Holding a ﬁxed mindset (i.e., entity theory) means believing intelligence or other characteristics are relatively stable. Proponents of
mindset theory claim holding a ﬁxed mindset is detrimental for a
variety of real-world outcomes because people with ﬁxed mindsets (a)
seek to appear smart/talented at all costs, (b) avoid effort, and (c) refrain
from challenges and conceal weaknesses (Dweck, 2007a, 2009).
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In other words, people with ﬁxed mindsets have the “one consuming
goal of proving themselves” (Dweck, 2016, p. 6), and therefore avoid
challenges (Dweck, 2016) and are “devastated by setbacks” (Dweck,
2008a, p. 1). In short, it has been claimed that the ﬁxed mindset
“world” is one of “threats and defenses” (Yeager & Dweck,
2012, p. 304).
In contrast, holding a growth mindset (i.e., incremental theory)
means believing intelligence or other characteristics are malleable.
Proponents of mindset theory claim holding a growth mindset is
beneﬁcial for a variety of real-world outcomes because people with
growth mindsets (a) focus on learning, (b) believe effort is key, and
(c) embrace challenges and mistakes (Dweck, 2007a, 2009). In other
words, people with growth mindsets have a desire to learn, and
therefore seek challenges and are resilient to setbacks (Dweck, 1986,
2006, 2009, 2016). In short, proponents suggest the growth mindset
“world” is one of “opportunities to improve” (Yeager & Dweck,
2012, p. 304).
Mindset theorists have claimed growth mindsets lead to positive
outcomes in domains ranging from weight loss (Burnette & Finkel,
2012) to business success (Dweck, 2006, 2016) to achieving peace
in the Middle East (Dweck, 2012; Goldenberg et al., 2018; Halperin
et al., 2011). In particular, mindset theory has been inﬂuential in the
educational sphere, where its impact has been described as a
“revolution that is reshaping education” (Boaler, 2013, p. 143).
Mindset proponents encourage parents and teachers to promote
growth mindsets in students because, “what students believe about
their brains—whether they see their intelligence as something that’s
ﬁxed or something that can grow and change—has profound effects
on their motivation, learning, and school achievement” (Dweck,
2008a, p. 1). The promise of profound effects on learning and
achievement led researchers to develop growth mindset
interventions—treatments designed to teach students to have
more of a growth mindset.
Growth mindset interventions have been popularized through
multiple avenues. For example, Dweck (2006, 2016) wrote a
popular press book highlighting growth mindset interventions.
She and other mindset researchers also founded a for-proﬁt
company—Mindset Works—that sells growth mindset interventions to parents and schools. Further, mindset researchers have
called for policymakers to advocate for implementing growth
mindset interventions in schools and for growth mindset research
to be a national funding priority (Rattan et al., 2015).
Millions of dollars in funding from private foundations (e.g.,
Raikes Foundation, Gates Foundation) and government agencies
(e.g., National Science Foundation, U.S. Department of Education)
have been awarded to researchers, nonproﬁt organizations, and forproﬁt companies for growth mindset intervention studies. As an
example, the U.S. Department of Education’s Institute of Education
Sciences recently awarded Mindset Works a $3.5 million grant. The
goal of this grant was to determine whether “Brainology”—Mindset
Works’ ﬂagship growth mindset intervention product—is effective
or not.1
For context, Mindset Works has been selling Brainology to
schools for thousands of dollars for the past decade claiming that
it beneﬁts students.2 This conﬂicting information raises the question
of whether (a) Brainology is beneﬁcial, as Mindset Works claims on
its website, or (b) there was not enough evidence to make this claim,
hence why the grant from Institute of Education Sciences was
needed.

These conﬂicting claims by Mindset Works—that Brainology
beneﬁts students and that funding is needed to determine whether
Brainology is effective—raise two larger questions. Do growth
mindset interventions generally improve students’ academic
achievement? And more deeply, if there is such a beneﬁt, is it
through the assumed underlying mechanism—growth mindset?

Do Growth Mindset Interventions Improve Students’
Academic Achievement?
The most highly cited growth mindset intervention article (cited
over 4,000 times; Google Scholar, July 23rd, 2021) was published
by Blackwell, Trzesniewski, and Dweck in 2007. In their intervention, Blackwell and colleagues assigned classes of students to
receive either a growth mindset intervention (48 seventh-grade
students) or control sessions (43 seventh-grade students). The
grades of students who received the growth mindset intervention
did not increase following the intervention; rather, the grades of
students in the control sessions became worse following the intervention. The lack of decline in grades for the treatment group, along
with students’ grades from the prior school year suggesting a
downward trend, was interpreted as evidence that the intervention
successfully prevented further decline of grades, and therefore
improved students’ academic achievement. Largely based on
Blackwell et al.’s (2007) results, more and more researchers,
teachers, and entrepreneurs began implementing growth mindset
interventions in educational contexts.
In 2018, Sisk and colleagues conducted the ﬁrst meta-analysis
examining the effects of growth mindset interventions on students’
academic achievement. Across 38 independent samples (N = 57,155),
they found that the studies’ results were mixed. A handful of studies
demonstrated that the intervention improved academic achievement
relative to control. A sample from one study demonstrated that
students who completed the intervention experienced worse academic
outcomes relative to students in the control condition (Dommett et al.,
2013). The vast majority of samples demonstrated a nonsigniﬁcant
difference in academic achievement between students who received
the intervention and the control group.
Overall, Sisk et al. (2018) found a small meta-analytic standardized mean difference between intervention and control groups’
academic achievement, favoring the interventions: d̄ = 0.08, 95%
CI [0.02, 0.14]. Despite the positive effect, Sisk and colleagues took
a tentative approach to interpreting the results. They cautioned that
claims that growth mindset interventions “lead to large gains in
student achievement” and have “striking effects on educational
achievement” (Yeager & Walton, 2011, pp. 267 and 268, respectively) are likely unwarranted given the small overall effect.
A second reason Sisk et al. (2018) cautioned against interpreting
the results as strong evidence for intervention effectiveness was
based on their examination of manipulation checks—pre- to postintervention changes in mindset scores in the treatment groups. They
found that many studies did not conduct (or report) a manipulation
check. The effect on academic achievement was signiﬁcant for
1
https://ies.ed.gov/funding/grantsearch/details.asp?ID=1,728 (retrieved
September 23, 2020).
2
“Who beneﬁts : : : • Both high and low-achieving students • Students in
a full range of educational settings” https://www.mindsetworks.com/progra
ms/brainology-for-schools (retrieved September 19, 2020).
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studies that did not report manipulation checks but nonsigniﬁcant
for studies that did report manipulation checks. Perhaps of greatest
concern, among the studies that reported manipulation checks, the
meta-analytic effect on academic achievement was signiﬁcant for
studies where the manipulation checks failed but nonsigniﬁcant for
studies where the manipulation checks succeeded.
Based on the observation that signiﬁcant effects only emerged
when manipulation checks were not included or when manipulation
checks failed, Sisk et al. (2018) suggested that factors other than
growth mindset may be the source of academic achievement
differences. If so, growth mindset might not be the mechanism
underlying effects of “growth mindset” interventions.

Is Growth Mindset the Key Mechanism of Growth
Mindset Interventions?
The claim that growth mindset interventions are important for
academic achievement is explained as follows: (1) Interventions can
teach students to have more of a growth mindset. (2) A growth
mindset leads students to adopt learning goals, to put forth effort to
pursue challenges, and to be resilient following failure. (3) These
traits and behaviors originating from a growth mindset lead to higher
levels of achievement. (4) Therefore, teaching students to have a
growth mindset will lead to higher levels of academic achievement.
In the following subsections, we ask whether each part of this claim
is substantiated by evidence.

Can Interventions Teach Students to Have More of a
Growth Mindset?
Sisk et al. (2018) found that about 1/3 of growth mindset intervention studies did not report whether the growth mindset intervention
inﬂuenced students to have more of a growth mindset. Of those that
did, around half failed to demonstrate the intervention changed
students’ mindsets as intended. This result suggests that teaching
students to have more of a growth mindset may be difﬁcult to
accomplish.
Further, studies that appeared to demonstrate that the intervention
changed students’ mindsets may have been inﬂuenced by demand
characteristics. As Burgoyne et al. (2018) note, the wording of growth
mindset measures administered following an intervention can closely
match the wording of materials used in the growth mindset intervention. If students can guess the premise of the intervention, then they
may respond in ways favorable to the research objective on the
postintervention measure (see Orne, 1962). This problem might be
especially likely in educational environments where students are
frequently tested and wish to be graded favorably.
An alternative interpretation is that measures of mindset do not
accurately reﬂect students’ mindsets, and therefore failed manipulation checks might reﬂect measurement issues. The Implicit Theories of Intelligence Scale (Dweck, 2000) is the most frequently used
measure of mindset (Limeri et al., 2020). It was originally developed
for use with primary-school children but was subsequently used
with students of all ages without rigorous empirical validation
(Limeri et al., 2020). Though the measure demonstrates strong
interitem reliability (see, e.g., Burgoyne & Macnamara, 2021;
Dai & Cromley, 2014; Flanigan et al., 2017), recent research has
called into question the measure’s response process validity—that
is, whether students engage in a common process to respond to the
items (Limeri et al., 2020).
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In particular, Limeri et al. (2020) found that undergraduate
students interpret the term “intelligence,” which is found in every
item of the Theories of Intelligence Scale, in different ways and that
their interpretation of this term corresponds to their responses on the
scale. Students who interpreted “intelligence” to mean knowledge
(around 1/3 of students in the sample) agreed with growth mindset
items and disagreed with ﬁxed mindset items—presumably because
it is logically obvious that one’s knowledge can increase (Limeri et
al., 2020). Students who interpreted “intelligence” as an ability
(around ½ of students in the sample), such as the ability to learn,
problem solve, or think critically, used the whole range of the scale,
with some students agreeing more to ﬁxed items and others agreeing
more to growth items. Many students thought of intelligence as
multifaceted and indicated that it was difﬁcult to respond to the
Theories of Intelligence Scale without knowing what deﬁnition of
intelligence they were supposed to use.
In addition to variability in how students interpret the word
“intelligence,” students’ response processes may differ because
of the mindset intervention. For example, a student might initially
interpret “intelligence” as knowledge; following the intervention,
she might interpret “intelligence” as ability to learn. Functionally,
she would be responding as though the item changed. Likewise, a
student might endorse a statement that one’s intelligence can grow;
following the intervention he might realize his initial belief was
ﬂawed and that he did not agree with the statement as much as he
thought he did and adjust his response. If measures of mindset do not
accurately or reliably reﬂect a person’s beliefs about the malleability
of intelligence, then it is difﬁcult to determine whether an intervention inﬂuenced students’ mindsets.

Does Holding a Growth Mindset Lead Students to
Adopt Learning Goals, Increase Effort to Pursue
Challenges, and Be Resilient Following Failure?
According to mindset theory, the primary goal for people with
growth mindsets is to learn, whereas the primary goal for people with
ﬁxed mindsets is to appear talented (Dweck, 2009). Mindset theory
presumes downstream effects from these learning versus performance
goals: People with growth mindsets are hypothesized to put forth more
effort, pursue challenges, and be resilient following failure (e.g.,
Dweck, 2008a; Rattan et al., 2015; Yeager & Dweck, 2012). In
contrast, people with ﬁxed mindsets are hypothesized to refrain from
putting forth effort, avoid challenges, and be devastated by failure
(e.g., Dweck, 2008a; Rattan et al., 2015; Yeager & Dweck, 2012).
Yet, the overall empirical evidence does not support this claim.
For example, despite the assumed link between mindset and goal
orientation, Payne et al. (2007) conducted a meta-analysis of the
relationship and concluded: “Contrary to Dweck’s (1986) perspective, the effect sizes were very small, providing little evidence for
Dweck’s (1986) view that implicit theories are the primary underlying antecedent of [goal orientation]” (p. 140). In another metaanalysis, Burnette et al. (2013) independently tested multiple relationships in a hypothesized path model of mindset predicting goal
orientations. They found that mindset weakly predicted learning
goals (r̄ = .19) and performance goals (r̄ = −.15).
In a direct test of mindset theory’s underlying premises, we
(Burgoyne et al., 2020) found little evidence supporting the theory’s
claims. Students’ mindsets accounted for only 1% of the variance in
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their proclivity for holding learning goals and 0%–1% in their
proclivity for holding performance goals. We found no evidence
that mindset had a bearing on one’s likelihood to persist when facing
challenges. The largest relationship (though still small: r = −.12)
was between mindset and resilience following failure. Surprisingly,
the effect was in the opposite direction, suggesting that holding a
growth mindset was detrimental to resilience.
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Do Traits and Behaviors Originating From a Growth
Mindset Lead to Higher Levels of Achievement?
According to mindset theory, “students with a ﬁxed mindset, no
matter how bright, often develop values and habits that stand in the
way of developing their abilities and doing well in school. In
contrast, students with a growth mindset embrace learning, mistakes, and effort in a way that promotes their achievement” (Dweck,
2008b, p. 56). But if growth mindset is only weakly (at most) related
to learning goal orientation, persistence, and resilience, the presumed effects further downstream—such as those on academic
achievement—may be negligible.
The available evidence suggests this is the case. For example,
though Burnette et al. (2013) found a weak association between
growth mindset and learning goals, the association between learning
goals and goal achievement was nonsigniﬁcant. As another example, Blackwell et al. (2007) hypothesized that the impact of their
intervention would be strongest for students who initially had more
of a ﬁxed mindset. They reasoned that these students would have the
most room to shift toward a growth mindset, and therefore the most
room for change in motivation and effort, leading to higher gains in
achievement. The evidence failed to support this hypothesis: The
effect of the experimental condition × initial mindset interaction on
change in achievement was nonsigniﬁcant.
If growth mindsets lead to learning goals, increased effort, and
challenge seeking in ways that promote achievement (Dweck,
2008b), we should observe that individuals with growth mindsets
are more likely to attain higher education levels. The available
evidence does not support this premise. Two studies examined the
relationship between mindset and the highest level of education
attained. In a sample of 163 participants, Macnamara and Rupani
(2017) found no signiﬁcant association between mindset and educational attainment. In a sample of 450 participants, Yan et al.
(2014) found a signiﬁcantly negative association such that having
more of a growth mindset was associated with lower levels of
educational attainment.
In Sisk et al.’s (2018) Study 1, a meta-analysis of associations
between students’ mindsets and academic achievement across 129
studies (N = 365,915), they found a weak overall relationship:
Mindset accounted for 1% of the variance in academic achievement.
Though mindset theory would predict that the relationship would be
stronger for students facing challenges (e.g., transitioning to a new
school), level of challenge was not a signiﬁcant moderator. Subsequent large-sample studies (ns = 211, 222, 246, 586) have failed to
observe a signiﬁcant relationship between mindset and grades (Li &
Bates, 2019, 2020). The null result persisted regardless of whether
students were facing difﬁcult transitions or other academic challenges (Li & Bates, 2020). Overall, the relationship between
students’ mindsets and academic achievement appears to be, at
most, weak, and not always in the hypothesized direction.

Does Teaching Students to Have a Growth Mindset
Lead to Higher Levels of Academic Achievement?
Despite limited empirical evidence that holding a growth mindset
leads to higher academic achievement, growth mindset interventions
are widely popular and conducted in classrooms around the world
(Moreau et al., 2019). In Sisk et al.’s (2018) Study 2, a meta-analysis
of the effect of growth mindset interventions on academic achievement, they found a small effect: d̄ = 0.08. Several moderator results
led them to question whether the effect was due to growth mindset;
in particular, the ﬁnding that interventions where the manipulation
check succeeded had no signiﬁcant effect on academic achievement.
If not growth mindset, what else might be driving observed effects
in growth mindset interventions? One factor that might be driving
effects is effort encouragement (Li & Bates, 2019). Students given
growth mindset interventions are typically taught that intelligence
can change and are also encouraged to work harder, while students
in control conditions neither receive the mindset treatment nor this
extra effort encouragement. Multiple differences between treatment
and control protocols make it unclear whether (a) differences
between groups are due to changing students’ mindsets, (b) mindset
training must be augmented with encouragement to work harder to
be effective, or (c) differences are simply due to encouragement to
work harder. Indeed, working harder should produce higher
achievement (Gneezy et al., 2019) regardless of one’s beliefs about
intelligence.
To disentangle these factors, Li and Bates (2019) separately
manipulated ﬁxed mindset and effort encouragement messages.
They found that students given a ﬁxed mindset message (which
should hinder performance according to mindset theory) and effort
encouragement performed as well as students given only effort
encouragement. These results suggest that at least some of the
observed differences between treatment and control groups found
in the mindset intervention literature might be driven by encouraging students to work harder.
Effort encouragement is not the only common difference between
treatment and control groups in growth mindset interventions. Many
growth mindset interventions additionally encourage students in the
treatment group—but not the control group—to practice, study,
pursue challenges, persevere, ﬁnd optimal learning strategies, and/or
seek help (e.g., Blackwell et al., 2007; Burnette et al., 2019;
Paunesku et al., 2015; Yeager et al., 2018). Interventions often
additionally teach students in the treatment group, but not the control
group, strategies for learning course content and overcoming setbacks (e.g., Boaler et al., 2018; Yeager et al., 2018) and include role
models or inspirational stories (e.g., Burnette et al., 2019; Foliano et
al., 2019). Finally, growth mindset interventions might additionally
help students in the treatment group, but not the control group, by
encouraging them to normalize mistakes, set goals, and/or create
individualized study plans (e.g., Blackwell et al., 2007; Gauthreaux,
2015; Zonnefeld, 2015).
Very few growth mindset intervention studies have isolated the
critical ingredient—teaching that intelligence or another characteristic is malleable—as the only difference between treatment and
control groups. One example of such a study was conducted by
Polley (2018) who attempted to isolate the mechanism by speciﬁcally testing whether the success of growth mindset interventions is
due to teaching students about the malleability of intelligence or due
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to other factors that often covary with the experimental
manipulation.
Polley (2018) created a typical growth mindset intervention
using materials from mindsetworks.com and mindsetkit.com. This
intervention taught students that the brain grows stronger when we
learn (i.e., growth mindset). The intervention also encouraged
students to practice, challenge themselves, and focus on learning
deeply; it taught students that challenge meant learning and that
mistakes and failure lead to success; and it taught students to set
learning rather than performance goals and that instead of thinking
that they can’t do something that they should think “I can’t do
something yet!”
In the active control group, students were given the same
encouragement, lessons, tips, and strategies, but received no information that the brain grows stronger with learning. Thus, the
treatment and control groups were identical except for the critical
ingredient of teaching a growth mindset. After controlling for prior
achievement, the treatment and active control groups did not
signiﬁcantly differ on the study’s main measure of academic
achievement. Like Li and Bates’ (2019) set of studies, Polley’s
(2018) study suggests that some of the effects found in the mindset
intervention literature—where growth mindset is often not the only
difference between treatment and control groups—may be due to
factors other than teaching a growth mindset.
One argument for covarying multiple factors with treatment
groups is that encouraging students to put forth more effort and
practice, to embrace challenges, and to develop learning strategies is part of an effective growth mindset intervention (Yeager &
Dweck, 2020). However, this type of design leaves opens the
possibility that encouraging students to put forth more effort and
practice, to embrace challenges, and to develop effective learning
strategies without teaching growth mindset (i.e., that the brain or a
characteristic is malleable) would be equally effective (see
Polley, 2018). That is, one or more factors other than growth
mindset may be the critical ingredients in “growth mindset”
interventions.
Another problem with encouraging students to put forth more
effort and seek challenges while teaching that a characteristic or the
brain is malleable is that increased effort and challenge seeking are
theorized outcomes of holding a growth mindset. When these factors
are combined with the growth mindset intervention, changes in
effort and challenge seeking following the intervention cannot be
attributed to holding more of a growth mindset—it may be from
directly encouraging students to engage in these behaviors. This
combination makes it difﬁcult to determine whether growth mindset
is the mechanism underlying growth mindset intervention effects or
whether growth mindset is unnecessary for inﬂuencing motivations
and behaviors that impact academic achievement.

The Present Study
The goal of the present study was to answer our main questions:
(a) Do growth mindset interventions generally improve students’
academic achievement? (b) If there is such a beneﬁt, is it through the
assumed underlying mechanism—growth mindset—or are apparent
effects due to inadequate study designs, reporting ﬂaws, and/or bias?
We focus exclusively on growth mindset treatments aimed at
improving students’ academic achievement because, in educational
settings, this is often the ultimate outcome assumed to occur from
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holding a growth mindset (see, e.g., Dweck et al., 2014; https://www
.mindsetworks.com/Science/Impact [retrieved July 29, 2021];
Rattan et al., 2015; Yeager et al., 2019).
Sisk et al. (2018) previously meta-analyzed the effect of growth
mindset interventions on academic achievement. However, the quality
of the evidence was not systematically evaluated. Thus, to best answer
our two questions, we conducted the ﬁrst systematic and comprehensive review of the growth mindset intervention on academic achievement literature that examines both the quantity and the quality of the
evidence according to a well deﬁned set of best practices.
In the next section, we describe and justify the set of study design
and reporting characteristics that are critical for evaluating mechanisms of growth mindset interventions. Following the General
Method, we review the state of the growth mindset intervention
literature and describe patterns observed across growth mindset
intervention studies.
We then present the results of three meta-analyses. The ﬁrst metaanalysis addresses our ﬁrst question of whether growth mindset
interventions generally improve students’ academic achievement.
This model used the same approach as Sisk et al.’s (2018): It
included all studies we could ﬁnd that met the inclusion criteria,
regardless of study quality or interpretability of the mechanism.
Thus, the ﬁrst meta-analysis provides the estimated effect of growth
mindset interventions on academic achievement when quality standards are lenient.
For this meta-analysis, we included the studies from Sisk et al.’s
(2018) meta-analytic literature search and updated the search with
studies that became available after their search stop date. Though
these meta-analyses are only a few years apart, the popularity of
growth mindset interventions has continued to increase, resulting in
many studies entering the literature in the intervening years. We
systematically searched for all growth mindset intervention studies
that compared treated students to control students on a measure of
academic achievement (student grades or standardized test scores).
We focused on treatment-versus-control studies because they provide
better evidence for an effect of a treatment than single-group studies.
Additionally, we conducted mixed-effect moderator analyses. We
tested theoretically meaningful moderator variables, such as
whether the effect size differed depending on students’ socioeconomic status or level of challenge. We also tested multiple potential
methodological moderators such as the intervention delivery mode
and number of sessions. We completed this meta-analysis by
conducting publication bias analyses to assess the extent to which
such biases may be operating within the growth mindset intervention literature.
The second and third meta-analyses attempt to answer our second
question of whether growth mindset is the underlying mechanism of
growth mindset interventions. The second model follows up on Sisk
et al.’s (2018) moderator analyses of manipulation checks. In this
model, we only included studies that demonstrated a signiﬁcant
change in the mindsets of students who received the growth mindset
intervention. Thus, the goal of the second meta-analysis is to
evaluate treatment effects of studies that provide a minimal standard
of evidence that growth mindset is the underlying mechanism. We
note, however, that this model rests on the assumption that measures
of mindset are valid and reliable, and that other factors are not the
key mechanisms driving effects.
We conducted the same mixed-effects moderator analyses as in
the ﬁrst meta-analysis when possible. Relatively few studies
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demonstrated that the intervention inﬂuenced students’ mindsets.
Therefore, in some cases, not enough effects were available to
conduct moderator analyses.
The third model presents the best available evidence—growth
mindset intervention studies with the highest-quality study design
and evidence that growth mindset could be one of the underlying
mechanisms. As Yeager and Dweck (2020) point out, examining the
average effect size from a meta-analysis that combines all studies—
regardless of quality—is suboptimal. Instead, examining the best
available evidence will lead to a better estimate of the true effect.
Our goal for the third meta-analysis was to include studies that
demonstrated the intervention inﬂuenced students’ mindsets and
met all best practices criteria. No studies met all best practices
criteria. In this case, our plan was to relax the standard for the
number of best practices a study met until at least ﬁve studies could
be included. This process resulted in six studies meeting at least 60%
of the best practices criteria. There were not enough studies included
in the third meta-analysis to conduct moderator analyses.

Study Characteristics Critical for Accurately
Interpreting the Treatment Mechanism
The best practices criteria we evaluate belong to a larger group of
study characteristics critical for evaluating evidence. The characteristics we describe apply to all psychological intervention studies,
though we focus on their implementation in growth mindset interventions in educational settings. These characteristics are needed to
draw clear conclusions from the research, particularly in interpreting
the treatment mechanism.

Best Practices in Intervention Design
The Intervention Is Compared to an Active Control
Condition
The control condition should be identical to the treatment condition in every way except for the critical ingredient of the treatment
(Simons et al., 2016), including matching participant expectations
(Boot et al., 2013). Passive comparison groups (no-contact, waitlist,
and teaching-as-usual controls) differ from the treatment group in
students’ and teachers’ expectations, attention, and engagement.
Differences between treatment and passive control groups could
account for perceived treatment effects, rather than growth mindset
messages.
A more rigorous methodology compares an intervention to an
active control group (sometimes called a treated control or a placebo
control). In an active control group, participants engage in similar
activities to those in the intervention, minus the critical ingredient
(i.e., growth mindset). An active control group is necessary but not
sufﬁcient to attribute differences in achievement to the intervention
(Simons et al., 2016).
A ﬁxed mindset intervention comparison group is a type of active
control. However, any differences between the groups cannot be
attributed to the beneﬁt of a growth mindset intervention over a
detriment of a ﬁxed mindset intervention, if there is one. Thus,
choosing an active (non-ﬁxed-mindset) control group is the best
type of comparison group for isolating the critical ingredient of a
growth mindset.

Aside From Attribute Malleability, No Other
Differences Between the Treatment and Control
Group Should Be Introduced
In addition to comparing the treatment to an active control, the two
groups’ activities, perceptions, and experiences should be identical
except for the key manipulation: inﬂuencing one group to believe
intelligence or another attribute can change—that is, teaching a
growth mindset. Unless also applied to the comparison group, growth
mindset interventions should not additionally encourage treatment
group students to work harder, suggest strategies when facing challenges, help students set goals, or include any other treatment aspect.
When the treatment and control groups differ in multiple ways this
precludes interpretation of the mechanism driving any effects.
It may be that additional encouragement, strategies, and tips, such
as providing concrete actions for students, are necessary for a
mindset intervention to impact achievement (Yeager & Dweck,
2020). To determine if the intervention’s impact is from a change in
growth mindset augmented with encouragement, strategies, and/or
tips—rather than only due to the encouragement, strategies, and/or
tips—the control group needs to receive the same information as the
treatment group except for information about attribute malleability
(growth mindset). Without a control protocol that is otherwise
identical to the treatment, we cannot determine whether teaching
a growth mindset is necessary. Thus, in the presence of multiple
differences between treatment and control groups, any effects
cannot be clearly attributed to growth mindset.

A Priori Power Analysis
Adequate sample sizes are necessary for appropriate hypothesis
testing. A priori power analyses help researchers determine the
minimum sample size needed to appropriately test for an effect of a
given size. Adequate sample sizes are necessary to have conﬁdence
in the precision of sample estimates, as small samples lead to high
uncertainty in the results. Thus, researchers should conduct an a
priori power analysis to determine the minimum sample size needed
to reliably detect the smallest effect size that would be of theoretical
and/or practical importance.
A priori power analyses, or sample size justiﬁcation more
broadly, have become increasingly common in the past decade.
They have been part of the American Psychological Association’s
Journal Article Reporting Standards since their inception in 2008
(APA Publications & Communications Board Working Group on
Journal Article Reporting Standards, 2008). Reporting a power
analysis does not ensure the study is adequately powered. However,
reporting an a priori power analysis requires researchers to determine the expected effect size or smallest effect size of interest and
plan the study accordingly. If reported and followed, conducting a
priori power analyses also protects against questionable research
practices such as p-hacking and data peeking.

Random Assignment to Condition at the
Individual Level
Along with adequate sample sizes, random assignment to conditions at the individual level helps ensure that the treatment and
control groups are comparable. That is, if participants are randomly
assigned to condition, there is an equally likely chance that any
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given individual with all their characteristics will be assigned to
either condition. With a large enough sample, on average, the groups
should be roughly equivalent regarding extraneous factors (e.g.,
ability, personality, motivation) that could affect the outcome of the
intervention. As the literature in an area grows, if it contains many
studies with large-sample sizes where participants were randomly
assigned to condition, the average effect of an intervention should
not be inﬂuenced by such extraneous factors.
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Blinding
Blinding participants to condition assignment is important in
treatment-control designs where awareness of one’s condition
assignment (or that there are multiple conditions) could alter beliefs,
motivation, or otherwise inﬂuence behavior. Without blinding,
subject-expectancy effects might occur, especially in cases where
participants are aware or intuit that their assigned condition is
designed to be beneﬁcial (the treatment condition) or is not designed
to be beneﬁcial (the control condition; Boot et al., 2013). Participants not blinded to condition may also behave according to their
beliefs about the study administrators’ expectations (i.e., demand
characteristics). Unfortunately, blinding to condition assignment
does not ensure that expectations are equated: The intervention itself
can inﬂuence students’ expectations about improvement. In addition
to blinding to condition, researchers should explicitly test for
students’ expectations for the effectiveness of the intervention.
Blinding study administrators to condition assignment may reduce
demand characteristics if administrators do not have informed
expectations for participants to intuit. Blinding study administrators
to condition assignment may also help reduce observer-expectancy
effects—when study administrators consciously or unconsciously
inﬂuence participants (e.g., Rosenthal, 1976; Rosenthal & Rubin,
1978). Depending on the amount and type of administrator involvement in the intervention, researchers should explicitly test administrator’s expectations for the effectiveness of the intervention.
Finally, blinding teachers to students’ conditions reduces the
chance that teachers’ beliefs about condition effectiveness and
knowledge of student assignment will inﬂuence their behavior
toward the student or their evaluation of student performance
(e.g., Ainsworth et al., 2015; Rosenthal & Jacobson, 1968).
Researchers should explicitly test teachers’ expectations about
the effectiveness of the intervention.
Growth mindset interventions should be designed and administered to equate participant, administrator, and teacher expectations
and to reduce biases. Otherwise, readers cannot evaluate whether
differences between the treatment and control groups are due to the
treatment or these extraneous variables.

Testing Whether the Intervention Inﬂuenced
Treatment Students’ Mindsets
Assuming construct measures are valid and reliable, manipulation
checks are critical for drawing accurate conclusions about the effect
of the independent variable on the dependent variable when the
independent variable can only be manipulated indirectly (Hoewe,
2017), as is the case with growth mindset interventions. If manipulation checks are not included or the manipulation check fails, there
is insufﬁcient evidence to attribute intervention effects to the
hypothesized mechanism. Only when the manipulation check
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succeeds is there evidence that an effect may be attributeable to
the hypothesized mechanism.
Researchers must also keep in mind that manipulation check
results are only as valid as their measures. If no measures accurately
reﬂect the underlying construct (e.g., due to demand characteristics,
variable response processes), then the responsible mechanism cannot be determined until a valid and reliable measure has been
developed. If measures of mindset are valid and reliable, researchers
should test whether the intervention successfully inﬂuenced students’ mindsets as intended and interpret treatment results in light of
this manipulation check.

Best Practices in Documentation, Analyses, and
Reporting
Following Detailed Preregistered Hypotheses,
Design, and Analysis Plans
Preregistration is required for all government-funded medical
clinical trials in the United States (Food & Drug Administration,
2007; see also Kaplan & Irvin, 2015). Preregistering in psychology
is a newer practice—for instance, the badge identifying preregistered studies was introduced by Psychological Science in 2013
(Eich, 2014)—and is not mandated.
Preregistrations vary in their thoroughness, but the idea behind
preregistration is that researchers record their hypotheses, planned
sample, data collection stopping rule, measures, conditions, procedure, and analysis plan before the data have been examined (and
ideally before the start of data collection). These public documents
are timestamped and uneditable, and can be embargoed (with access
given to reviewers) while authors work toward publication.
When a detailed preregistration has been created, the ﬂexibility to
engage in certain “questionable research practices” (John et al.,
2012, p. 524) using “researcher degrees of freedom” (Simmons
et al., 2011, p. 1359) is curtailed. In particular, preregistration may
deter the following practices:
1.

selectively excluding participants’ data based on the
results;

2.

selectively reporting dependent measures based on the
results;

3.

selectively reporting, comparing, or combining conditions
based on the results;

4.

examining the data and deciding to collect more data if the
results are not signiﬁcant; and

5.

examining the data and deciding to stop data collection if
the results are signiﬁcant (John et al., 2012).

Some might argue that insisting on preregistrations will suppress
discoveries. This need not be the case. Discoveries can continue to
be made via exploratory studies or exploratory analyses. To conﬁrm
those discoveries and test new hypotheses, planned conﬁrmatory
analyses and hypotheses should be registered a priori. Preregistered
studies are not necessarily well-designed studies. Nonetheless, more
trust can be placed in the veracity of results from studies that adhere
to detailed preregistrations than similar studies that do not.
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Reporting the Results of the Participants Who Participated
In large-scale randomized control trials where missing data,
noncompliance, deviations from protocols, and failure to start cases
are likely to occur, researchers must decide whether to conduct perprotocol analyses, intent-to-treat analyses, or both. Per-protocol
analyses refer to analyses that only include the participants who
received the treatment (or control) as intended. Intent-to-treat
analyses refer to analyses that include all participants who were
assigned to condition regardless of whether they received the
treatment or violated protocols.
Per-protocol analyses are sometimes described as “proof of
principle” or method effectiveness (Porta et al., 2007; Sheiner,
2002) and are most appropriate when the goal of the study is to
evaluate the potential beneﬁt for those who receive the treatment as
planned (Hollis & Campbell, 1999). However, per-protocol analyses can introduce systematic bias by removing those who do not
comply. Noncompliers might have certain characteristics that differ
from compliers that would impact the effect of treatment (Shaya &
Gu, 2007) and noncompliance might be higher in the treatment
condition than in the control condition, violating the goal of random
assignment.
Intent-to-treat analyses are sometimes described as “proof of
practice” or use effectiveness (Porta et al., 2007; Sheiner, 2002)
and are most appropriate when the goal of the study is to evaluate the
estimated beneﬁt of a change in treatment policy (Hollis &
Campbell, 1999) because in the real world not all people will
adhere to treatment. Though intent-to-treat analyses are often
viewed as a solution to the bias that can come with per-protocol
analyses, ﬂexibility in intent-to-treat analysis decisions can also bias
results. In an analysis of randomized controlled trials reported as
using intent-to-treat analyses, Hollis and Campbell (1999) note that
there is no standard deﬁnition of intent-to-treat and researchers vary
widely in their interpretation. For example, researchers differed in
whether they included participants who never started the treatment,
whether they excluded participants after randomization and under
which circumstances, and how they handled missing data on the
outcome variable. They conclude “The intention to treat approach is
often inadequately described and inadequately applied : : : . Readers
should critically assess the validity of reported intention to treat
analyses” (p. 670).
Likewise, Porta et al. (2007) conducted a systematic review of
randomized two-armed clinical trials that reported both per-protocol
and intent-to-treat analyses. They found poor agreement between
the two approaches due to the uncertainty that protocol deviations
and missing values introduce. This variability may be due to
differences in exposure to the treatment mechanism as well as
differences in the method used to impute missing outcome values
in intent-to-treat analyses. Porta et al. concluded that using a single
statistical approach of either per-protocol or intent-to-treat analyses
does not protect against bias.
Intent-to-treat analyses should be more conservative than perprotocol analyses because they will include individuals who did not
adhere to the treatment regimen, reducing the effect of treatment.
We should, therefore, be concerned when failure to comply with
treatment increases the reported effect of treatment. For example,
Outes and colleagues conducted a large-scale growth mindset
intervention in Peru. Of the 400 schools intended to administer
the intervention, 161 schools did not receive the materials or did not

administer the intervention. Per-protocol analyses—analyses that
only included the 239 schools that administered the treatment as
intended—yielded ds = 0.03 and 0.01 for the two academic
achievement measures (see Sisk et al., 2018). Outes et al. (2017)
reported intent-to-treat analyses—analyses where all 400 schools
were included in the treatment group. Despite the assumption that
intent-to-treat analyses should yield more conservative estimates
than per-protocol analyses, the reported intent-to-treat effects were
ds = 0.11 and 0.08: Nearly four times and eight times the size of the
per-protocol results. Thus, failing to implement the treatment substantially increased the apparent effect of the treatment.
Outes et al. (2017) then additionally applied an adjustment for
schools’ noncompliance. Rather than bringing the effect size estimates closer to the effects for schools that complied (ds = 0.03 and
0.01), this adjustment further increased the effect sizes to ds = 0.25
and 0.18, respectively. Thus, an adjustment ostensibly intended to
better reﬂect effects had students received the treatment, yielded
effect sizes eight to eighteen times the size of the effects for students
who received the treatment. The true explanatory effect of an
intervention cannot be determined when researchers have such
ﬂexibility in applying estimates and adjustments.
Further, the type of analyses used should depend on the goal of
the study. Intent-to-treat analyses should be used when the goal is to
determine the pragmatic effects of a policy change rather than an
estimate of the potential effect when the treatment is received as
planned (Hollis & Campbell, 1999). We argue that the potential
beneﬁt of treatment when received as planned, who beneﬁts, and
how (by what mechanism), should be more ﬁrmly established in the
growth mindset intervention literature before investigating the
pragmatic effects of policy change.
That said, in the presence of protocol deviations, conclusions
regarding the effect of treatment cannot rest on either per-protocol or
intent-to-treat analyses alone (Porta et al., 2007). Thus, in cases of
large-scale studies where missing data, noncompliance, deviations
from protocols, and failures to start are likely to occur, both perprotocol and intent-to-treat analytical results should be reported.

Reporting the Results of All Subsamples
Like any type of underreporting, selectively excluding the results
of subsamples provides an incomplete picture of the treatment
effects. For example, Broda et al. (2018) administered a growth
mindset intervention to incoming students at a large university and
grouped students into one of six subsamples (African American,
Asian, International, Latino/a, Multiracial, and White), but only
reported the results of three of these six subsamples, along with the
results of the “full sample.” The “full sample” only included ﬁve of
the six subgroups, without an explanation for why one group
(approximately 15% of the whole sample) was excluded from all
analyses. Readers cannot evaluate the full set of results when
subgroups are excluded.
As another example, in a recent large-scale growth mindset
intervention experiment, Yeager et al. (2019) excluded 50% of
the participants and only reported the results of students who were
“relatively lower achieving” (p. 366). If one or more subgroups are
important enough to be separated instead of reported as part of
the whole sample, all subgroups’ results should be reported for
comparison.
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Best Practices in Avoiding Financial Conﬂicts
of Interest
Many mindset researchers have a ﬁnancial interest in demonstrating the beneﬁts of growth mindsets. To be clear, a researcher can
become an expert on a topic and have income tied to their expertise
(e.g., raises at an institution, honoraria for scientiﬁc talks) without
having a perceived conﬂict of interest. A perceived conﬂict of
interest is introduced when one’s income is tied to promoting a
particular outcome, in this case, positive effects of growth mindset.
Financial incentives to report particular outcomes may inﬂuence
study design, analyses, how ﬁndings are interpreted, and which
results are reported and published (Roseman et al., 2011).
Some mindset researchers proﬁt from selling self-help books that
tout the beneﬁts of growth mindsets. With millions of books in print,
author proﬁts likely exceed $1 million (Peterson, 2019). When
writing and promoting a growth mindset self-help book with
promises to explain “how we can learn to fulﬁll our potential”
(cover, Dweck, 2006, 2016) or build “conﬁdence, courage, and grit”
(cover, Coates, 2020), there is a ﬁnancial incentive to describe
evidence in favor of these claims and omit contradictory evidence.
The ﬁnancial incentive to describe evidence aligned with promoted content continues after writing the book. That is, people may
be more likely to buy a book on mindset after hearing about a
research study describing growth mindset’s beneﬁts and less likely
to buy the book if they hear about conﬂicting evidence. Thus, book
authors subsequently conducting research on growth mindsets may
be, perhaps without awareness, more likely to look for evidence
supporting their book’s claims (conﬁrmation bias) and less likely to
publish contradictory ﬁndings (contributing to publication bias).
Multiple growth mindset researchers are registered with speakers’
bureaus as motivational, inspirational, and keynote speakers, where
they charge $10,000–$50,000 per talk to speak about growth
mindset.3 This income is not often acknowledged in scientiﬁc
publications (Chivers, 2019). Although psychology has no clear
ﬁnancial conﬂict of interest standards about this type of income, the
medical ﬁeld would consider not disclosing this revenue stream in
publications a violation of their ethical guidelines: Readers should
be alerted to ﬁnancial interests they might perceive as potentially
inﬂuencing ﬁndings (Chivers, 2019). That is, presumably, companies hire mindset researchers as motivational speakers to hear about
the beneﬁts of growth mindsets; knowledge of weak, mixed, null, or
counter-evidence to the beneﬁts of growth mindset reduces that
appeal, which would reduce the number of invitations for these
lucrative speaking engagements.
Additionally, several growth mindset researchers have cofounded, are employed by, or serve as paid consultants to organizations that sell or promote growth mindset interventions or services.
In the case of for-proﬁt companies, more growth mindset products
sold/consulting contracts gained leads to more proﬁt, and greater
potential ﬁnancial compensation for cofounders, executives, and
employees. For nonproﬁt organizations, more clients seeking
growth mindset services leads to a stronger organization and greater
potential ﬁnancial compensation for executive directors, employees,
and consultants. Mindset researchers earning income from either
type of organization are incentivized to report positive effects of
growth mindset in their research.
These biases may be unintentional. For instance, when a growth
mindset intervention has a null effect, growth mindset proponents
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with a ﬁnancial incentive may be likely to question the timing, the
training of the administers, contextual factors, or other nuances and
assume one of these issues suppressed the result. Critically, if a
positive effect is found, this same level of criticism may not be
applied. As Simons et al. (2016) state:
Although researchers no doubt view their own work as objective and
untainted by corporate inﬂuences, evidence from ﬁelds like medicine
raise doubts about the ability to remain neutral when ﬁnancial incentives
are aligned with one outcome (e.g., see Bekelman et al., 2003; Garg
et al., 2005; Perlis et al., 2005). (p. 168)

Best Practices That Were Inclusion Criteria
Here, we mention best practices in intervention design and in
documentation, analyses, and reporting that were part of our inclusion criteria. As such, all studies included in the subsequent systematic review and meta-analyses met these criteria and we do not count
them when examining the number of best practices criteria studies
met. We introduce these study and report characteristics here to
explain their importance for accurately interpreting the treatment
mechanism when evaluating growth mindset intervention studies.

The Intervention of Interest Is Isolated From Other
Treatments
To test the efﬁcacy of a particular intervention, there must be a
condition in which participants only receive the intervention of
interest for comparison with a control group. If an intervention is
combined with another treatment, either by design or during
analysis, readers cannot evaluate whether the intervention is
effective or whether effects are due to the other treatment or their
combination. For example, Tillis (2019) randomly assigned students to a treatment group or a control group. The treatment group
students received a growth mindset intervention, a stereotype
threat intervention, and a relevance and cognitive dissonance
intervention. By designing the study to combine multiple interventions, the effects of the growth mindset intervention cannot be
isolated experimentally. We only included studies where the
growth mindset intervention was administered independent of
other intervention protocols.
It can be similarly problematic when researchers design a study
where the effect of the growth mindset intervention can be isolated,
but then combine multiple interventions’ effects when reporting the
results. For example, Paunesku et al. (2015) conducted a study where
students were randomly assigned to a control condition, a growth
mindset intervention, a sense-of-purpose intervention, or a growthmindset-and-sense-of-purpose combined intervention. This design is
excellent because it allows the researchers to determine (a) the effect
of the growth mindset intervention, (b) the effect of the sense-ofpurpose intervention, and (c) the effect of the combined growth
mindset and sense-of-purpose intervention relative to the control.
3
See for example, https://www.aaespeakers.com/speakers/carol-dweck,
https://www.speakerbookingagency.com/talent/carol-dweck. See also for
example, https://www.jla.co.uk/conference-speakers/carol-dweck, https://
www.celebrityspeakersbureau.com/talent/carol-dweck/, https://www.nopa
ctalent.com/speaker/carol-dweck.php (all preceding retrieved August,
22nd, 2020). See https://www.allamericanspeakers.com/celebritytale
ntbios/Lisa+Blackwell,+PhD/399102 (retrieved September 16th, 2020).
See also https://www.thelavinagency.com/speakers/david-yeager (retrieved
March 28th, 2021).
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However, Paunesku and colleagues combined all three intervention
groups into one (the mindset intervention, the sense-of-purpose
intervention, and the combined mindset and sense-of-purpose intervention) and compared this single combined intervention group to
the control group for one of their two outcomes. Combining all three
intervention conditions to compare with the control group obfuscates
the effects of the individual treatment conditions as well as the effects
of the combined mindset and sense-of-purpose condition. We only
included studies where the effect of the growth mindset intervention
could be evaluated independently of other interventions’ effects.

averages (GPA) into satisfactory grades (As, Bs, and Cs) and
unsatisfactory grades (Ds and Fs) when examining the effect of a
mindset intervention. This practice reduces the information available to answer the question of what effect an intervention has on
achievement. For instance, it reduces variance such that a C− grade
is treated the same as an A+. No studies included in our systematic
review and meta-analyses artiﬁcially dichotomized continuous
measures.

Measuring Direct Outcomes Rather Than Indirect
Outcomes

The following characteristics are critical for interpreting treatment
mechanisms accurately, but we do not code them as best practices
criteria. We explain why in each case. We introduce these study and
report characteristics here to explain their importance for evaluating
growth mindset intervention studies.

If the goal is to measure the effect of a treatment on an outcome,
researchers should measure the outcome of interest as directly as
possible. In the case of growth mindset interventions in education,
much of the time, the outcome of interest is students’ academic
achievement. There are several potential direct measures of academic achievement, such as grades and standardized tests scores. All
studies included in our systematic review and meta-analyses examined the effect of growth mindset interventions on grades (exam
grades, course grades, grade averages) and standardized test scores.
Though the measurement of indirect effects is useful for testing
mediation, conclusions about an unmeasured outcome should not be
drawn from indirect effects. In the case of mindset, the effect of
growth mindset interventions on academic achievement is assumed
to occur via motivational processes, such as motivation to learn and
seek challenges. However, given the weak links between mindset
and motivational processes (e.g., Burgoyne et al., 2020; Burnette
et al., 2013; Payne et al., 2007) and between these motivational
processes and achievement (e.g., Burnette et al., 2013), one cannot
infer the effect of mindset on academic achievement based on
mindset’s relationship to a motivational process. For example, if
a study were to test the impact of a growth mindset intervention on
motivation to seek challenges, this outcome measure should not be
used to draw conclusions about mindset interventions’ effects on
academic achievement—academic achievement should be measured directly if attempting to draw conclusions about it.
As another example, if the outcome of interest is on-time college
graduation, on-time college graduation should be the measured
outcome. Measuring full-time status as a freshman, which in turn
predicts on-time college graduation, should not be the outcome
variable used to draw conclusions about growth mindset intervention effects on on-time graduation (see Yeager, Walton, et al., 2016).
Examining whether a growth mindset intervention predicts a predictor of academic achievement does not provide strong evidence
that the intervention directly predicts that outcome.

Using Continuous Variables Over Artiﬁcially
Dichotomized Variables
Artiﬁcially dichotomizing continuous measures is rarely conceptually or statistically defensible, and frequently yields misleading
results (MacCallum et al., 2002). Although artiﬁcial dichotomization is most often performed on the predictor variable in correlational psychological research (e.g., a median split), some researchers
will artiﬁcially dichotomize the outcome variable (MacCallum et al.,
2002). An example is artiﬁcially dichotomizing grade point

Interpretation Considerations

Equivalent Control Group at Baseline
In addition to using an appropriate control condition, the control
group should be comparable to the experimental group on key
outcome variables before treatment (in the present case, academic
achievement). Otherwise, the results may be difﬁcult to interpret
(Redick & Webster, 2014). Statistically controlling for preintervention differences does not necessarily solve this problem. For example, suppose the treatment group’s average baseline score was
higher than the control group’s average baseline score, but neither
group showed any improvement from pre- to postintervention. An
ANCOVA controlling for preintervention differences would indicate a beneﬁt of the intervention for the treatment group despite no
improvement from the intervention (i.e., Lord’s paradox, Lord,
1967; see also Wright, 2006).
Additionally, baseline scores or factors associated with baseline
scores could interact with the effect of the intervention—for example, some mindset proponents have suggested that growth mindset
interventions may be more effective for lower-achieving students
than higher-achieving students (e.g., Yeager et al., 2019). If the
treatment and control groups differ on the outcome variable measure
at baseline, the effect of the intervention may be ambiguous.
An equivalent control group at baseline is critical for interpreting the treatment mechanism. However, we do not consider having
an equivalent control group at baseline a best practice because it
may not be a failure of the study design. That is, despite random
assignment to condition, the treatment and control groups
could still differ on preintervention academic achievement due
to chance.

Controlling for the Familywise Error Rate
If multiple tests are conducted for the same hypothesis, the
familywise error rate should be adjusted. Otherwise, the chance
of erroneously observing a signiﬁcant effect increases beyond the α
level. For example, suppose a growth mindset intervention measured academic achievement at three time points for each of seven
classes, any of which could support the hypothesis that the growth
mindset intervention impacted achievement. With 21 signiﬁcance
tests and an α level of .05, we should expect that one outcome will be
signiﬁcant by chance even if the null hypothesis is true because the
typical α level (.05) permits a false positive rate of 5%. If only one
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signiﬁcance test is conducted per hypothesis, then there is only a
small chance that it will reveal a signiﬁcant effect when none truly
exists. Thus, the α level for multiple tests of the same hypothesis
should be controlled (e.g., applying Bonferroni’s correction).
Though controlling for the familywise error rate is a best practice
in reporting, we do not code it as such because it does not impact the
results of meta-analyses, as meta-analyses evaluate the size of the
effect rather than its signiﬁcance. That said, as we systematically
reviewed the literature, we found multiple instances of practices that
inﬂate the Type I error rate as well as inappropriate interpretations of
signiﬁcance levels. Readers should consider whether the familywise
error rates need to be adjusted when evaluating growth mindset
intervention studies.

Testing for Differences Between Groups
When Claiming Group Differences
When authors make claims about the importance of the treatment
for a given subgroup compared with other subgroups, they should
test for those claimed differences. For example, Broda et al. (2018)
stated their mindset intervention was “designed to impact underrepresented student groups” (p. 322). Yet, they do not report a test of
whether the treatment impacted students differently depending on
their identiﬁed group membership.
As another example, Yeager et al. (2019) only reported the results
of the 50% of students performing below their school’s median.
They stated this was in part because lower-achieving students may
have more academic difﬁculties and therefore may beneﬁt more
from a growth mindset intervention than higher-achieving students.
Yet, they did not report a test of whether the treatment effect for
lower-achieving students differed from the treatment effect for
higher-achieving students.
Testing for group differences when claiming or implying group
differences is a best practice in analyses. As with controlling for the
familywise error rate, we do not code this characteristic as a best
practice criterion here because it does not impact the results of metaanalyses. That said, when evaluating growth mindset intervention
studies, readers should consider whether claims of subgroup differences are warranted by proper statistical tests.

General Method
Transparency and Openness
Hypotheses, methods, and planned analyses were preregistered at
https://osf.io/ga9jk. Deviations and decisions not explicit in the
preregistration are reported in the Appendix. We designed the
meta-analyses and report the results in accordance with the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) statement (Moher et al., 2009) and the American Psychological Association’s Quantitative Meta-Analysis Article Reporting Standards (Appelbaum et al., 2018). The meta-analytic data
are openly available at https://osf.io/ajhxv/.

Inclusion Criteria and Literature Search
The criteria for including a study were as follows:

• A growth mindset treatment not combined with any other
intervention, was administered directly to students, where
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the primary goal was to increase students’ belief that one
or more human characteristics (e.g., intelligence, personality) are malleable.

• A relevant comparison group (active, passive, or ﬁxedmindset condition), henceforth control, was included.

• A measure of academic achievement—course exam grade
(e.g., midterm exam), single course grade, GPA, or standardized test performance—was reported.

• An effect size reﬂecting the difference between the growth
mindset intervention group and the control group on one or
more measures of academic achievement after the intervention was reported, or enough information was provided
to compute this effect size.

• The methods and results were in English.
These inclusion criteria are identical to Sisk et al.’s (2018)
inclusion criteria, with two exceptions. The ﬁrst is that we included
studies that only reported intent-to-treat analyses when we could not
obtain the effects for students who completed the intervention (i.e.,
per-protocol analyses). The second is that we only included interventions that directly taught that a human characteristic could
change. This criterion excluded studies where the apparent goal
was to induce growth mindsets, but the manipulation only involved
praising effort or attributing success to effort.
Praise-only and attribution-only interventions were described as
instilling a growth mindset for many years (see, e.g., Dweck, 2007c,
2008b, 2010; Dweck et al., 2014; Haimovitz & Dweck, 2017; Levy &
Dweck, 1999; Walton & Wilson, 2018; Yeager & Dweck, 2012).
For example, Mueller and Dweck (1998) performed a now-classic
praise-only study where Dweck (2008b) later described the manipulations as follows: “intelligence praise instilled more of a ﬁxed
mindset, making students believe that their intelligence was a ﬁxed
trait, whereas the effort praise instilled more of a growth mindset”
(p. 57). Later on, after Li and Bates (2019) attempted near replications of Mueller and Dweck (1998) and concluded the results failed
to replicate, Dweck and Yeager (2019a) argued that praise- and
attribution-only studies are not mindset studies. They stated: “In
mindset studies, participants receive explicit instruction about the
malleability of ability” (p. 18).
The included studies came from two distinct searches. We used
the output from the systematic search conducted by Sisk et al. (2018)
through October 28, 2016, who used psychology-oriented,
education-oriented, and multidiscipline databases (APA PsycINFO,
ERIC, PubMed, ProQuest Dissertations & Theses), as well as
Google Scholar, emailing authors, contacting organizations, and
posting requests for data on a Society for Personality and Social
Psychology forum (see Sisk et al., 2018, for details).
Following the methods used by Sisk et al. (2018), we systematically searched for relevant published and unpublished studies that
became accessible between October 28th, 2016 and August 7th,
2019. See Figure 1. For records in 2016 where it was not clear which
month they became available, we rescanned them in the current
search. A team of ﬁve (the authors and three research assistants)
searched the databases, Google Scholar search engine year by year,
and past conference programs for references based on the search
terms listed in Figure 1. The authors divided the references by year
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Figure 1
Flowchart Describing the Literature Search
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to screen the abstracts and evaluate the full-text articles. If we
encountered nonidentical duplicates of the same study, we used the
report that included more participants. If they included the same
number of participants, we used the published version. We also
searched for published versions of unpublished studies included in
Sisk et al. (2018) that were also included in the present study. In the
Supplemental Materials, we provide a table of studies that met many
but not all of the inclusion criteria and note why they were excluded
from the meta-analyses.
Including the records previously identiﬁed by Sisk et al. (2018),
altogether we identiﬁed 61 independent records, which included 63
studies and 79 independent samples with a total sample size of
97,672 students. Thus, relative to Sisk et al. (2018), the present
meta-analysis includes more than double the number of records and
nearly double the total number of participants.

Effect Sizes and Associated Variances
For each study, we obtained the standardized mean difference
(Cohen’s d) between the treatment and control group to measure the
magnitude of the effect of the growth mindset intervention on
academic achievement. When possible, we accounted for baseline
academic achievement. When multiple options were available for
obtaining the effect size, we used the ﬁrst option available from this
list: (a) raw data; (b) mean post–pre difference score of the treatment
group minus the mean post–pre difference score of the control group
divided by the pooled standard deviation of the difference scores;
(c) mean post–pre difference score of the treatment group minus the
mean post–pre difference score of the control group divided by the
pooled preintervention standard deviation (Morris, 2008); (d) ANCOVA or regression accounting for baseline achievement;
(e) postintervention group means and standard deviations; (f) ttest or simple effects analysis; (g) reported Cohen’s d, 8) another
statistical test (e.g., analysis of variance [ANOVA]). We used the
Campbell Collaboration effect size calculator (Lipsey & Wilson,
2001; https://campbellcollaboration.org/escalc/html/EffectSizeCa
lculator-SMD-main.php) except in the case of Option (c), which
is not an option in the Campbell Collaboration effect size calculator
and was manually calculated.
We also obtained the sampling error variance associated with
each Cohen’s d. We obtained the sampling error variance from the
Campbell Collaboration effect size calculator. In the case of Option
(c) in the previous paragraph, we manually calculated variance
(see Coe, 2002).
For studies with multiple standardized tests (e.g., verbal SAT and
quantitative SAT) or multiple measures of both grade and standardized test (e.g., an effect size for GPA and an effect size for
performance on a standardized test from the same students), we
adjusted the variance by applying Cheung and Chan’s (2004, 2008)
method, which combines dependent effects and adjusts the associated sample size. We used the weighted mean of all effect sizes for
the weighted average component of their formula. When dependent
effects were relevant to different levels of a moderator (e.g., an effect
size for GPA and an effect size for performance on a standardized
test from the same students when examining academic achievement
type), the dependent effects were treated as independent for that
moderator analysis so that each relevant effect could be included.
For studies where assignment to condition occurred at the classroom or school level rather than at the student level, we adjusted the
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variance associated with these effect sizes by applying Kish’s (1965)
design effect adjustment, which accounts for the average cluster size
(e.g., average number of students per cluster) and the intraclass
correlation. If a study did not report the intraclass correlation, we
used the intraclass correlation default used by the What Works
Clearinghouse (2020) for achievement measures (ρ = .20).

Coding
Studies were coded for reference information, sample sizes,
sample descriptions, school level of the students involved, country
of origin, type of mindset taught, publication status, whether the
effect was signiﬁcant, and whether the article reported any signiﬁcant effect on academic achievement. When degrees of freedom did
not correspond with the sample size reported, we calculated the
sample size from the degrees of freedom of the relevant analysis. If
the sample size per group was reported for baseline (preattrition), but
only the total sample size was reported for analysis, we assumed
attrition was even between groups and estimated the sample size per
group based on the preintervention proportions. If preintervention
proportions were also not available, we assumed equal sample sizes
(if there was an odd number of participants, the additional subject
was included in the treatment group).
We coded the information used to calculate or code the effect size
(e.g., means and standard deviations, reported Cohen’s d) and
whether the effect size accounted for baseline academic achievement. We coded for student factors and methodological factors that
served as preregistered potential moderators (described in the
following subsections). We coded whether or not the study met
study design and reporting characteristics critical for mechanistic
interpretation, including best practices (described following the
moderator descriptions) and other interpretation considerations
such as whether the groups were equivalent at baseline on academic
achievement, whether the familywise error rate was adjusted (if
appropriate), and whether tests of subgroup differences were performed in cases where subgroup differences were claimed or
implied.
A team of three coded the study features. First, each author coded
half the studies independently. Second, the ﬁrst author and a
research assistant checked all studies and made any necessary
coding adjustments, including a detailed description of the reason
for the adjustment. Third, the second author checked all studies,
including the rationale for any further coding adjustments. Disagreements were resolved through discussion.

Moderators
Theoretical Moderators
Developmental Stage. Some researchers suggest that holding a
growth mindset is particularly important during the tumultuous
period of adolescence (e.g., Blackwell et al., 2007). Student samples
were coded as children if they were primary-school students;
adolescents if they were middle school, junior high, or secondary
school students; and adults if they were postsecondary school
students.
Academic Challenge Status. Mindset theory holds that academically struggling students (e.g., Paunesku et al., 2015) and
students facing situational challenges such as transitioning to a
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new school (e.g., Blackwell et al., 2007) are especially likely to
beneﬁt from a growth mindset, more so than students without these
risk factors. Student samples were coded as high challenge if the
majority of the sample had low grades or was otherwise at risk of
failing; moderate challenge if the majority of the sample was facing
a situational challenge: transitioning to a new school or under a
stereotype threat manipulation; or low challenge if the majority of
the sample had no indicators of risk or additional challenge.
Some studies reported the results of the whole sample and a highchallenge subsample, but not the remainder of the sample who were
less challenged. For this reason, we conducted this moderation
analysis twice, once with the full samples and once where we
replaced these studies’ full samples with subsamples of students
with a higher challenge status.
Socioeconomic Status. Mindset researchers suggest that
growth mindsets are especially beneﬁcial for students coming
from low socioeconomic status (SES) households (e.g., Claro
et al., 2016). Student samples were coded as low SES if the majority
of the sample came from ﬁnancially poor households (e.g., qualiﬁed
for free or reduced-price lunch) or not low SES if the majority of the
sample came from middle-class or upper-class households. Studies
without sample-level SES information were not included in this
moderator analysis. The exception to this rule was if all or almost all
students at the school (or in that grade) participated in the study. In
that case, we accepted school-level SES information.
Some studies reported the results of the whole sample and a lowSES subsample, but not the remainder of the sample who were not
low SES. For this reason, we conducted this moderation analysis
twice, once with the full samples and once where we replaced these
studies’ full samples with low-SES subsamples.
Time Interval Between the Intervention and the Measure of
Academic Achievement. According to mindset theory, growth
mindset interventions interact with recursive processes (Yeager &
Walton, 2011), producing enduring changes that compound beneﬁts
over time (Dweck et al., 2014). The time interval between the end of
the intervention and the measure of academic achievement was
coded as immediate (immediately following the ﬁnal growth mindset intervention session); short (within 4 months [approximately a
semester’s time] of the mindset intervention); or long (longer than
4 months following the mindset intervention).
When studies included measures of academic achievement at
multiple time points postintervention, we used the longest interval
available within the same academic context (where students are
taking the same classes) as the intervention (e.g., same academic
year for elementary school students, same semester for college
students). We repeated the moderation analysis with the longest
interval available, regardless of context.

Methodological Moderators
Intervention Type. Interventions were coded as passive (i.e.,
students read a document or watched a video on how a human
characteristic is malleable); feedback (i.e., students were given
feedback on their performance in terms of growth mindset); or
interactive (e.g., participants read materials and then wrote letters to
future students about how intelligence can be developed).
Number of Sessions. We recorded the number of growth
mindset intervention sessions delivered to the sample. Differing

from Sisk et al. (2018), “ﬁller” sessions that did not contain any
growth mindset content were not counted.
Mode of Intervention. Modes were coded as a computerized
program (e.g., Brainology computer program); reading materials
(e.g., reading how intelligence can change); in-person training
(structured discussion or lecture); or a combination of modes
(e.g., computerized training and in-person training).
Intervention Administrator. Of those interventions that were
administered in person (either solely or as part of a combination of
modes), we coded whether the administrator was the teacher;
researcher; the teacher who was also the researcher; both teachers
and researchers; or other (another administrator).
Intervention Context. We coded intervention context as integrated into classroom activities (e.g., teacher fosters discussion of
mindset in class) or outside the classroom (e.g., researchers conduct
the intervention in a lab).
Academic Achievement Measure. We coded academic
achievement measures as course exam (e.g., ﬁnal exam score);
course grade (e.g., math course grade); GPA (cumulative or current
GPA); or standardized test score (e.g., Iowa Test of Basic Skills,
SAT). When studies reported multiple course performance measures, we used the most comprehensive one available (i.e., GPA
over course grade, course grade over course exam, cumulative ﬁnal
exam over a midterm exam). When studies included multiple
standardized test scores (e.g., verbal SAT, quantitative SAT, total
SAT), we used the combined score when available.

Best Practices
We coded each sample for whether it met each best practice
criterion. Studies without these characteristics increase the risk to
internal validity in individual study results. While some best
practices criteria are undoubtedly more critical than others, there
is not yet a clear consensus on each characteristic’s relative
importance.

Best Practices in Intervention Design
The Intervention Is Compared to an Active Control
Condition. The treatment must have been compared to an active
(i.e., placebo) control group.
Aside From Manipulating Students’ Beliefs About Attribute
Malleability, There Are No Other Study Design Differences
Between Treatment and Control Groups. There must not be
differences between the treatment and the control conditions other
than teaching that intelligence or another characteristic is malleable.
A Priori Power Analysis Conducted. The study report must
indicate that an a priori power analysis was conducted.
Random Assignment to Condition at the Individual Student
Level. The study report must indicate that students were randomly
assigned to condition at the individual level.
Blinding. The study report must indicate that the students,
teachers, and intervention administrators were unaware of students’
assignment to condition.
Including Manipulation Checks. The study report must indicate that a pre- and postintervention measure of mindset was
administered to the treatment group.
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Best Practices in Documentation, Analyses,
and Reporting
Study Hypothesis, Planned Sample (and Stopping Rule), Intervention Design, and Analysis Plan Were Preregistered and
Followed. The preregistration must describe the hypotheses or
aim of the study, planned sample, growth mindset intervention design,
planned analyses, and the authors must have reported all measures and
results and followed these methods and analyses, or were clear when
there was a change from the preregistered plan. A preregistration must
have been completed and posted prior to examining the data. Arguably, preregistrations were not clearly introduced to psychology
researchers until November 27th, 2013 (Eich, 2014). However,
89% of the reports in the present study were produced after this date.
Reporting Results of Those Who Participated. The study
report must provide the results of participants who received the
treatment and control protocols.
Reporting the Relevant Results of the Whole Sample or All
Subsamples. The study report must provide the critical results for
the whole sample and/or all subsamples. For example, if focusing on
a particular subsample, that subsample’s results and the remainder of
the sample should be reported (either together or separately) rather
than excluding subsamples.
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State of the Literature
Here, we describe the growth mindset intervention literature
landscape. This section does not test hypotheses. Rather, it provides
an overview of the state of the growth mindset intervention literature
based on features for which we coded and patterns we observed
during our search and screening processes.
First, we describe observed patterns of growth mindset interventions entering the literature. Second, we describe patterns of signiﬁcant effects across the mindset intervention literature. Third, we
provide descriptive statistics on adherence to best practices. Last, we
provide descriptive statistics for studies in terms of the students
involved and methodologies employed.

Interventions Entering the Literature
Rate of Growth Mindset Interventions Entering the
Literature
The number of growth mindset intervention studies examining
academic achievement appears to be increasing rapidly, see Figure 2.
Of the 61 independent records (e.g., articles) included in the present
study, 44 were from 2016 or later.

Best Practices in Avoiding Conﬂicts of Interest

Publication Patterns

Having No Financial Interest in a Particular Outcome. No
authors of the study (a) founded, are employed by, or are a
consultant for a for-proﬁt or nonproﬁt entity that sells or promotes
growth mindset interventions or services; (b) are registered with a
speaker’s bureau to talk about the merits of growth mindset for pay;
or (c) receive book sale proﬁts from a self-help book promoting
growth mindset. The authors and research assistants searched the
authors’ webpages; within speakers’ bureaus’ websites; and authors’
names ± “mindset” on Google, examining relevant links to determine
ﬁnancial interest status.

Thirty-eight (62%) of the included records were not published in
journals or books. With the advent of internet-accessible repositories
(e.g., PsyArXiv), an unpublished study is no longer necessarily an
unknown study. Given the popularity of growth mindset interventions, unpublished studies can include summaries with press releases, which remain nonpeer reviewed, but are reported on by media
outlets (e.g., Outes et al., 2017 in World Bank Blogs, 2017). Some
studies are commissioned by large organizations with reports that are
evaluated by experts but are not submitted to journals for publication
(e.g., Churches & Education Development Trust, 2016). Thus, some

Figure 2
Histogram of Independent Records Included Through the Last Full Year of Our Search
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unpublished studies enter the scientiﬁc literature and popular media
with varying amounts of peer review and quality control.
Despite the increase in attention paid to some unpublished
studies, many unpublished studies are largely unknown, and publication bias remains a major problem in psychological science
(Friese & Frankenbach, 2020). Publication bias is bias in effect
size estimates that occurs when the likelihood of publication
depends on the direction or magnitude of the study’s results
(e.g., Dickerson, 2005); typically, null or small effects are systematically suppressed from publication (Rosenthal, 1979).
Publication suppression leads to a skewed representation of results
in the available literature. Skewed representation can lead to misunderstandings regarding the strength or reliability of effects. Publication bias can be due to journals rejecting certain studies but is most
often caused by authors not submitting null or small effects for
publication (see Cooper et al., 1997; Franco et al., 2014). In the
following subsections, we describe differences found between published and unpublished studies more formally using other procedures.
Excluding Participants Before Publication. For around 10%
of the studies included in this systematic review, we discovered both
published and unpublished versions. In ﬁve of the seven cases,
participants’ data included in the unpublished version were
excluded from the published version. The number of excluded
participants ranged from four (2% of the sample) to 6,222 (50%
of the sample). Following our preregistration, we used the effect
reported in the unpublished version when it contained a larger
sample than the published version. See Table 1.
We cannot know how many published studies without accessible
prepublication records removed participants’ data prior to publication. In our search, the majority of published studies for which we

found an unpublished version excluded participants from the published study. This observation raises the possibility that removing
data prior to publication may be common in the growth mindset
intervention literature. It could also be that these studies are not
representative of the growth mindset intervention literature. Regardless, we recommend growth mindset intervention researchers preregister and follow clear exclusion criteria as well as design studies
to minimize the number of cases removed.
Published Versus Unpublished Effects. One way to examine
potential publication bias is to compare the meta-analytic average
effect from published documents (37 effects), d̄ = 0.09, 95% CI
[−0.01, 0.18], p = .073, versus unpublished documents (59 effects),
d̄= 0.04, 95% CI [0.003, 0.07], p = .032. They were not signiﬁcantly
different from one another, Q(1) = 0.96, p = .328.
This null result appears to be due to different publishing patterns
between researchers with a ﬁnancial incentive to ﬁnd positive effects
versus researchers without such a ﬁnancial incentive. For studies
authored by one or more researchers with a ﬁnancial incentive to
report positive effects, the average effect from published studies (19
effects), d̄ = 0.18, 95% CI [0.07, 0.28], p = .001, is signiﬁcantly
larger than the average effect from unpublished studies (9 effects),
d̄ = 0.02, 95% CI [−0.02, 0.06], p = .375; Q(1) = 7.90, p = .005. In
contrast, for studies where no authors have a ﬁnancial incentive to
report positive effects, there is no signiﬁcant difference between the
average effect from published studies (18 effects), d̄ = −0.10, 95%
CI [−0.24, 0.04], p = .164, and the average effect from unpublished
studies (50 effects), d̄ = 0.05, 95% CI [0.01, 0.10], p = .030; Q(1) =
4.04, p = .044 (Bonferroni corrected α = .025). The Publication
Status × Financial Incentive Status interaction is signiﬁcant, F(1,
75) = 6.35, p = .014. See Figure 3.

Table 1
Unpublished Versions Used Due to Excluded Participants in the Published Versions
Version used in our review and meta-analysis
and rationale

Study authors’ rationale for participant data
exclusion

Bostwick (2015), Bostwick and Becker-Blease
(2018)

We used the 2015 unpublished master’s thesis
because four participants were missing from
the published version.

Broda (2015), Broda et al. (2018)

We used the 2015 unpublished dissertation
because 378 participants were missing from
the published version.

Burnette et al. (2016), Burnette et al. (2019)

We used the 2016 unpublished preprint because
13 participants were missing from the
published version.

Yeager et al. (2018), Yeager et al. (2019)

We used the 2018 unpublished preprint because
6,222 participants were missing from the
published version.

Zonnefeld (2015), Zonnefeld (2019)

We were able to obtain information about the
full (combined) sample of 445 students from
the author.

No rationale given. The dissertation reports the
ﬁnal exam results for 260 participants (across
three conditions) whereas the published
version (see their Supplemental Materials)
reports the ﬁnal exam results for 256.
No rationale given. These 378 students could be
all or some of the international students who
were explicitly excluded from analysis
without rationale in the published version.
No rationale given. The Method describes the
full sample size, but degrees of freedom
suggest 13 participants were not included in
the ﬁnal grade analysis in the published
version.
Authors state they only report the results of 50%
of the sample following the preregistered
analysis plan. However, according to this
document, the ﬁrst research question and
planned analysis described estimating the
treatment effect for the whole sample.
No rationale given. The 2015 unpublished
dissertation included 411 students. The 2019
published book chapter added 34 treatment
students but removed 270 control students.
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Figure 3
Differences in Effects of Published Versus Unpublished Growth
Mindset Interventions Depending on the Authors’ Financial Incentives to Report Positive Effects

Note. Error bars represent 95% conﬁdence intervals.

Patterns of Signiﬁcant Effects
As we obtained effect sizes for the meta-analyses, we coded
whether the effect was signiﬁcant or not. In this section, we examine
patterns of signiﬁcance for these effects.

Financial Incentives
Articles with one or more authors with a ﬁnancial incentive to
report positive effects (30% of documents) were more than two and
a half times as likely (56% vs. 21%) to ﬁnd a signiﬁcant difference
between treatment and control groups on academic achievement in
the hypothesized direction than articles where no authors had a
ﬁnancial incentive, χ2(1, N = 61) = 7.09, p = .008.
This result suggests that ﬁnancial incentives may be the source of
this difference. It is also possible that this difference is due to noise
or a factor other than ﬁnancial incentives. We considered the
possibility that mindset theory proponents, regardless of ﬁnancial
incentives, might be more likely to ﬁnd signiﬁcant effects, whereas
mindset theory skeptics might be more likely to ﬁnd null or negative
effects. We searched study reports and authors’ social media for
language suggestive of mindset theory support and skepticism in
order to classify authors. We found no compelling evidence that
mindset skeptics conducted any of the growth mindset interventions
included in the current meta-analysis. All authors either appeared
neutral or expectant of positive effects.4 Mindset theory skeptics
appear less likely to conduct growth mindset interventions than
mindset theory proponents.

Type I Error
Less than one-third of the documents (19 of 61) reported a
statistically signiﬁcant difference between treatment and control
groups on academic achievement in the hypothesized direction. For
multiple studies reporting signiﬁcant effects, the researchers assigned students to condition by group (e.g., by classroom) rather
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than on an individual basis and did so without correction. These
studies violate the assumption of independence and underestimate
sampling error, as students within a classroom or school will be
more similar to each other and more different from other groups due
to factors (e.g., shared teachers, shared schedule) other than the
experimental condition. Consider the case where a researcher
assigns one classroom to receive the treatment and another classroom to receive the control condition. Differences in grades cannot
be solely attributed to the treatment manipulation: Students sharing a
classroom have commonalities in their educational environment
other than the treatment and therefore some degree of relatedness.
Cluster sampling without adjustment inﬂates the between-subjects
variance to within-subjects variance ratio, thereby increasing the
rate of Type I error (see Chow & Liu, 2004, for review).
The design effect (deff; Kish, 1965) is the ratio of the operating
sample variance to the variance expected with simple random sampling
(for reviews see, e.g., Alimohamadi & Sepandi, 2019; Hox, 1998;
McCoach & Adelson, 2010). The design effect accounts for the
similarity of students within clusters (the intraclass correlation) and
the average number of students per cluster (cluster size). Deff is
multiplied by the observed variance (calculated according to simple
random sampling) to provide the true sampling variance (Hox, 1998).
Even when the design effect is small, not correcting for cluster sampling
underestimates sampling variance and produces highly misleading
signiﬁcance test results (e.g., Hox, 1998; McCoach & Adelson, 2010).
Indeed, after adjusting for the design effect (using a default
intraclass correlation of ρ = .20 when the intraclass correlation
was not reported by the study authors), several studies’ effects were
no longer signiﬁcant. Most notably, the effect in Blackwell et al.’s
(2007) highly cited publication indicating that growth mindset
interventions can improve grades—reported as b = .53, t = 2.93,
p < .05 (see p. 257)—was no longer signiﬁcant ( p = .119) after
correcting for the design effect.

Signiﬁcant Effect Interpretation Issues
About 10% of the null effects in this literature were described
by the study authors as though they were signiﬁcant. For example, Good et al. (2003) stated, “The incremental condition
increased both boys’ and girls’ math performance” (p. 657).
Yet, there was no signiﬁcant increase in boys’ math performance
in their studies. Nonsigniﬁcant results described as signiﬁcant
likely causes confusion about the impact of growth mindset
interventions.
Of the articles that reported a signiﬁcant effect, about half attributed
the effect to the intervention inﬂuencing students’ mindsets without
evidence the intervention had any effect on students’ mindsets. For
example, Outes et al. (2017) titled their project “Growth mindset at
scale—Increasing school attainment by affecting the mindset of
pupils and teachers.” Yet, there is no indication that Outes et al.
ever measured change in mindsets and so we cannot know whether
the intervention affected the mindsets of pupils or teachers.
4
According to Dweck and Yeager (2019a), Yue Li and Timothy Bates are
skeptics of mindset effects. No studies conducted by Li or Bates were
included in the meta-analysis. Li and Bates’ (2019) failed replication and
extension of Mueller and Dweck’s (1998) study involved a manipulation of
praise/effort attributions and ﬁxed mindset and therefore did not meet our
inclusion criteria for a growth mindset intervention.
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Figure 4
Histogram of Independent Samples Meeting Best Practices Criteria

Table 2
Adherence to Best Practices
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Best practice

Relatedly, Yeager et al.’s (2014) Study 3 manipulation check
failed: They found no measurable evidence for the impact of the
growth mindset intervention on students’ mindsets. Nevertheless,
they concluded, “we found evidence for the relation between
implicit theories of personality and overall adjustment in both
[Study 2 and Study 3] : : : . Importantly, justiﬁcation for causal
inferences within these schools was clear” (p. 880). However, when
the manipulation check fails, it is unclear whether the latent
construct of growth mindset is responsible for the causal effect
of the intervention. To attribute effects to changes in growth
mindset, researchers need to provide evidence that the intervention
changed students’ mindsets.

Best Practices Criteria
Earlier, we described study characteristics that are critical for
interpreting the treatment mechanism. In many cases, these study
characteristics can be met by following best practices in study
design, reporting, and avoiding conﬂicts of interest. Failure to
implement these best practices does not indicate an intentional
effort to deceive or bias the results. However, these best practices
should be considered when evaluating a study or body of evidence
and when planning future studies.

Intervention design
Tested whether the treatment group’s
mindset changed
Active control group comparison
Individual students randomly assigned to
condition
Students, administrators, and teachers blind
to condition
A priori power analysis conducted
Only the critical manipulation differed
between groups
Analyses and reporting
Reported results for the whole sample/all
subsamplesa
Reported effect on those treated
Preregistered hypotheses, methods, and
planned analyses
Avoiding conﬂicts of interest
No ﬁnancial incentives to ﬁnd a positive
effect

Percent of
samples (%)

Percent of
total students (%)

59

33

58
51

33
33

28

29

25
6

26
3

96

99

87
3

64
7

68

76

a

This includes cases where subsamples were not reported in the published
version if we were able to obtain subsample results from an unpublished
version of the study.

How well do studies in the growth mindset intervention literature
adhere to best practices criteria? Adherence to best practices varied
considerably, with the majority (70%) of the independent samples
meeting 50% or fewer best practices criteria (see Figure 4). Table 2
provides information about the entire set of studies and reports the
percentage of the 79 independent samples and of the 97,672 students
associated with each sample that met each best practice criterion. See
open data (https://osf.io/ajhxv/) for the best practices criteria and other
interpretation considerations met by each sample.
Only two studies (Foliano et al., 2019; Polley, 2018) had accompanying preregistrations that included relevant research aims, methods, and planned analyses, and were registered prior to examining
the data. Six other studies reported that they were preregistered, but
we did not code them as such for reasons outlined in Table 3.

Table 3
Studies Described as Preregistered That We Did Not Code as Preregistered and Rationale Why
Study reference

Rationale for not coding as preregistered

Burnette et al. (2018)
Ganimian (2018)
Orosz et al. (2017)
Yeager, Romero, et al. (2016)

No hypotheses or analysis plan about the growth mindset intervention were included in the preregistration
Preregistration did not include an analysis plan
Authors state the study was in accord with the Declaration of Helsinki, but we could ﬁnd no record of a preregistration
There is no preregistration associated with this study. There is a wiki statement with hypotheses but no methods. It was
posted approximately 3 months after data were collected, 3 weeks before manuscript submission. Authors state the study
was preregistered before researchers received the data from the third-party research ﬁrm, but employees of the third-party
research ﬁrm were study authors
The preregistration contains no hypotheses, methods, or planned analyses for the impact of a growth mindset intervention
on academic achievement
The registration was created after examining the data and analyzing a portion (approximately 760 participants) to “inform”
the preregistration (see p. 3 of document)

Yeager, Lee, et al. (2016)
Yeager et al. (2018)

Note. Burnette et al. (2018) clearly state the preregistration does not pertain to the growth mindset intervention.
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Table 4
Included Studies’ Student Characteristics
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Sample characteristic
Developmental stage
Adults
Adolescents
Children
Mixed sample
Unclear
Academic challenge
High
Moderate
Low
Unclear
Socioeconomic status
Not low
Low
Not reported

Number of effect sizes

Table 5
Included Studies’ Intervention Method and Outcome Measure
Characteristics
Number of students

34
47
11
3
1

13,017
75,507
6,069
2,967
112

16 (19)
31 (30)
46 (44)
3

18,633 (18,949)
18,327 (17,530)
17,982 (17,801)
42,730

23 (15)
16 (24)
57

28,865 (21,263)
2,959 (5,504)
65,848

Note. Unclear = Study reported limited sample information. Numbers in
parentheses represent the numbers when replacing whole samples’ effects
with relevant subsamples’ effects. For example, a reported high-challenge
subsample replacing an overall low-challenge whole sample increases the
high-challenge effect size count and the number of students while decreasing
the low-challenge effect size count and the number of students.

Student, Methodological, and Other Study
Characteristics
Tables 4, 5, and 6 provide the number of effect sizes and number
of students associated with sample characteristics (Table 4), intervention methods and outcome measures (Table 5), and other
characteristics associated with the study’s article (Table 6) for all
studies included in this systematic review and meta-analysis.

Meta-Analyses
Meta-Analysis 1: No Quality Control
Meta-Analysis 1 included all relevant studies from our comprehensive search, regardless of quality.

Method
Meta-Analytic Procedure. Following study coding (see the
“Coding” section), including variance adjustments for dependent
measures and the design effect (see the “Effect Sizes and Associated
Variance” section), we searched for extreme values. We deﬁned
outliers as effect sizes whose residuals had z-scores ≥3. One outlier
was identiﬁed (d = 1.51, residual z-score = 4.24, study N = 46). We
Winsorized the effect such that the residual z-score was 2.99
(d = 1.07).
Analyses. To determine the average effect of growth mindset interventions on academic achievement for all studies regardless of study quality, we conducted a random-effects metaanalysis, which assumes meaningful differences across studies.
The random-effects meta-analytic model estimates the metaanalytic mean effect size and heterogeneity of effect sizes. Effect
sizes were weighted by the inverse of the variance (i.e., larger
studies were weighted more heavily than smaller studies in the
model). To test whether some of the heterogeneity could be
accounted for by moderator variables, we conducted mixed-effects

Intervention/Outcome measure
characteristic
Intervention type
Interactive
Feedback
Passive
Mode of intervention
Combination in-person and other mode
In-person
By teacher(s)
By researcher(s)
By teacher who is also the researcher
By both teachers and researchers
Other administrator(s)
Computer program
Reading materials
Mindset type
Intelligence
Other (e.g., math ability, personality)
Intelligence + Other
Number of sessions
One
More than one
Intervention context
Outside regular classroom activities
Integrated into classroom activities
Time interval to outcome measurea
Immediate (end of last session)
Short (within 4 months)
Long (longer than 4 months)
Unclear
Academic achievement measurea
Standardized test
Laboratory measure
Course grade average (e.g., GPA)
Course grade
Course exam grade

Number of
effect sizes

Number of
students

88
2
6

93,648
3,195
829

12
44
30
11
6
1
8
34
6

856
65,736
53,798
890
221
155
11,528
30,035
1,045

74
13
9

91,377
4,231
2,064

35
61

63,301
34,371

59
37

81,527
16,145

3
56 (55)
29 (30)
8

186
70,881 (70,316)
21,522 (21,994)
6,403

38
10
28
17
13

63,495
587
26,392
5,330
4,050

Note. GPA = grade point average.
The cumulative sample size is greater than 97,672 due to multiple measures
from the same sample in different categories. Numbers in parentheses
represent the numbers when replacing the effect associated with the
longest time interval within the same academic context with the effect
associated with the longest time interval regardless of context.

a

meta-analytic modeling. These moderator analyses included
theoretically motivated variables, methodological variables,
and bias-related variables.
To evaluate the impact of publication bias on the overall effect,
we conducted several publication bias analyses including examining
a funnel plot, conducting Egger’s regression analysis (Egger et al.,
1997), assessing trim-and-ﬁll results (Duval & Tweedie, 2000), and
conducting a conditional PET-PEESE model. We used the Comprehensive Meta-Analysis Version 2 (Borenstein et al., 2005)
software package for all analyses except the conditional PETPEESE where we used R.

Results
Overall Results. Across all studies regardless of quality, the
overall meta-analytic average standardized mean difference in
academic achievement between students receiving a growth mindset
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Table 6
Characteristics Associated With the Included Studies’ Articles
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Associated characteristic of article
Financial incentive to ﬁnd positive effects
One or more authors
No authors
Publication statusa
Published
Unpublished
Combinations of the above two factors
Financial incentive + Published
No ﬁnancial incentive + Published
Financial incentive + Unpublished
No ﬁnancial incentive + Unpublished

Number of
effect sizes

Number of
students

28
68

23,276
74,396

37
59

8,949
88,723

19
18
9
50

6,581
2,368
16,695
72,028

a

In cases where a published and unpublished report of the same study
were accessible, we used the published version if both reports included
the same number of participants. If study participants’ data were
excluded prior to publication, we used the unpublished version with
more study participants.

intervention and students in a control group was d̄ = 0.05, 95% CI =
[0.02, 0.09], p = .004. See Figure 5.
Moderator Analyses. The between-study variability in effect
sizes due to heterogeneity rather than random error was moderate,
I2 = 39.14 (τ2 = .005). We investigated the source of this heterogeneity through moderator analyses. We conducted moderator analyses when there were at least ﬁve effect sizes contributing to a
subgroup (Williams, 2012). See Tables 4 and 5 for the number of
effect sizes and sample sizes contributing to each subgroup.
Mindset theory holds that growth mindset interventions will be
especially important under certain circumstances. Counter to this
assumption, no theoretically meaningful moderators were signiﬁcant, indicating that the effect sizes did not differ signiﬁcantly across
levels of the moderator. See Table 7 for a summary of the results of
the moderator analyses.
Some moderators were correlated with one another. For example,
Intervention Context and Administrator were correlated: When the
intervention was integrated with classroom activities, the classroom
teacher, rather than the researcher, was more likely to be the
intervention administrator. See Supplemental Materials for the
moderator correlation matrix.
Bias Analyses. To test the extent to which our results were
biased, we conducted several bias analyses. See Table 6 for the
number of effect sizes and sample sizes contributing to each
subgroup.
Financial Incentives. We found that the average effect size of
studies where an author had a ﬁnancial incentive to ﬁnd positive
results was not signiﬁcantly different from the average effect size of
studies where no authors had perceived ﬁnancial conﬂicts of interest, see Table 8.
Financial Incentives in the Published Literature. As
described earlier, following data collection we observed a distinction between authors with ﬁnancial incentives versus authors
without ﬁnancial incentives in terms of which effects were
reported in the published literature. Authors with ﬁnancial
incentives found both positive and null results, yet, often,
only their larger, signiﬁcant effects were published. Unpublished
effects included studies yielding null results as well as

subsamples yielding null results. For example, a subsample of
over 6,000 participants included in a preprint (Yeager et al.,
2018) yielding a null result was removed from the published
version (Yeager et al., 2019). See Table 1.
Although not a preregistered analysis, we tested whether, within
the published literature (studies coded as published), there was a
signiﬁcant difference between studies where an author had a ﬁnancial incentive to report positive effects, and studies where no authors
had known ﬁnancial incentives to report positive effects. We found
that the effect for published studies where an author had a ﬁnancial
incentive to report positive effects was signiﬁcantly larger than the
effect for published studies where no authors had a ﬁnancial
incentive to report positive effects, see Table 8 and Figure 3.
Thus, ﬁnancial incentives may inﬂuence which effects are
published.
Publication Bias Analyses. We additionally conducted several
publication bias analyses, each with their own strengths and weaknesses, to test whether multiple approaches supported the same
conclusion.
Funnel Plot and Egger’s Regression. Funnel plots depict the
relationship between a study’s effect size and sample size. Larger
studies, barring other forms of bias, should cluster around the
meta-analytic mean effect. Smaller studies introduce more random
sampling error and therefore should have a wider scatter around the
mean. Importantly, these deviations should be random and thus
equally likely to be higher or lower than the mean. An indicator of
potential publication bias is if the funnel plot is asymmetrical, with
smaller studies with smaller-than-average effects “missing” from the
left side of the plot.
Visual inspection may lead to misleading impressions of
asymmetry (Simmonds, 2015; Terrin et al., 2005). Therefore,
funnel plot asymmetry was quantiﬁed by Egger’s regression. For
this meta-analysis, Egger’s regression suggests multiple studies
may have been conducted but are missing from the available
literature and are not included in the present meta-analysis
(recommended 1-tailed p = .034; Borenstein et al., 2005;
2-tailed p = .067), see Table 8. The positive intercept indicates
that the funnel plot is biased toward the right of the mean (i.e.,
toward larger-than-average positive effects), which suggests
studies with smaller-than-average effects are missing (Lin &
Chu, 2018). See Figure 6. This approach does not estimate the
number of studies missing or estimate the overall effect if these
studies were not missing.
Trim and Fill. Duval and Tweedie’s trim-and-ﬁll method
(Duval & Tweedie, 2000) estimated that 10 studies with smallerthan-average effect sizes were missing from the available literature. This is not surprising, as some unpublished effects are only
accessible to the original study authors. For example, during the
literature search for their meta-analysis, Sisk et al. (2018)
describe contacting a researcher (who had a ﬁnancial incentive
to ﬁnd positive effects [see Sisk et al.’s, 2018; Supplemental
Materials]) who refused to provide information about an unpublished study because replications had failed, and also declined to
provide those failed replication effects. If the estimated 10
studies missing from our meta-analysis were available and
included, Duval and Tweedie’s analysis estimated the overall
effect would be nonsigniﬁcant, see Table 8. Thus, the metaanalytic mean ﬁndings reported above might be inﬂated due to
publication bias.
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Figure 5
Each Sample’s Effect Size and 95% Conﬁdence Interval in Meta-Analysis 1: No
Quality Control

Note. Square size is proportionate to the effect’s weight (larger samples contribute more
weight) with a minimum size imposed for visibility. The diamond on the bottom row represents
the meta-analytically weighted mean Cohen’s d. For studies with multiple independent samples,
the result for each sample (S1, S2, etc.) is reported separately. Multiple measures resulting from a
single sample were combined and adjusted for dependency (e.g., M1–M2).
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Table 7
Moderator Results, Meta-Analysis 1: No Quality Control
Moderator and levels

Result
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Theoretical factors
Developmental stage
Adults
Adolescents
Children
Academic challenge statusa
High-challenge level (e.g., low grades)
Moderate-challenge level (e.g., new school)
Low-challenge level
Socioeconomic statusb
Middle–high
Low
Time interval to outcome measurec
Short (interval ≤4 months)
Long (interval >4 months)

d̄ = 0.07
d̄ = 0.04
d̄ = 0.09
d̄ = 0.07
d̄ = 0.05
d̄ = 0.05
d̄ = 0.04
d̄ = 0.15
d̄ = 0.07
d̄ = 0.05
Methodological factors

Intervention type
Interactive (e.g., “saying-is-believing” task)
Passive (e.g., only reading materials)
Number of sessions
Slope
Intervention delivery mode
Reading material
Computer program
In person
Combination of delivery modes
Administrator (of In-person delivery)
Teacher
Researcher
Teacher who is also the researcher
Other
Context
In the classroom
Outside the classroom
Academic achievement measure
Course exam grade
Single course grade
Multicourse grade average (e.g., GPA)
Standardized test score
Laboratory vs. actual standardized test
Laboratory-based standardized test
Actual standardized test score

d̄ = 0.06
d̄ = −0.001
b = 0.01
d̄
d̄
d̄
d̄

=
=
=
=

0.07
0.04
0.04
0.35

d̄
d̄
d̄
d̄

=
=
=
=

0.07
0.16
0.11
0.08

d̄ = 0.11
d̄ = 0.03
d̄
d̄
d̄
d̄

=
=
=
=

0.06
0.10
0.03
0.06

d̄ = 0.12
d̄ = 0.05

Q(2) = 0.47, p = .791
95% CI [−0.01, 0.14]
95% CI [0.002, 0.09]
95% CI [−0.06, 0.23]
Q(2) = 0.28, p = .870
95% CI [0.01, 0.13]
95% CI [−0.02, 0.12]
95% CI [−0.01, 0.11]
Q(1) = 2.10, p = .147
95% CI [−0.02, 0.09]
95% CI [0.002, 0.30]
Q(1) = 0.21, p = .647
95% CI [0.02, 0.12]
95% CI [−0.01, 0.11]
Q(1) = 0.39, p = .534
95% CI [0.02, 0.10]
95% CI [−0.18, 0.18]
Q(1) = 6.01, p = .014
95% CI [0.001, 0.01]
Q(3) = 4.33, p = .228
95% CI [−0.05, 0.20]
95% CI [−0.0002, 0.08]
95% CI [−0.02, 0.10]
95% CI [0.05, 0.64]
Q(3) = 0.40, p = .939
95% CI [−0.01, 0.15]
95% CI [−0.12, 0.43]
95% CI [−0.42, 0.64]
95% CI [−0.06, 0.23]
Q(1) = 2.99, p = .084
95% CI [0.03, 0.19]
95% CI [−0.01, 0.07]
Q(3) = 1.61, p = .657
95% CI [−0.01, 0.13]
95% CI [0.01, 0.19]
95% CI [−0.02, 0.09]
95% CI [−0.01, 0.13]
Q(1) = 0.18, p = .674
95% CI [−0.19, 0.42]
95% CI [−0.02, 0.12]

p = .089
p = .041
p = .240
p = .019
p = .200
p = .083
p = .182
p = .047
p = .011
p = .131

p = .003
p = .995
p = .014
p
p
p
p

=
=
=
=

.245
.051
.235
.022

p
p
p
p

=
=
=
=

.103
.260
.682
.266

p = .006
p = .091
p
p
p
p

=
=
=
=

.093
.026
.214
.105

p = .454
p = .179

Note. GPA = grade point average.
Two studies provided information for high-challenge-level subsamples. When replacing the whole samples of these studies with
these subsamples, the pattern of results is unchanged. b Studies not reporting student-level socioeconomic status were not included
in this moderator analysis. Four studies provided information for low socioeconomic subsamples. When replacing the whole
samples of these studies with these subsamples, the pattern of results is unchanged. c For seven samples, a longer time interval was
available beyond the academic context in which the intervention was administered. When replacing effects with those from these
longer intervals, the moderator remains nonsigniﬁcant and long intervals become marginally signiﬁcant: d̄ = 0.06, 95% CI [0.001,
0.12], p = .046.

a

Like Egger’s regression, the trim-and-ﬁll method decreases in
accuracy as heterogeneity increases. The method can then over- or
underestimate the effect of bias (Carter et al., 2019). We observed a
moderate amount of heterogeneity. We, therefore, conducted another
publication bias analysis to test whether the results were also in line
with the results from Egger’s regression and the trim-and-ﬁll analysis.
PET-PEESE. To further test for publication bias, we performed a conditional precision-effect test and precision-effect estimate with standard errors (PET-PEESE; Stanley & Doucouliagos,
2014). We performed the analyses in R using the PETPEESE

functions available online (Hilgard, 2015, 2020; https://github
.com/Joe-Hilgard/PETPEESE). We used restricted maximumlikelihood estimation for the analyses. As with Egger’s regression
and Duval and Tweedie’s trim and ﬁll, PET-PEESE has limitations.
Simulation studies suggest that although PET-PEESE performs well
when there is one true population effect (i.e., in a ﬁxed-effect
environment), it performs less well when there is meaningful
heterogeneity in the population effect (i.e., in a random-effects
environment; Alinaghi & Reed, 2018; Hong, 2019), as is the
case for the present meta-analysis.
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Table 8
Bias Analyses Results, Meta-Analysis 1: No Quality Control
Financial incentives
All effects
Author(s) with a ﬁnancial incentive
No authors with a ﬁnancial incentive
Published effects
Authors(s) with a ﬁnancial incentive
No authors with a ﬁnancial incentive

Q(1) = 1.29, p = .256
95% CI [0.02, 0.13]
95% CI [−0.02, 0.08]
Q(1) = 9.66, p = .002
95% CI [0.07, 0.28]
95% CI [−0.24, 0.04]

d̄ = 0.07
d̄ = 0.03
d̄ = 0.18
d̄ = −0.10

p = .006
p = .187
p = .001
p = .164

Test of missing studies due to publication bias
B0 = 0.36, t(77) = 1.86, p = .034
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Egger’s regression

Publication bias-corrected estimates of the overall effect
Trim and ﬁll
Precision effect test (PET)

d̄ = 0.03
d̄ = 0.01

The conditional PET-PEESE analysis consists of two components: A PET analysis in which the effect size is regressed on its
standard error, and a PEESE analysis in which the effect size is
regressed on its variance. For both analyses, the intercept represents
the estimated true effect after correction for publication bias and
other small-study effects, and the statistical signiﬁcance of the slope
indicates the presence of publication bias (Carter et al., 2019). The
analysis is considered “conditional” because the statistical signiﬁcance of the PET estimate of the intercept is used to determine
whether to use the PET or PEESE estimates.
The PET estimate of the the intercept was not statistically
signiﬁcant. Therefore, the PET estimate is the appropriate effect
size estimate from the conditional PET-PEESE analysis (Stanley &
Doucouliagos, 2014). (The results of the PEESE analysis are
provided in the Supplemental Materials.) The PET analysis revealed
a statistically signiﬁcant slope, b = .42, 95% CI [.07, .76], SE = .18,
p = .019, indicating the presence of publication bias. Similar to the
results of the trim and ﬁll, the PET estimate of the true effect after

95% CI [−0.01, 0.07]
95% CI [−0.03, 0.05]

p = .097
p = .667

correcting for publication bias and other small-study effects was
nonsigniﬁcant, d̄ = 0.01, see Table 8.
Publication Bias Analysis Summary. As each publication bias
analysis technique has its own strengths and limitations, it is important
to use multiple techniques to ascertain whether there is converging
evidence. All three tests indicated that the mindset intervention literature contains signiﬁcant publication bias. Two of these tests estimate a
bias-corrected meta-analytic mean effect size: These estimates were
0.03 and 0.01, respectively, both of which were not signiﬁcantly
different from zero. Taken together, the overall uncorrected effect
size found in the present meta-analysis is likely overestimated.

Discussion
The overall effect of growth-mindset interventions in this model,
if not accounting for publication bias, was small and statistically
signiﬁcant: d̄ = 0.05. Yeager and Dweck (2020) suggest that the
largest effect one can expect from an educational intervention on

Figure 6
Funnel Plot of Standard Error by Standardized Difference in Means, Meta-Analysis 1: No Quality
Control
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real-world outcomes is d = 0.20. “If psychological interventions can
get a meaningful chunk of a .20 effect size on real-world outcomes
in targeted groups, reliably, cost-effectively, and at scale, that is
impressive” (Yeager & Dweck, 2020, p. 13).
How impressive is an effect size of 0.05? One way to interpret an
effect size is to examine the distribution of scores between the
treatment and control groups. The closer an effect size is to zero, the
more the two samples’ distributions of scores will overlap. Cohen’s
d = 0.05 means that 98% of the treatment and control group’s
academic achievement scores overlap. When considering the publication bias-corrected estimates, d̄ = 0.03 and d̄ = 0.01, there is a
99%–100% overlap between the treatment and control groups’
academic achievement distributions.
Another way to interpret effect sizes is to consider the probability
that a randomly selected student from the treatment group will
outperform a randomly selected student from the control group.
The closer an effect size is to zero, the closer the probability is to
mere chance (i.e., 50/50). Cohen’s d = 0.05 means there is a 51.4/48.6
chance that a randomly selected student from the treatment group will
have a higher score on the measure of academic achievement than a
randomly selected student from the control group (Magnusson,
2020). When considering the publication bias-corrected estimates,
d̄ = 0.03 and d̄ = 0.01, there is a 50.8/49.2–50.3/49.7 chance that a
randomly selected student from the treatment group will have a higher
score on the measure of academic achievement than a randomly
selected student from the control group (Magnusson, 2020).
We investigated whether factors fundamental to mindset theory
moderated the effect of growth mindset interventions. No theoretically meaningful moderators were signiﬁcant. Some theoretically
predicted subgroups had signiﬁcant effects, but because the moderator was nonsigniﬁcant, it is inappropriate to conclude that the
intervention is more important for certain subgroups than others. For
example, the effect was signiﬁcant for low-SES students and
nonsigniﬁcant for not low-SES students. However, the two groups’
effects did not differ signiﬁcantly from each other. We, therefore,
cannot conclude that growth mindset interventions are more important for low-SES students than not low-SES students. As another
example, the effect was signiﬁcant for academically struggling (i.e.,
high challenge) students, but was nonsigniﬁcant both for students
facing situational challenges and for students facing minimal challenges. This ﬁnding runs counter to a major claim of mindset
theory—that a growth mindset is especially important for students
facing situational challenges (e.g., Rattan et al., 2015; Yeager &
Dweck, 2012). Furthermore, the effects across levels of academic
challenge did not differ. Therefore, we cannot conclude that students’ level of academic challenge is an important factor for
determining the efﬁcacy of a growth mindset intervention.
Aside from the absence of signiﬁcant moderator analyses that
would have supported theoretical claims and the presence of indicators of publication bias, there are other reasons to doubt the credibility
of growth mindset interventions having an effect on academic
achievement. In many of the studies included in this meta-analysis,
there was poor adherence to best practices (see Table 2 and Figure 4).
Thus, the results of Meta-Analysis 1 could be inﬂuenced by expectancy effects, confounds, or selective reporting of results.
Critically, 71 of the 96 effect sizes included in Meta-Analysis 1
were from interventions with no measurable impact on students’

mindsets. Growth mindset interventions are hypothesized to impact
academic achievement by instilling a growth mindset in students. If
we assume measures of mindset are valid and reliable, a better test of
the importance of growth mindset is to only meta-analyze studies with
evidence the intervention inﬂuenced students’ mindsets as intended.

Meta-Analysis 2: Minimal Standard of Evidence
Meta-Analysis 2 is identical to Meta-Analysis 1, except it only
includes studies that demonstrated that the growth mindset intervention inﬂuenced students to have more of a growth mindset. Thus,
assuming measures of mindset accurately reﬂect students’ beliefs,
studies included in Meta-Analysis 2 meet the minimal standard of
evidence to attribute effects to growth mindset.

Method
Ideally, researchers should test students’ mindsets before and
after the intervention and provide evidence that students who
received the growth mindset intervention shifted to greater growth
mindset beliefs following the intervention, while students in the
control group had no change in beliefs. Few studies met this
criterion. Our criterion was more lenient: For a study to be included
in this meta-analysis, the authors needed to provide evidence that
students who received the growth mindset intervention shifted to
greater growth mindset beliefs following the intervention relative to
before the intervention (i.e., signiﬁcant pre- to postintervention
difference within the treatment group).
Posttest differences between treatment and control groups do not
provide evidence that the growth mindset intervention inﬂuenced
students’ mindsets because the groups could have differed at
baseline or the control group could have become more ﬁxed.
Likewise, quizzes to determine if students read the materials do
not establish that the growth mindset intervention inﬂuenced students’ beliefs. Only 25 of the 96 effect sizes were from studies that
provided evidence that the growth mindset intervention inﬂuenced
treatment students to have more of a growth mindset. See Table 9.
Table 9
Assessing Whether the Intervention Changed Students’ Mindsets
Methodological/Reporting
characteristic

Number of
effects

Number of
students

Did the study test whether the growth mindset intervention changed
treatment students’ mindsets?
65,486
No report of this test
37
9,053
10
Tested, but results
a
not reported
23,133
Yes
49
Of the 49 effects with reported results, did the intervention inﬂuence
treatment students’ mindsets as intended (signiﬁcant pre–post change
toward growth mindset)?
4,778
No
24
18,355
Yes
25
a

Six effects (5,483 students) were from studies that did not report mindset
change results. Four effects (3,570 students) were from studies where
whether the treatment students’ mindsets changed could not be
determined from the results reported (no pre–post difference results).
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Figure 7
Each Sample’s Effect Size and 95% Conﬁdence Interval in Meta-Analysis 2: Minimal
Standard of Evidence

Note. Square size is proportionate to the effect’s weight (larger samples contribute more
weight) with a minimum size imposed for visibility. The diamond on the bottom row represents
the meta-analytically weighted mean Cohen’s d. For studies with multiple independent samples,
the result for each sample (S1, S2, etc.) is reported separately. Multiple measures resulting from
a single sample were combined and adjusted for dependency (i.e., M1–M2, M1–M3).

Results

Bias Analyses

Overall Results. For studies in which the intervention
altered students’ mindsets as intended, the overall meta-analytic
average standardized mean difference between growth mindset
treatment and control groups in academic achievement was
nonsigniﬁcant, d̄ = 0.04, 95% CI = [−0.01, 0.10], p = .146.
See Figure 7.
Moderator Analyses. The between-study variability in effect
sizes due to heterogeneity rather than random error was moderate,
I2 = 39.45 (τ2 = .004). We investigated the source of this
heterogeneity through moderator analyses. We conducted moderator analyses when there were at least ﬁve effect sizes contributing to a subgroup (Williams, 2012). The relatively small
number of studies that met the minimal standard of evidence
limited the moderator analyses we could conduct. See Tables 10
and 11 for the number of effect sizes and sample sizes contributing to each subgroup and Table 12 for the number of effect
sizes and sample sizes associated with the articles’
characteristics.
Mindset theory holds that growth mindset interventions will be
especially important under certain circumstances. Yet, no theoretically meaningful moderators were signiﬁcant, indicating that
the effect sizes did not differ signiﬁcantly across levels of
the moderator. See Table 13 for the results of the moderator
analyses.

Financial Incentives. It has been suggested that mindset proponents may be more thoughtful, careful, or skilled at creating the
Table 10
Student Characteristics of Included Studies’ Samples, MetaAnalysis 2: Minimal Standard of Evidence
Sample characteristic
Developmental stage
Adults
Adolescents
Children
Academic challenge
High
Moderate
Low
Socioeconomic status
Not low
Low
Not reported

Number of effect sizes
4
19
2

Number of students
1,064
17,110
181

8 (10)
11
6 (4)

8,563 (8,619)
9,307
485 (304)

7 (5)
4 (6)
14

16,852 (16,671)
563 (635)
940

Note. All samples in this model clearly ﬁt one of the classiﬁcations for each
sample characteristic variable. Numbers in parentheses represent the
numbers when replacing whole samples’ effects with relevant
subsamples. For example, a study’s reported high-challenge subsample
replacing a low-challenge whole sample, increases the high-challenge
effect size count and number of students while decreasing the lowchallenge effect size count and number of students.
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Table 11
Characteristics of Included Studies’ Intervention Methods and
Outcome Measures, Meta-Analysis 2: Minimal Standard of
Evidence
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Intervention/Outcome measure
characteristic
Intervention type
Interactive
Feedback
Passive
Mode of intervention
Combination in-person and
other mode
In-person
By teacher(s)
By researcher(s)
By teacher who is also the
researcher
By both teachers and
researchers
Other administrator(s)
Computer program
Reading materials
Mindset type
Intelligence
Other (e.g., math ability,
personality)
Intelligence + other
Number of sessions
One
More than one
Intervention context
Outside regular classroom
activities
Integrated into classroom
activities
Time interval to outcome measurea
Immediate (end of last session)
Short (within 4 months)
Long (longer than 4 months)
Unclear
Academic achievement measurea
Standardized test
Laboratory measure
Course grade average
(e.g., GPA)
Course grade
Course exam grade

Number of
effect sizes

Number of
students

25
0
0

18,355
0
0

1

20

8
3
3
1

545
132
177
75

0

0

2
16
0

181
17,790
0

24
0

18,146
0

1

209

6
19

1,194
17,161

21

18,051

4

304

0
9
15 (15)
1

0
4,805
13,816 (13,789)
75

11
6
9

990
241
17,086

5
0

847
0

Note. GPA = grade point average.
The cumulative sample size is greater than 18,355 due to multiple measures
from the same sample in different categories. Numbers in parentheses represent
the numbers when replacing the effect associated with the longest time interval
within the same academic context (here, all long intervals) with the effect
associated with the longest time interval regardless of context.

a

best circumstances for growth mindset interventions to impact
academic achievement than researchers who are not active proponents of mindset theory. As Dweck (as cited in Chivers, 2017) stated
when confronted with a failed replication attempt:
Not anyone can do a replication. We put so much thought into creating
an environment; we spend hours and days on each question, on creating
a context in which the phenomenon could plausibly emerge. Replication is very important, but they have to be genuine replications and
thoughtful replications done by skilled people. Very few studies will
replicate done by an amateur in a willy-nilly way. (paras. 21–22)

Table 12
Characteristics of Included Studies’ Articles, Meta-Analysis 2:
Minimal Standard of Evidence
Associated characteristic of article
Financial incentive to ﬁnd positive effects
One or more authors
No authors
Publication statusa
Published
Unpublished
Combinations of the above two factors
Financial incentive + Published
No ﬁnancial incentive + Published
Financial incentive + Unpublished
No ﬁnancial incentive + Unpublished

Number of
effect sizes

Number of
students

8
17

16,309
2,046

12
13

4,020
14,335

3
9
5
8

3,538
482
12,771
1,564

a

In cases where a published and unpublished report of the same study were
accessible, we used the published version if both reports included the same
number of participants. If study participants’ data were excluded, we used the
version with more study participants.

If this is the case, authors with ﬁnancial incentives to ﬁnd positive
effects, who we consider mindset proponents, should be better at
creating a context that inﬂuences students’ mindsets as intended.
Yet, authors with ﬁnancial incentives were no more likely to ﬁnd
evidence that their growth mindset interventions changed students’
mindsets than authors without ﬁnancial incentives, χ2(1, N = 61) =
0.13, p = .911. The average growth mindset treatment effect size of
studies where one or more authors had a ﬁnancial incentive to ﬁnd
positive results was not signiﬁcantly different than the average
growth mindset treatment effect size where no authors had a
perceived ﬁnancial conﬂict of interest, see Table 14.
Financial Incentives in the Published Literature. In line with
the observations that authors with ﬁnancial incentives appear less
likely to publish weak results and that effects where the intervention
measurably inﬂuenced mindsets were generally weak, there were
not enough published studies by authors with ﬁnancial incentives in
this meta-analysis to conduct this moderator analysis. For published
studies where no authors had a ﬁnancial incentive to ﬁnd positive
results, the effect was signiﬁcant, but negative, suggesting growth
mindset interventions that changed students’ mindsets harmed
students’ academic achievement, see Table 14.
Publication Bias Analyses. No publication bias analyses suggested that this model’s effect was impacted by publication bias, see
Table 14.

Discussion
When limiting the analysis to studies in which the growth
mindset intervention measurably shifted students’ mindsets,
there was no signiﬁcant growth mindset intervention effect on
academic achievement. That said, the quality control in this metaanalysis is minimal and inadequate study design (e.g., multiple
differences between treatment and control groups) and ﬂawed
reporting (e.g., removing subgroups) could still inﬂuence outcomes. To better understand the potential importance of growth
mindset we should focus on the highest quality studies providing
the best available evidence. We did this in the ﬁnal meta-analytic
study.
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Table 13
Moderator Results, Meta-Analysis 2: Minimal Standard of Evidence
Moderator and levels

Result
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Theoretical factors
Developmental stage
Adults
Adolescents
Children
Academic challenge statusa
High-challenge level (e.g., low grades)
Moderate-challenge level (e.g., new school)
Low-challenge level
Socioeconomic statusb
Middle–high
Low
Time interval to outcome measurec
Short (interval ≤4 months)
Long (interval >4 months)

NA
—
95% CI [−0.02, 0.10]
—
Q(2) = 2.98, p = .226
95% CI [0.04, 0.14]
95% CI [−0.10, 0.09]
95% CI [−0.21, 0.32]
Q(1) = 1.01, p = .314
95% CI [−0.01, 0.11]
95% CI [−0.01, 0.27]
Q(1) = 0.02, p = .896
95% CI [−0.10, 0.16]
95% CI [−0.02, 0.10]

—
d̄ = 0.04
—
d̄ = 0.09
d̄ = −0.01
d̄ = 0.05
d̄ = 0.05
d̄ = 0.13
d̄ = 0.03
d̄ = 0.04

—
p = .225
—
p < .001
p = .909
p = .690
p = .119
p = .066
p = .630
p = .170

Methodological factors
Intervention type
Interactive (e.g., “saying-is-believing” task)
Passive (e.g., only reading materials)
Number of sessions
Slope
Intervention delivery mode
Reading material
Computer program
In person
Combination of delivery modes
Administrator (of in-person delivery)
Teacher
Researcher
Teacher who is also the researcher
Other
Context
In the classroom
Outside the classroom
Academic achievement measure
Course exam grade
Single course grade
Multicourse grade average (e.g., GPA)
Standardized test score
Laboratory vs. actual standardized test
Laboratory-based standardized test
Actual standardized test score

NA
95% CI [−0.01, 0.10]
—
Q(1) = 0.01, p = .916
95% CI [−0.03, 0.03]
Q(1) = 0.16, p = .686
—
95% CI [−0.01, 0.10]
95% CI [−0.42, 0.35]
—
NA
—
—
—
—
NA
—
95% CI [−0.02, 0.10]
Q(2) = 3.98, p = .137
—
95% CI [0.03, 0.32]
95% CI [−0.05, 0.10]
95% CI [−0.19, 0.14]
Q(1) = 0.04, p = .838
95% CI [−0.66, 0.49]
95% CI [−0.19, 0.15]

d̄ = 0.04
—
b = −0.002
—
d̄ = 0.05
d̄ = −0.03
—
—
—
—
—
—
d̄ = 0.04
—
d̄ = 0.18
d̄ = 0.03
d̄ = −0.02
d̄ = −0.08
d̄ = −0.02

p = .146
—
p = .916
—
p = .088
p = .867
—
—
—
—
—
—
p = .169
—
p = .018
p = .453
p = .765
p = .780
p = .819

Note. — = not enough effects available to include in analysis. GPA = grade point average.
a
One study was available that provided information for a high-challenge subsample. The results do not change when replacing the whole sample with this
subsample, although with this replacement there were no longer enough low-challenge samples to include in the moderator analysis. b Studies not reporting
student-level socioeconomic status were not included in this moderator analysis. Not enough low-SES samples were available for moderation analysis, unless
we replaced whole samples with available low-SES subsamples. The results in the table reﬂect results with low-SES subsamples replacements. c For six
samples, a longer time interval was available beyond the academic context in which the intervention was administered. When replacing effects with those from
longer time intervals, the pattern of results is unchanged.

Meta-Analysis 3: Best Available Evidence

3.

An a priori power analysis was conducted.

Meta-Analysis 3 provides the best available evidence to evaluate
the impact of growth mindset interventions on academic achievement. Our goal was to include studies that provided evidence the
intervention inﬂuenced students’ mindsets and met all the best
practices criteria:

4.

Individual students were randomly assigned to condition.

5.

Students, administrators, and teachers were blind to
condition and hypotheses.

6.

The treatment group was compared with an active
control group.

A test of whether the treatment inﬂuenced students’
mindsets was conducted.

7.

Only the critical ingredient differed between the treatment and control groups.

Hypotheses, methods, and planned analyses were
preregistered.

8.

Results of the participants who participated were reported.

1.
2.
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Table 14
Bias Analyses Results, Meta-Analysis 2: Minimal Standard of Evidence
Financial incentives
All effects
Author(s) with a ﬁnancial incentive
No authors with a ﬁnancial incentive
Published effects
Authors(s) with a ﬁnancial incentive
No authors with a ﬁnancial incentive

Q(1) = 0.08,
95% CI [−0.02,
95% CI [−0.10,
NA
—
95% CI [−0.63,

d̄ = 0.04
d̄ = 0.02
—
d̄ = −0.37

p = .781
0.11]
0.14]

p = .222
p = .731

−0.10]

—
p = .007

Test of missing studies due to publication bias
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Egger’s regression

B0 = −0.09, t(19) = 0.25, p = .402
Publication bias-corrected estimates of the overall effect

Trim and ﬁll
Precision effect test (PET)

9.

d̄ = 0.04
d̄ = 0.05

Results for the whole sample (or all subsamples) were
reported.

10. No authors had a ﬁnancial incentive to ﬁnd positive
effects.
There were no studies that met all the best practices criteria. Our
plan in this case was to lower the proportion of best practices criteria
required to be met until at least ﬁve studies could be included in the
meta-analysis. Zero studies that measurably changed students’
mindsets met 100% or 90% best practices criteria, one study met
80% best practices criteria, two studies met 70% best practices
criteria, and three met 60% best practices criteria. All other studies
that measurably inﬂuenced students’ mindsets met ≤50% best
practices. This process, therefore, resulted in lowering the threshold
proportion of best practices met to 60%, yielding six studies with
eight samples and 10 effects (N = 13,571). Thus, this model is not
free from ﬂaws or biases, but represents the best evidence currently
available to evaluate the effect and mechanism of growth mindset
interventions on academic achievement.
These eight samples and their interventions are generally representative of circumstances in which mindset interventions are hypothesized to be especially helpful. Four samples consisted primarily of
students experiencing a high degree of academic challenge, three
consisted of students facing situational challenges (transitioning to a
new school), and only one sample had a low-challenge level. Two of
the ﬁve samples with reported socioeconomic status information were
low SES. Five of the eight samples consisted of adolescents. Six of the
10 effects measured academic achievement after a long period
following the intervention. All samples’ treatment groups were
exposed to an interactive (e.g., saying-is-believing) intervention.
All samples demonstrated that the growth mindset intervention shifted
treatment students’ mindsets toward more of a growth mindset.

Method
Coding and Inclusion. Cases were coded as having met or not
having met each of the 10 best practices criteria. The proportion of
best practices met was then calculated for each sample. If a sample
contributed multiple effects with inconsistent application of a best
practice, we coded the combined effect as not having met the
criterion. We reasoned that inconsistent application of best practices
is not following best practices.

95% CI [−0.01, 0.10]
95% CI [−0.02, 0.13]

p = .146
p = .137

Results
When examining the best available evidence, the effect of growth
mindset interventions on academic achievement was nonsigniﬁcant:
d̄ = 0.02, 95% CI = [−0.06, 0.10], p = .666. See Figure 8.
This meta-analysis had substantial heterogeneity, I2 = 62.71%
2
(τ = .006). There were not enough high-quality studies available
within any subgroups to conduct moderator analyses. No publication bias analyses suggested that this model’s effect was impacted
by publication bias.

Discussion
The studies included in Meta-Analysis 3 provided evidence the
intervention inﬂuenced students’ mindsets and met at least 60% of
the best practices criteria. When examining these interventions,
there was no signiﬁcant growth mindset intervention effect on
academic achievement. Although these studies represent the
highest-quality evidence currently available, as a whole they still
failed to meet multiple best practices criteria, which likely erroneously increased the size of the effect. Therefore, the overall effect
size found in this model (d̄ = 0.02) might still be inﬂated.
This meta-analysis included studies that met the most best
practices criteria regardless of which best practices they met. It
could be argued that not all best practices are equally important, and
researchers may disagree on which combination of the best practices
criteria should be considered in a model examining the highest
quality studies. We, therefore, also tested the effect when studies
adhered to every possible combination of best practices.
In total, we conducted an additional 230 meta-analytic models of
interventions that adhered to every number and combination of best
practices criteria, with and without the requirement of a successful
manipulation check, when at least ﬁve studies were available for the
model. As the number of best practices met increased, the number of
signiﬁcant models quickly decreased, such that no models where
studies adhered to any combination of three or more best practices
were signiﬁcant, see Table 15. After correcting for publication bias,
there were no signiﬁcant models that adhered to any number or
combination of best practices criteria, see Table 15. See Supplemental
Materials for a summary of model results. Taken together along with
Meta-Analysis 3, our results suggest that apparent effects of growth
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Figure 8
Each Sample’s Effect Size and 95% Conﬁdence Interval in Meta-Analysis 3: Best
Available Evidence

Note. Square size is proportionate to the effect’s weight (larger samples contribute more
weight) with a minimum size imposed for visibility. The diamond on the bottom row represents
the meta-analytically weighted mean Cohen’s d. For studies with multiple independent samples,
the result for each sample (S1, S2) is reported separately. Multiple measures resulting from a
single sample were combined and adjusted for dependency (i.e., M1–M2).

mindset interventions may be due to inadequate study designs,
reporting ﬂaws, and/or bias.

General Discussion
We conducted a systematic review and multiple meta-analyses of
the growth mindset intervention literature. Our goal was to answer
two questions: (a) Do growth mindset interventions generally
improve students’ academic achievement? and (b) Are growth
mindset intervention effects due to instilling growth mindsets in
students or are apparent effects due to shortcomings in study
designs, analyses, and reporting? To answer these questions, we
systematically reviewed the literature and conducted multiple metaanalyses imposing varying degrees of quality control. Our results
indicated that apparent effects of growth mindset interventions are
possibly due to inadequate study designs, reporting ﬂaws, and bias.
In particular, the systematic review yielded several concerning
patterns of threats to internal validity.

First, almost all growth mindset interventions allow multiple
factors to covary with experimental condition. That is, the treatment
group is taught that intelligence or another characteristic is malleable
(growth mindset) and is additionally given, for example, encouragement to work harder, strategies for taking on challenges, inspirational stories, and/or individualized study plans that the control
group does not receive. When multiple characteristics of the protocol differ between groups, the mechanism of any effect is undeterminable. Group differences in achievement could be due to growth
mindset; alternatively, it could be that encouragement to work
harder caused students to work harder thereby improving achievement while having no impact on their mindsets. Of the few studies
that only allowed the key factor of teaching attribute malleability to
vary between the groups, none produced evidence the treatment
inﬂuenced students to have more of a growth mindset.
A second common threat to internal validity found in the literature
is potential expectancy bias. Fewer than one in four interventions
attempted to reduce expectancy bias by keeping students, study

Table 15
Summary of Number of Meta-Analytic Models for Every Number and Combination of Best Practices Criteria Met, With and Without the
Requirement of a Successful Manipulation Check
Best practices criteria met
1
2
3+

Possible models

Models with ≥5 studies
available

Significant models
( p < .05)

Significant models after correcting
for publication bias

20
90
1,936

15
44
171

5
4
0

0
0
0

Note. Best practices criteria met: 1 = adhered to a single given best practice, 2 = adhered to a given pair of best practices; 3+ = adhered to any given
combination of three or more best practices. Possible models include the total number of every unique combination of best practices for that row’s number of best
practices (see left-most column), with and without the requirement of a successful manipulation check (e.g., row 1 = 10 possible models where studies adhered to
each of the 10 best practices plus another 10 models where studies adhered to each of the 10 best practices and reported a successful manipulation check).
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administrators, and teachers blind to condition. Given promises of
profound effects of growth mindset interventions, teachers may
unconsciously view students in the growth mindset treatment as
having made more academic progress than if teachers were blind to
condition. Study administrators who expect the growth mindset
intervention to be beneﬁcial may deliver the treatment differently
than the control protocol. In several studies, the classroom teacher
designed the study, delivered the intervention, graded students’
academic achievement, and authored the study. Expectations of
effects, especially when grading students, may be the source of
group differences in academic achievement.
We also observed several issues related to reporting of signiﬁcant
effects. One such issue occurs when studies assign classes or schools
to condition rather than individual students, which inﬂates the Type
I error rate (Hox, 1998; McCoach & Adelson, 2010). Adjustments
for cluster designs can be applied but often were not, calling into
question the signiﬁcance of some effects reported in the literature.
Another issue associated with reporting signiﬁcant effects in the
growth mindset intervention literature is that some study authors
found null effects but described them as though they were signiﬁcant. This was the case for about 10% of the null effects in our metaanalysis. When study authors discuss null effects as though they
were signiﬁcant, readers may come away with a mistaken understanding of growth mindset intervention effectiveness.
A ﬁnal issue with reporting signiﬁcant effects is one of potential
bias. We found that, relative to authors with no perceived ﬁnancial
conﬂict of interest, studies with one or more authors with a ﬁnancial
incentive to report positive effects were more than two and half
times as likely to report signiﬁcant effects. We also found different
publication patterns between authors with and without a ﬁnancial
incentive to report positive effects: Authors with ﬁnancial incentives
to report positive effects appeared less likely to publish weaker
effects than authors without such a ﬁnancial incentive (signiﬁcant
Publication status × Financial incentive status interaction).
Additional evidence of publication bias came from uncovering several
unpublished reports of studies that were later published. The majority of
them (5 of 7) excluded participants prior to publication. The number of
participants removed was as high as 6,222 students, half the total sample.
Excluding data and removing subsamples prior to publication leaves a
skewed view of interventions’ effects in the published literature.
Publication bias appeared to be a factor in our meta-analysis as
well. The ﬁrst meta-analytic model we conducted considered all
evidence regardless of quality or whether treatments measurably
inﬂuenced students’ mindsets (63 studies, N = 97,672). Growth
mindset interventions appeared to lead to a small overall difference
between treatment and control groups in academic achievement: d̄ =
0.05, 95% CI = [0.02, 0.09], p = .004. Critically, when correcting
for publication bias, the effect was nonsigniﬁcant, d̄ = 0.03, 95% CI
[−0.01, 0.07], p = .097, or d̄= 0.01, 95% CI [−0.03, 0.05], p = .667,
depending on the bias correction estimate. This result suggests that
ﬁndings unsupportive of growth mindset hypotheses are suppressed
from publication. This publication suppression biases the available
evidence to appear more supportive of growth mindset intervention
effects on students’ academic achievement than may be warranted.
Growth mindset interventions are hypothesized to work because
they inﬂuence students to have more of a growth mindset, which
leads to changes in motivations and behaviors resulting in improved
academic achievement. Therefore, evidence the intervention inﬂuenced students to have more of a growth mindset is needed to

Table 16
Descriptive Statistics for Each Meta-Analytic Model

Model

Number of effect
sizes
(number of
samples)

Number
of
students

Model 1: No quality control
Model 2: Minimal standard of evidence
Model 3: Best available evidence

96 (79)
25 (21)
10 (8)

97,672
18,355
13,571

attribute the underlying intervention mechanism to instilling a
growth mindset. We conducted a second meta-analytic model of
studies providing evidence the intervention inﬂuenced students to
have more of a growth mindset. Only 26% of the effect sizes came
from studies that met this minimal standard of evidence. When
examining these cases (13 studies, N = 18,355), the effect of growth
mindset interventions on academic achievement was nonsigniﬁcant:
d̄ = 0.04, 95% CI = [−0.01, 0.10], p = .146.
We next evaluated the highest-quality evidence—studies that
demonstrated the intervention inﬂuenced students to have more
of a growth mindset and adhered to the most best practices criteria.
No studies adhered to all of the best practices criteria. Only 10% of
the effects came from studies that both provided evidence the
intervention changed students’ mindsets and met more than half
the best practices criteria. When examining these cases (10 effects
from 6 studies, N = 13,571), the effect of growth mindset interventions on academic achievement was nonsigniﬁcant: d̄ = 0.02,
95% CI = [−0.06, 0.10], p = .666.
See Table 16 for descriptive statistics and Figure 9 for overall
growth mindset intervention results of the three main meta-analytic
models.
Figure 9
Overall Differences Between Treatment and Control Groups’ Academic Achievement Depending on Quality of Studies

Note. Error bars represent 95% conﬁdence intervals.
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We also conducted additional meta-analytic models examining
effects of studies that adhered to every number and combination of
best practices criteria when enough studies were available. As the
number of best practices met increased, the number of signiﬁcant
models decreased. After correcting for publication bias, there were
no signiﬁcant models that adhered to any number of any combination of best practices criteria.
Taken together, our ﬁndings indicate that studies adhering to best
practices are unlikely to demonstrate that growth mindset interventions beneﬁt students’ academic achievement. Instead, signiﬁcant
meta-analytic results only occurred when quality control was lacking,
and these results were no longer signiﬁcant after adjusting for
publication bias. This pattern suggests that apparent effects of growth
mindset interventions on academic achievement are likely spurious
and due to inadequate study design, ﬂawed reporting, and bias.

Implications
Should parents and schools allocate time and money to growth
mindset interventions when they do not appear to inﬂuence academic achievement? One argument for continuing to promote
growth mindset interventions in schools is that, even if the effects
do not ﬂow all the way downstream to academic achievement,
growth mindsets may promote other beneﬁts such as motivation to
try harder, a greater focus on learning, and embracing mistakes and
challenges. If this is the case, mindset theorists should ﬁrst ensure
these associations are not artifacts of measurement issues (see, e.g.,
Burgoyne et al., 2018; Limeri et al., 2020), and then restrict the
scope of their claims to these outcomes. Additionally, researchers
should attempt to uncover why these motivational and behavioral
changes resulting from a growth mindset do not impact academic
achievement as hypothesized.
That said, the argument that growth mindsets lead to meaningful
changes in motivation and behavior is not well supported. In a metaanalysis of measured mindsets and motivations, Burnette et al.
(2013) generally found weak associations. Likewise, in a preregistered, large-sample, direct test of mindset’s associations with several
motivations and behaviors assumed to originate from mindset (e.g.,
goal orientation, challenge seeking, resilience), we (Burgoyne et al.,
2020) found weak and null relationships. The strongest association
was counter to mindset theory. We concluded, “Our results suggest
that the foundations of mind-set theory are not ﬁrm and, in turn, call
into question many assumptions made about the importance of
mind-set” (p. 266).
A goal of future research should be to meta-analyze relationships
between mindsets, motivations, and behaviors considering studies’
adherences to best practices. Our research indicates that treating all
studies as having the same quality and ability to interpret mechanisms, and not accounting for bias, may lead to misleading conclusions. By examining both the quantity and quality of evidence,
researchers should be able to assess whether (a) true relationships
exist between mindsets and motivations and behaviors, or whether
(b) apparent relationships are due to measurement problems, inadequate study design, reporting ﬂaws, and/or bias, as appears to be the
case in the growth mindset intervention literature.
Another argument for continuing to promote growth mindset interventions is that these interventions interact with recursive processes
(Yeager & Walton, 2011), producing enduring changes that compound
beneﬁts over time (Dweck et al., 2014). That is, even if studies do not

demonstrate effects in the short term, there may be long-term beneﬁts
of growth mindset interventions. We know of no evidence to support
this claim. Our moderator analysis testing whether the treatment effect
varied by the length of time between the intervention and the measure
of academic achievement was nonsigniﬁcant. Furthermore, most
studies collect postintervention measures of mindset within a year
of administering a growth mindset intervention. To our knowledge, no
studies have tested whether growth mindset intervention beneﬁts are
compounded over longer timescales (i.e., over years).
A ﬁnal argument for continuing to promote growth mindset
interventions is that mindset interacts with the level of challenge
such that interventions are most effective for struggling students,
even if there is no effect on achievement on average (see, e.g.,
Yeager et al., 2019). The evidence for this claim is limited. Our
moderator analysis testing whether the treatment effect varied by
level of challenge was nonsigniﬁcant. Additionally, as described in
the State of the Literature section, claims about growth mindset
interventions being particularly beneﬁcial for particular student
subgroups are often not properly tested. If researchers hypothesize
that an intervention will beneﬁt one group more than another, they
should test whether intervention effectiveness signiﬁcantly differs
by group. A goal of future research may be to substantiate these
claims using adequate study design and analyses.
It is perhaps surprising that after nearly 40 years of mindset
research (Dweck ﬁrst introduced the theory in 1983; see Dweck &
Bempechat, 1983) with millions of dollars in funding, the theoretical
underpinnings of mindset remain largely unsubstantiated. Researchers should endeavor to determine whether mindset’s theoretical
premises are accurate or identify the circumstances under which
they are accurate before claiming that growth mindsets beneﬁt
students.

Limitations
This study is the most comprehensive systematic review of the
empirical evidence of growth mindset interventions on academic
achievement to date, assessing both the quantity and quality of the
evidence. However, there are several limitations worth mentioning.
All meta-analyses are limited by their timeframes and the studies
that were available during the literature search. If the number of
growth mindset interventions continues to increase, there may be
many more studies available at the time of publication than were
available when we stopped our search. There is no reason to believe
that these new studies would substantially change the overall effect
sizes, but it is a possibility. Likewise, we were limited in the studies
we could access. We were aware of studies we could not access—
when researchers had unpublished studies they declined to provide
us the details of—and our trim-and-ﬁll analysis estimated we were
missing 10 studies with smaller-than-average effect sizes.
We also were limited in our ability to assess documents in
languages other than English. Mindset theory developed in the
U.S. and the majority of the mindset research has been conducted
in the U.S. with English-speaking students. Nonetheless, mindset
interventions have been conducted around the world. Of the 4,832
independent records revealed in our search, 138 were in a language
other than English. Approximately 1% of the total searched records
were relevant to the present meta-analysis. Based on this percentage,
we would expect one additional study to have been included if we
were able to evaluate articles written in all languages. This estimate,
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however, is inﬂuenced by factors that bias this estimate higher and
other factors that bias this estimate lower. Many studies conducted
in countries where the dominant language is not English nevertheless write the study report in English in an effort to publish in
English-language journals (11% of the studies in the current metaanalysis). Thus, all relevant studies may be included. Alternatively,
we might be missing more than one otherwise relevant study
because non-English articles were likely underrepresented in our
search given the databases we used (e.g., APA PsycInfo), though
Google Scholar searches across languages. There is no known
evidence suggesting there are many non-English articles relevant
to the current meta-analysis or that such studies would produce very
different results from the studies currently included in the present
meta-analysis. Regardless, it is possible that if we had been able to
include more languages in our search that this could have affected
the results of our meta-analysis.
We made (preregistered) decisions about the scope of this metaanalysis. For example, we only included growth mindset interventions that taught growth mindset of a human attribute. Broadening
this scope to include growth mindsets of stress, belonging, and/or
willpower might have produced smaller or larger effect sizes.
Narrowing this scope to only include a particular human attribute
(e.g., math ability) likewise might have produced smaller or larger
effects. Similarly, we evaluated intervention and control content for
meaningful and clearly codable categories in the moderator analysis.
More nuanced evaluation of features (e.g., “saying-is-believing”
activity vs. teacher-led discussion vs. gamiﬁed interactive activities)
may have provided more insight into which intervention features are
more or less impactful. We note that such features are not mutually
exclusive, which would make coding these characteristics for
moderator analyses challenging. A more fruitful approach for
comparing nuanced features of an intervention may be to conduct
experiments manipulating these features.
We based Meta-Analysis 2: Minimal Standard of Evidence and
Meta-Analysis 3: Best Available Evidence on the assumption that
measures of mindset collected before and after an intervention are
valid and reliable. Recent research (Burgoyne et al., 2018; Limeri
et al., 2020) has questioned this assumption. If mindset measures do
not accurately reﬂect students’ mindsets, then restricting models to
only include studies with successful manipulation checks might
skew the results. To account for this possibility, we conducted metaanalytic models for every number and combination of best practices
criteria met when at least ﬁve studies were available, with and
without the requirement that the included studies demonstrated a
successful manipulation check. No model, regardless of this requirement, revealed a signiﬁcant growth mindset intervention effect after
correcting for likely publication bias.
We used Cohen’s d because it is more commonly used in the
literature outside of meta-analyses. Meta-analysts often use Hedges’
g, which corrects for the slight overestimation of effect sizes
Cohen’s d produces for small samples, especially for very small
samples (e.g., df < 10; Borenstein et al., 2009; Hedges, 1981). Our
meta-analysis included one very small sample (Fleurizard & Young,
2018, N = 10). Thus, overall effect sizes we observed are slightly
upwardly biased.
A further limitation is that we used Comprehensive MetaAnalysis software and therefore cannot publish our code. We
provide open data (https://osf.io/ajhxv/) that includes study characteristics, effect sizes, and variances, along with information and

explanations for which studies were included in each model. Thus,
researchers should be able to reproduce all our results.
We observed heterogeneity—differences in effects across
studies—in each of our meta-analyses. As heterogeneity increases,
the variance of the true effect sizes (τ2) increases, meaning the
overall (pooled) true effect size might be higher or lower than what
our models revealed. Heterogeneity is captured in the 95% conﬁdence intervals around our reported effect sizes. See Figure 9.
Likely the biggest limitation of our review comes from the level
of quality of the included studies. Insufﬁcient quality of studies
poses considerable barriers to scientiﬁc understanding. Likewise,
conducting a meta-analysis without considering study quality can
limit the conclusions that can be drawn from synthesizing a body of
research. To better estimate the true effect, we constructed multiple
meta-analytic models that differed by the quality of the included
studies. We found that even when considering the best evidence
available (Meta-Analysis 3), we had to considerably lower quality
standards to have enough studies to meta-analyze.

Recommendations
To improve our scientiﬁc understanding and ability to make wellinformed decisions, we present three recommendations for researchers and educators considering implementing a growth mindset
intervention.

Improving Reports of Growth Mindset Interventions
In this article, we identiﬁed multiple best practices and other
interpretation considerations in intervention design, analysis, and
reporting, most of which are applicable to any intervention. In
addition to adhering to these best practices and study designs to
provide evidence for the treatment mechanism, we recommend that
researchers produce transparent study reports where readers can
(a) assess the size of the effect, (b) see the variance in the groups,
(c) understand the analyses conducted (including the weighting
scheme of covariates and whether the effect differs without covariates), and (d) rely on appropriate interpretations of the results from
the authors.
Researchers should also strive to reduce potential bias in growth
mindset intervention reports. Researchers should acknowledge perceived ﬁnancial conﬂicts of interest including employment in or
consulting for entities that promote growth mindset products or
services, royalties from self-help books recommending growth
mindset, and when one serves as a speaker-for-hire about the
beneﬁts of growth mindset. To reduce publication bias, researchers
should publish the results from all growth mindset intervention
studies regardless of their outcome. At a minimum, study results
remaining unpublished should be made publicly available on a
server such as PsyArXiv.

Avoiding Hype
We recommend that researchers avoid overhyping their results in
future studies. Many claims about the beneﬁts of growth mindset
interventions outweigh the evidence (Ritchie, 2020). Big claims
appear in popular press self-help books, commercial growth mindset
intervention marketing, and op-eds where they reach a large number
of laypeople and educators.

33

This document is copyrighted by the American Psychological Association or one of its allied publishers.
This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.

DO GROWTH MINDSET INTERVENTIONS WORK?

Growth mindset hype also appears in the scientiﬁc literature,
making the theoretical underpinnings of growth mindset interventions appear more robust than the evidence suggests. For example,
an article published in American Psychologist titled, “Mindsets and
human nature: Promoting change in the Middle East, the schoolyard,
the racial divide, and willpower” claimed “an emphasis on growth
not only increases intellectual achievement but can also advance
conﬂict resolution between long-standing adversaries, decrease
even chronic aggression, foster cross-race relations, and enhance
willpower” (Dweck, 2012, p. 614). As another example, in a highly
cited publication, readers are told how interventions can seem
“magical” (Yeager & Walton, 2011, p. 267). While the authors
assure readers interventions are not magic, they emphasize that
interventions “can lead to large gains in student achievement and
sharply reduce achievement gaps even months and years later”
(p. 267). Such claims, whether in the scientiﬁc literature or the
popular press, should be tempered until well-conducted studies
consistently show these effects.

Weighing Potential Beneﬁts and Harms Before
Implementing Interventions
Educators and policymakers planning to implement growth
mindset interventions should weigh the potential beneﬁts of doing
so against the potential harms. First, interventions require time and
resources that could be allocated elsewhere. Proponents of growth
mindset state that growth mindset interventions are inexpensive
relative to other interventions and can be brief (e.g., Dweck, 2018).
Yet, if these interventions are ineffective, the money and time spent
on them, however small, might be better spent on other programs or
on enhanced learning opportunities (e.g., new textbooks, access to
databases, tutoring services) that may better serve students.
Further, when attempting to foster growth mindsets in students,
misunderstandings and misapplications that potentially harm students are common. These misunderstandings and misapplications
occur so frequently that Dweck updated her 2006 popular press
book in 2016 to describe these issues as what she calls “the false
growth mindset”—for example, overly focusing on praising effort,
absolving oneself from teaching struggling students, and blaming
students all in the name of growth mindset. Relatedly, at least some
types of growth mindset interventions have demonstrated they
increase participants’ propensity to blame themselves and others,
which decreases participants’ mental health and increases their
feelings of anger, prejudice, and intolerance of others (Hoyt
et al., 2017; Hoyt & Burnette, 2020). Finally, some equity-focused
educators have raised concerns that growth mindset interventions
implemented to reduce outcome inequalities are potentially harming
the students they seek to beneﬁt: Efforts to change students who are
targeted for systemic oppression redirects efforts away from changing the inequitable systems in schools that disenfranchise these
students in the ﬁrst place (Gorski, 2011, 2017, 2019; Russell, 2019;
Thomas, 2016, 2018).
Policymakers should consider what types of additional teacher
training may be necessary to avoid unintentionally harming students, keeping in mind that (a) additional training requires more
resources than the intervention might originally appear to cost, (b) it
is unclear how to reduce harms resulting from growth mindset
interventions because this topic is underresearched, and (c) time,
effort, and money spent on growth mindset interventions and related

training are resources not being spent on other, potentially more
effective and equitable, endeavors.

Future Directions in Evaluating Evidence
A skewed perception of effects due to hype, bias, and problematic
study designs makes it difﬁcult for researchers, educators, and
policymakers to accurately evaluate the evidence and—in the
case of educators and policymakers—to make well-informed decisions about implementation. To aid educators and policymakers in
making informed decisions about “what works” in education, the
What Works Clearinghouse was established by the Department of
Education in 2002 to review educational programs, products, practices, and policies.5
The What Works Clearinghouse uses a number of best practices
(e.g., whether the study used individual-level random assignment to
condition) to evaluate the scientiﬁc evidence for educational interventions.6 Nevertheless, the What Works Clearinghouse has been
criticized for ignoring other important best practices, thereby undermining conﬁdence in their evaluations (see Simons et al., 2016). For
example, the What Works Clearinghouse does not score doubleblind studies higher than studies without blinding. Passive controls
(e.g., teaching-as-usual) are not scored lower than active controls.
Likewise, differences in encouragement, expectations, additional
skills taught, inspirational stories, or other messages between treatment and control groups besides the critical ingredient are not
recognized as confounds. Finally, though the What Works
Clearinghouse (2020) has a conﬂict of interest policy, developers
of intervention products (e.g., companies selling interventions) are
exempt from this policy.
For the reasons just described, educators and policymakers should
not have high conﬁdence in the What Works Clearinghouse study
evaluations. Thus, unfortunately, there is currently no central,
trusted source to know what works. The What Works Clearinghouse
should address these shortcomings. Until then, we recommend
educators and policymakers seeking to evaluate interventions assess
the study reports for adherence to best practices.

Conclusions
Mindset theory and growth mindset interventions are appealing
because they claim to provide the answer to how to succeed and
fulﬁll one’s potential (Dweck, 2006, 2016). Growth mindset interventions have received substantial attention from researchers, governments, funding agencies, the media, educators, and
entrepreneurs. Multiple companies and organizations sell growth
mindset intervention products or provide growth mindset coaching
to individuals and businesses. Calls have been made to make growth
mindset interventions a national funding priority (Rattan et al.,
2015). The White House even convened a special meeting in
2013 on mindsets in education (Shankar & Kalil, 2013). These
drives for growth mindset practices in schools have been summarized as “the mindset revolution that is reshaping education”
(Boaler, 2013, p. 143).
5

https://ies.ed.gov/ncee/wwc/WhoWeAre (retrieved September 17th,
2020).
6
https://ies.ed.gov/ncee/wwc/ (retrieved September 17th, 2020).
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Despite mindset’s popularity, no systematic review evaluating the
quality and quantity of growth mindset interventions has previously
been conducted. The ﬁrst meta-analysis of growth mindset interventions in 2018 (which did not account for study quality) elicited
conﬂicting conclusions: The meta-analysis authors (Sisk et al.,
2018) concluded that effects of growth mindset interventions on
academic achievement were small and cautioned they may be due to
extraneous factors; Dweck (2018), the developer of mindset theory,
concluded that the same effects were substantive and supported
mindset theory. To help resolve this conﬂict, we reexamined the
literature, this time providing a systematic review of best practices
and varying the quality control between models to better evaluate
the evidence.
We observed that methodological, analytical, reporting, and
conﬂict of interest standards are relatively lax in the mindset
literature; this ﬂexibility in standards might be the source of most
signiﬁcant growth mindset intervention effects that are reported. In
our extensive review, we found: (a) signiﬁcant effects were most
likely to be reported by authors who had ﬁnancial incentives to
report signiﬁcant effects; (b) some highly cited studies interpreted
nonsigniﬁcant effects as though they were signiﬁcant (e.g., Aronson
et al., 2002; Good et al., 2003); (c) many studies failed to adjust for
the design effect, calling into question the veracity of some reported
signiﬁcant effects (e.g., Blackwell et al., 2007); and (d) most studies
included major threats to internal validity, preventing any signiﬁcant
effects from being clearly attributable to growth mindset as the
mechanism. Thus, apparent effects of growth mindset interventions
may be spurious and due to inadequate study design, inappropriate
interpretation of results, and bias.
In addition to our review, we conducted several meta-analyses.
Our meta-analytic results further suggested that apparent growth
mindset intervention effects may be due to problematic study designs,
ﬂawed reporting, and bias. When no quality control was imposed, the
meta-analytic model was signiﬁcant. However, when imposing
quality control by examining interventions that changed students’
mindsets as intended or examining the highest-quality evidence,
signiﬁcant effects were conspicuously absent. Further, after correcting for publication bias, no meta-analytic models were signiﬁcant.
These results undermine the theoretical claims of mindset theory.
Speciﬁcally, the claim that changing students’ mindsets will impact
their academic achievement is undermined by the null result for
interventions that measurably changed students’ mindsets. Likewise, claims that the effect of holding a growth mindset varies based
on students’ level of challenge or claims that the beneﬁts of a growth
mindset compound over time are undermined by the null results for
all theoretical moderators, including student level of challenge and
amount of time from the intervention to the measure of achievement.
In sum, despite the popularity of growth mindset interventions,
the current evidence does not support claims that growth mindsets
are beneﬁcial for students’ academic achievement. Research with
higher-quality standards than the current lax standards in the ﬁeld,
along with a better understanding of potential harms from these
interventions, is needed before recommending growth mindset
interventions for use in educational contexts. Alternatively, rather
than continuing to funnel resources into mindset research, efforts
might be better focused on investigating more promising educational practices: Practices built on strong theoretical foundations
with high potential for genuinely beneﬁtting students’ academic
achievement.
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Appendix
Deviations From and Decisions Not Explicit in the Preregistration
Praise-Only/Struggle Story Manipulations

Financial Stake

We did not include treatments where the manipulation only
praised effort or attributed success to effort or struggle (e.g.,
teaching that Einstein struggled) because those manipulations did
not directly teach students that a human characteristic was
malleable.

We included book sales as having a ﬁnancial stake if the book
promotes growth mindset.

Preregistrations
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We accepted clearly stated study aims in place of hypotheses in
study preregistrations.

Intent-to-Treat Analyses
High-proﬁle, large-scale growth mindset intervention studies
(e.g., the National Learning Mindset Study, Yeager et al., 2019)
were published or otherwise became available in the last few years
(that we became aware of after preregistering) that used intent-totreat analysis, that is, including in the analyses students who did not
receive or comply to the treatment. Given these studies’ relevance it
would have been inappropriate to exclude them from the present
meta-analyses. We, therefore, allowed studies that only provided
effects from intent-to-treat analyses into the meta-analyses.

Default Intraclass Correlation
Hox (1998) states that the typical intraclass correlation for school
effects is ρ = .10. However, Hox (1998) does not provide a citation
for this value. Upon further investigation, we found no rationale for
a correlation of ρ = .10, and that the What Works Clearinghouse.
(2020) under the Department of Education uses a default intraclass
correlation of ρ = .20 for achievement outcomes if no intraclass
correlation is provided by the study. We use this same standard in
the present study.

Coding of Unpublished Studies
We preregistered that if an unpublished and a published version of
the same study were both available, we would use whichever had the
larger sample size in the meta-analyses, but code it as published
because the study (in some form) had been published. However, we
had not anticipated the sometimes vast differences between unpublished and published study versions. For example, the unpublished
version of Yeager et al. (2019, 2018) included the results for 12,542
students, whereas the published version included the results for
6,320 students; the unpublished version met the best practice
criterion of reporting the whole sample whereas the published
version did not. Upon reﬂection, we decided to code the publication
status to match the reference and coding we were using in the metaanalyses. We reasoned that coding features as published that were
not published could be confusing.

Power Analyses
In our preregistration, we noted that adequate power cannot be
determined without a preregistration that included an a priori power
analysis and stopping rule. As a proxy, we planned to conduct post
hoc power analyses and to code samples as adequate in size if there
was >.80 power. However, post hoc power does not reﬂect the true
power of the test and is more closely aligned with the p value than
the sample size or effect size (Lakens, 2014). For example, in our
data set only 1 of the 13 independent samples with N > 1,000 had
post hoc power >.80. In contrast, samples as small as n = 14 per
group had post hoc power >.80. We changed the criterion for a study
to meet this best practice as having reported conducting an a priori
power analysis.

Criteria Removed Based on Reviewer
Recommendations
One or more reviewer(s) suggested we remove several criteria we
originally put forth as best practices (described next with rationale).
These criteria increase the interpretability of the results but do not
necessarily impact the quality of the study design or the size of the
effect. Results with these criteria included can be found in the
Supplemental Materials.

Reporting Standards
We preregistered several best practice criteria in reporting that do
not impact the effect size: controlling the familywise Type I error
rate; testing for differences among subsamples when differences
were hypothesized/assumed by the study authors; reporting variance
around means (e.g., standard deviations, conﬁdence intervals);
reporting effect sizes for key results; and appropriately interpreting
results. We removed the reporting criteria that did not impact the
effect size entered in the meta-analysis.
We also removed conducting and reporting results interpretable
to most readers. We describe this further in the Supplemental
Materials.

Adjusting for Prior Academic Achievement

Conducting Theory-Driven Analyses to
Test Hypotheses

When enough information was provided by the study, we
adjusted for groups’ prior academic achievement (e.g., difference
of change scores).

We preregistered that conducting theory-driven, rather than datadriven, analyses to test hypotheses is a best practice. While an
explicit data-driven method can be discerned from a description, a
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reviewer pointed out that analyses chosen from data cannot. (We
originally coded all studies as meeting this criterion.)

Meta-Analytic Models With Studies Meeting at Least
Half the Best Practices Criteria

Equivalence at Baseline

The results of these models are presented in the Supplemental
Materials.

We preregistered as a best practice criterion that the control group
should be comparable to the treatment group on the outcome
measure (i.e., academic achievement) at baseline. We found that
58% of the samples—37% of the total students—included in the
meta-analysis reported equivalent academic achievement between
the treatment and control groups at baseline. However, a reviewer
pointed out that equivalent baseline performance is not a best
practice: baseline differences will occur by chance with randomization and should be unbiased in the long run. We, therefore, removed
this as a best practice criterion.

Alternate Best Practices Models
The meta-analyses of studies adhering to every combination of
best practices criteria were not preregistered but were suggested by a
reviewer.
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