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Abstract

Stereotype threat — the psychological threat that arises when one is in a situation or doing
something for which a negative stereotype about one’s group applies (Steele, 1997) — has been
broadly studied throughout the social sciences over the past two decades (for reviews, see Lewis
& Sekaquaptewa, 2016; Steele, 2010). It is a theory that is presumed to explain variance in
disparities between those who are negatively stereotyped in certain domains (e.g. racial-ethnic
minorities in academics, women in mathematics) and those who are not (e.g. White men in
academics; Steele, 2010). Studies on stereotype threat have been conducted hundreds of times,
and have yielded mixed findings. Early studies tended to yield “positive” - statistically
significant - findings (for meta-analytic review, see Nguyen & Ryan, 2008) whereas more recent
reanalysis (Zigerell, 2017) and replication attempts (e.g., Finnigan & Corker, 2016) have failed
to replicate initial findings. These conflicting accounts call into question the robustness of the
phenomenon and raise two possibilities in our minds: Either the strength of the evidence was
weak to begin with, or something has changed over time to reduce our ability to detect stereotype

threat effects. We test these possibilities in a pre-registered cross-temporal meta-analysis.
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Has Stereotype Threat Dissipated Over Time? A Cross-Temporal Meta-Analysis
A Brief History of Research on Stereotype Threat

Stereotype threat is the psychological threat that arises when a person is in a situation or
engaged in a behavior for which a negative stereotype about their group applies (Steele, 1997).
The concept was introduced to the social psychological literature in the mid-1990s by Steele and
Aronson (1995) in an attempt to explain why group differences in academic performance occur.
Specifically, Steele and Aronson were puzzled by gaps in academic achievement between
European Americans and African Americans (Steele, 1992), gaps that continue to persist in the
present day (Lewis & Yates, 2019; Oyserman & Lewis, 2017). They hypothesized that these
gaps persisted, in part because widely-known negative stereotypes about African Americans’
intellectual abilities put African American students in situations that made them concerned about
how they would be evaluated by others. Those situations were thought to be self-threatening
enough to have disruptive effects on performance (Steele & Aronson, 1995). Steele and Aronson
(1995) initially tested this hypothesis across four studies in which they found that Black students
underperformed relative to White students on Scholastic Aptitude Tests (SATs) when negative
stereotypes were activated with an experimental manipulation, but that gap was reduced when
the stereotype was not activated (Steele & Aronson, 1995; Studies 1-2). Further, with respect to
mechanisms, these initial studies found that activation of negative racial stereotypes motivated
Black participants to defy those stereotypes or refuse to be judged by them (Study 3) and,
ironically this led to an impairment in their performance (Study 4).

After those initial studies, other researchers went on to argue and empirically demonstrate
that the stereotype threat phenomenon was not unique to African Americans in academic testing
situations. Instead, the body of research suggested that stereotype threat was a more

generalizable process, one that could help to explain gender differences in mathematics test
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performance, both in laboratory (e.g., Pronin, Steele, & Ross, 2004; Sekaquaptewa & Thompson,
2002; Spencer, Steele, & Quinn, 1999; Thompson & Sekaquaptewa, 2002) and real-world field
studies (Danaher & Crandall, 2008), as well as performance differences on memory tests for the
elderly depending on whether “old” stereotypes are activated (Haslam, Morton, Haslam, Varnes,
Graham, & Garmaz, 2012; Hess, Auman, Colcombe, & Rahhal, 2003). Outside of the testing
domain, researchers also found that stereotype threat can undermine the quality of racially
discordant doctor-patient interactions (Aronson, Burgess, Phelan, & Juarez, 2013; Burgess,
Warren, Phelan, Dovidio, & Van Ryn, 2010), as well as athletic performance (Beilock &
McConnell, 2004; Krendl, Gainsburg, & Ambady, 2012; Stone, 2002; Stone, Lynch, Sjomeling,
& Darley, 1999), driving performance (Joanisse, Gagnon, & Voloaca, 2013; Lambert, Watson,
Stefanucci, Ward, Bakdash, & Strayer, 2016; Yeung & von Hippel, 2008), leadership aspirations
(Burgess, Joseph, Van Ryn, & Carnes, 2012; Davies, Spencer, & Steele, 2005); workplace
success and well-being (Bergeron, Block, & Echtenkamp, 2006; Davies, Spencer, Quinn, &
Gerhardstein, 2002; Gupta, Goktan, & Gunay, 2014; von Hippel, Sekaquaptewa, & McFarlane,
2015; Kalokerinos, von Hippel, & Zacher, 2014; Roberson, Deitch, Brief, & Block, 2003;
Roberson & Kulik, 2007), and interracial interactions in the United States (Goff, Steele, &
Davies, 2008; Schmader, Hall, & Croft, 2015; Tatum & Sekaquaptewa, 2009); for a review of
recent studies, see Lewis and Sekaquaptewa (2016).

In addition to testing for domain generalizability, researchers devoted a lot of effort to
understanding the mechanisms of stereotype threat. This work highlighted three necessary
conditions for stereotype threat to occur and impede performance. First, research on stereotype
awareness documented that in order for stereotype threat to occur, the negative stereotype must

exist and be “in the air” (Steele, 1997), and the target must be aware of the stereotype (Deaux,
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Bikmen, Gilkes, Vantuneac, Joseph, Payne, & Steele, 2007; Shih, Pittinsky, & Ambady, 1999).
For instance, Deaux and colleagues (2007) found that first-generation West Indian immigrant
Black students in the United States were less susceptible to stereotype threat than their second-
generation counterparts, perhaps because first-generation immigrants are less aware of the
negative intellectual stereotypes about Blacks in the US. Second, research on domain
identification noted that targets of negative stereotypes must be identified or otherwise invested
in the domain in which the threat occurs in order to be affected by a threat cue. Their logic is that
if people do not care about the domain, then there is no threat to the self to be concerned about,
and hence there should be no stereotype threat effect (Aronson, Lustina, Good, Keough, Steele,
& Brown, 1999). Third, research on stereotype threat mechanisms highlighted the importance of
task difficulty (Spencer, Steele, & Quinn, 1999). Following a similar logic to the identification
mechanism, if the task at hand is not difficult, then there is no reason for a person to experience a
threat to the self.

Overall, research on the mechanisms suggested that stereotype threat (at least in the
academic domain) operates by a threat cue triggering a sequence of negative thoughts, negative
appraisals, and negative emotions in the target of the negative stereotype. Once these negative
thoughts, appraisals, and emotions are activated, that can (a) trigger a physiological stress
response, (b) lead people people to monitor their performance, and (c) attempt to suppress those
negative thoughts, appraisals and emotions (Schmader, Johns & Forbes, 2008). All of these can
combine to impair working memory (Beilock, Rydell, & McConnell, 2007; Schmader & Johns,
2003) and consume other executive resources (e.g., prefrontal processing) necessary to perform

well (Schmader, Johns, & Forbes, 2008), particularly when the difficult task at hand is not well-
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practiced (Beilock et al., 2007). For an integrated model of how these processes operate in
tandem, see Schmader and colleagues (2008).

Understanding the underlying mechanisms was critical for developing interventions to
reduce stereotype threat, and the group-based disparities that inspired the research in the first
place. Over the years, researchers developed five general categories of interventions. The first
category is task reframing interventions, which are interventions that are designed to reduce
stereotype threat by changing descriptions of tasks to minimize the relevance of negative
stereotypes (e.g., Quinn & Spencer, 2001; Steele & Aronson, 1995). For example, in the
foundational studies on the topic, Steele and Aronson (1995) found that reframing the SAT as a
“laboratory tool for studying problem solving” rather than a “diagnostic of intellectual ability”
was enough to reduce stereotype threat for Black students. The second category is threat cue
removal interventions, which are interventions that omit or relocate triggers known to activate
negative stereotypes from the situation. For example, in a national sample of students taking an
Advanced Placement (AP) Calculus exam or a Computerized Placement Test (CPT), Danaher
and Crandall (2008) found that women benefited substantially on both tests when demographic
questions were asked after the test rather than before. The authors argue that moving
demographics to the end of the test avoids priming negative stereotypes that produce stereotype
threat effects (Danaher & Crandall, 2008). It is worth noting however, that other analyses of the
same dataset reached different conclusions (see Stricker & Ward, 2004). The third category is
role model interventions. Research on these interventions has demonstrated that role models of
high achieving in-group peers reduce stereotype threat and improves participation, aspirations,
and persistence (e.g., Dasgupta, 2011; Dasgupta, Scircle, & Hunsinger, 2015). The fourth

category is self-affirmation interventions, which encourage people to focus on positive aspects of
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themselves to buffer against threat. Early results suggested that these interventions improved
mathematics performance and grade point averages over time (e.g., Cohen, Carcia, Apfel, &
Master, 2006; Martens, Johns, Greenberg, & Schimel, 2006). Finally, mindset interventions
represent the fifth category; these interventions encourage students to think about intelligence as
something that can be improved, and these interventions have been shown to increase students’
enjoyment and value of education, as well as their grades in school (e.g., Aronson, Fried, &
Good, 2002; Dweck, 2006; Good, Aronson, & Inzlicht, 2003).

Overall, the body of evidence from several hundred studies initially suggested, at least to
some, that stereotype threat was a robust phenomenon that could help to explain variance in
group based disparities in academic (e.g., 17-28% of the White/Black gap on the SAT-Math test;
Walton, Spencer, & Erman, 2013) and other outcomes that have plagued society. Moreover, the
research on stereotype threat interventions suggested that stereotype threat could be reduced
quite easily in a variety of domains with relatively small interventions (for reviews and meta-
analyses see, Lewis & Sekaquaptewa, 2016; Nguyen & Ryan, 2008; Walton, Spencer, & Erman,
2013).

Skepticism, Re-analyses, and the Replication Crisis of the 2010s

Although the evidence for the existence of stereotype threat was compelling to some,
over the years, others have expressed skepticism in the phenomenon (e.g., Jussim, 2015). What
made some researchers so skeptical? Two core issues seem to drive much of the skepticism.

The first issue stems from whether the body of evidence for stereotype threat effect rests
on what have become known as “researcher degrees of freedom” that may be necessary to find
the effect (Simmons, Nelson, & Simonsohn, 2011). For instance, in a meta-analysis of

replications of Spencer, Steele, and Quinn’s (1999) study of stereotype threat for women in
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mathematics, Stoet and Geary (2012) found that only 55% of articles replicated the original
results, but half of those included pre-existing mathematics exam scores as covariates; of the
experiments analyzed without these covariates, only 30% replicated the original study. In another
gender stereotype threat meta-analysis, this time among children and adolescents, Flore and
Wicherts (2015) found several signs of publication bias that the authors concluded might distort
the literature on effects of stereotype threat among school girls. Most recently, a re-analysis of
the often cited Nguyen and Ryan (2008) meta-analysis of stereotype threat found that after
accounting for potential publication bias, the estimated effect size of stereotype threat could be
the same or 50% smaller than Nguyen & Ryan’s estimate—or practically zero (Zigerell, 2017,
see also Ryan and Nguyen, 2017). Findings like this are troubling; they suggest that the body of
evidence may rest on somewhat shaky grounds, whereby the effect might only emerge when
researchers “statistically adjust” for some factors, or only in a subset of studies conducted — the
remaining studies that yielded nonsignificant or opposite-direction findings potentially remain in
researchers’ file drawers.

The second related issue is one of replicability. Since the early 2010s, psychological
scientists have been reflecting on the methods and findings in the research literature in attempts
to assess the state of our cumulative knowledge (Gilbert, King, & Pettigrew, 2016; Maxwell,
Lau, & Howard, 2015; Motyl et al., 2017; Nelson, Simmons, & Simonsohn, 2018; Open Science
Collaboration [OSC], 2015; Shrout & Rodgers, 2018; Simmons, Nelson, & Simonsohn, 2011).
Findings from these inquiries have been mixed; some find that a mere 36% (OSC, 2015) or as
much as 67% (Camerer et al., 2018) of psychological studies replicate, whereas others argue
those low rates of replicability depend on the methods used to conduct the replications (Gilbert et

al., 2016) or the goals of replications (see Table 1, Anderson & Maxwell, 2016).
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Questions of replicability have been raised about a variety of phenomenon in psychology,
including stereotype threat (Finnigan & Corker, 2016; Ganley, Mingle, Ryan, Ryan, Vasilyeva,
& Perry, 2013) and threat-reducing interventions (Hanselman, Rozek, Grigg, & Borman, 2017,
Protzko & Aronson, 2016). For example, Finnigan and Corker (2016) recently attempted a large-
scale replication of Chalabaev, Major, Sarrazin, and Curry’s (2012), a paper that argued that
inducing both stereotype threat and a performance-avoidance goal should increase women’s
performance and challenge appraisals, which should reduce the effects of stereotype threat for
women. Not only did Finnigan and Corker (2016) fail to replicate Chalabaev and colleagues’
(2012) findings, they were also unable to reproduce the standard gender stereotype threat effect
in their large sample. As a result, they concluded that the effect of stereotype threat may be
weaker than commonly thought (Finnigan & Corker, 2016).

The conflicting accounts outlined so far call into question the robustness of the stereotype
threat paradigm. Some original studies find evidence for stereotype threat while others do not;
some meta-analyses find evidence for stereotype threat while others do not. At this time, the
evidence for stereotype threat seems mixed.

Has stereotype threat changed over time or was the evidence weak from the beginning?

The inconsistencies outlined in the previous sections— years of early evidence followed
by recent years of difficulty reproducing findings—raise two possibilities in our minds: either the
strength of the evidence in favor of stereotype threat was weak to begin with, or something has
changed over time that has made it more difficult to reliably (re)produce stereotype threat
effects. One potentially important pattern we have noticed is that the majority of the recent
failures to replicate findings seem to surround stereotype threat among women in math/science

domains (Finnigan & Corker, 2016; Ganley et al., 2013; Stoet & Geary, 2012).
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Looking to the theoretically specified preconditions for stereotype threat to occur, as well
as new data documenting changes in some societal level trends, we have some reason to predict
that societal level changes may help to explain inconsistencies between older studies on
stereotype threat and recent attempts to replicate those studies. For instance, the theory argues
that for stereotype threat to occur, the stereotype must exist in society and potential targets must
be aware of the stereotype (Deaux et al., 2007; Shih et al., 1999; Steele, 2010). We recently
analyzed data from the publicly available Project Implicit database and found that the level of
bias in the Gender-Science Implicit Association Test (IAT) has been decreasing over time among
women in the United States (who have taken the IAT), see Figure 1 (generated using open data
from Xu, Lofaro, Nosek, & Greenwald, 2017a). There are many debates about what the IAT
measures (e.g., Blanton, Jaccard, Klick, Mellers, Mitchell, & Tetlock, 2009; Gawronski, 2002;
Greenwald, McGhee, & Schwartz, 1998), but one interpretation of the gender-science IAT is that
it measures the extent to which people automatically associate science more with men than with
women (positive “D-score” values suggest male-science bias; Nosek et al., 2009). To the extent
that for women this association - this stereotype - is less active now (in 2018) than when the
early stereotype threat studies were being conducted (early-mid 1990s), that could help to
explain discrepancies in findings. In other words, the timing of when the study was conducted
may be an important contextual moderator of stereotype threat’s replicability. If the “threats in
the air” required for stereotype threat effects to occur (Steele, 1997) have been dissipating over
time, it may be more difficult to reliably produce a stereotype threat effect today than it was
twenty years ago when the research on this topic began.

A second possible reason that it may be more difficult to detect stereotype threat effects

today than before is, ironically, stereotype threat research has been broadly disseminated. Johns,



HAS STEREOTYPE THREAT DISSIPATED OVER TIME? 11

Schmader, and Martens (2005) documented that one of the simplest interventions to mitigate
stereotype threat effects for women in mathematics is to teach women about the concept of
stereotype threat. The logic behind this intervention is that having an alternative attribution for
the anxiety that arises in a testing situation is enough to disrupt the cycle that produces
performance decrements; instead of thinking the anxiety might reflect deficits in ability, their
teaching intervention led women to make an external attribution, attributing the anxiety to the
stereotype threat phenomenon. Since the teaching intervention improved women’s math
performance, the authors concluded that when it comes to reducing stereotype threat, “knowing
is half the battle” (Johns et al., 2005). Perhaps because of these findings, research on stereotype
threat has been disseminated quite broadly in recent years. For instance, Steele (2010) wrote a
popular psychology book on the topic, and this book has been broadly disseminated and has even
been incorporated in a variety of curricula. Universities (and perhaps other types of institutions)
have assigned the text for summer (e.g., University of Michigan School of Education, 2013) and
community (e.g., Northwestern University’s One Book One Northwestern, 2014-2015) reading
programs to educate students, faculty, staff, and community members about stereotype threat and
how to address it in classrooms and beyond. If modern participants in stereotype threat studies
are now more aware of the concept of stereotype threat than participants in earlier studies, then
following the findings of Johns and colleagues (2005), they should be less likely to show
stereotype threat effects.

These possibilities have not yet been tested in previous studies of stereotype threat. If
stereotype threat has been dissipating over time (for the reasons outlined above, or others), we
should be able to detect this by conducting a cross-temporal meta-analysis. Cross-temporal meta-

analyses estimate the effect sizes of the phenomenon, group the effect sizes by specific time
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periods and test whether effect size changes over time (e.g., Twenge, Konrath, Foster, Campbell,
& Bushman, 2008). Another approach requires estimating average statistical power—the average
probability of rejecting a false null hypothesis—per time period to evaluate alongside average
sample sizes per time period. If average power increases over time but average sample size
remains constant or decreases, one can infer the average effect size has increased. In contrast, if
average power decreases over time but average sample size remains constant or increases, one
can infer the average effect size has increased (see our Meta-analysis Procedures OSF wiki for

an interpretation table, https://osf.io/6nx6h/). Applying these techniques to the current

phenomenon, one would need to estimate effect sizes, average power, and average sample sizes
of stereotype threat studies conducted in each year (or groups of years) since the phenomenon
was introduced to the literature (i.e., estimates for 1995, 1996, 1997...2019). These approaches
would allow one to test whether the effect was weak to begin with or whether it was initially
present but has dissipated over time. It is important to note that these analyses would not tell us
why the effect has dissipated if it has—further research would be needed to explore that question.
Moreover, since the question of whether stereotype threat is replicable seems to be focused on
studies of stereotype threat among women in math/science contexts, it would be important to test
whether any change in the strength of evidence for stereotype threat is moderated by threatened
group within a given domain (e.g., women in math/science vs. racial-ethnic minorities in
academics more broadly).
Conducting a moderated cross-temporal meta-analysis

Conducting a moderated cross-temporal meta-analysis of the variety we are proposing

poses several methodological challenges; there is no consensus on which method best answers

the questions we are asking. Specifically, methodologists disagree about the values meta-
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analyses are supposed to estimate (e.g., the average of the effects that have been studied or the
effects that have been or could ever be studied) and about how to account for biases in those
values caused by publication criteria (Carter, Schonbrodt, Hilgard, & Gervais, 2017; McShane,
Bdckenholt, & Hansen, 2016; Simonsohn, Simmons, & Nelson, 2014). Given the lack of
consensus in the meta-analysis research community, rather than taking one analytic approach, it
is perhaps more fruitful to employ multiple meta-analytic techniques and identify points at which
multiple techniques converge (and discuss the meaning of that convergence) and points at which
the techniques diverge (and discuss the meaning of that divergence). Thus, our goal in the
current paper is not to adjudicate technical and philosophical debates about meta-analyses.
Rather, our goal is employ techniques with validity support to answer a substantive theoretical
(and practical) question, and to interpret our results in light of those techniques’ strengths and
weakness—we leave alternative and additional interpretations up to all readers (Simonsohn,
2016). In addition, we will make all data and analysis scripts associated with this study publicly

available in the Open Science Framework (https://osf.io/6nx6h/), enabling readers with differing

opinions on how best to conduct meta-analyses to easily re-analyze the data with their preferred
method. In the paragraphs that follow, we discuss the anticipated challenges of conducting a
moderated cross-temporal meta analysis of stereotype threat, and highlight the strengths and
weaknesses of different meta-analytic techniques for addressing those challenges.

Challenge 1: Selective reporting and p-hacking. Scientific journals have a bias towards
publishing statistically significant results. This bias has incentivized researchers to exclude
analyses from their papers that were not statistically significant (Simons, Nelson, & Simonsohn,
2011; Sterling, 1959, Sterling, Rosenbaum, & Weinkam, 1995). In addition to exclusions of

nonsignificant results, there is also evidence that many researchers have engaged in p-hacking—
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selectively reporting analyses that yield statistically significant results (e.g., adding covariates or
removing outliers after seeing data; Simons et al., 2011). Due to these practices, attempts to
aggregate effect sizes from empirical reports drawn from the likely biased publication record will
inflate estimates. To address this problem, many meta-analysts use statistical techniques
designed to adjust or unconfound their estimates that are assumed to be inflated due to
publication bias. However, common techniques designed to account for publication bias produce
biased estimates themselves, depending on the distribution of effects sizes of interest and the
nature of publication bias (Inzlicht, Gervais, & Berkman, 2015; McShane et al., 2016;
Simonsohn et al., 2014b; van Aert, Wicherts, & van Assen, 2016).

Methodologists have developed a variety of techniques for estimating effect sizes drawn
from a biased literature. Each technique makes different assumptions that make it more or less
prone to bias and error when applied to real data collected and (sometimes) published in a
specific domain of academic literature. Ideally, there would exist one technique that performs
well across domains. Realistically, these techniques perform well when their assumptions are
met, and data do not always meet assumptions. Instead of employing one technique, we take a
more conservative approach and employ a subset of these techniques with the hope that their
adjusted or presumably unconfounded estimates will point toward an informative answer to our
research question (Inzlicht et al., 2015). We list these techniques below along with their strengths
and limitations.

Before we discuss publication bias modeling techniques, we need to briefly discuss meta-
analysis techniques in general. Meta-analyses combine results from many studies to produce one
or more summary estimates of some interesting phenomenon. There exist two common meta-

analysis methods that use only information from selected studies to produce summary estimates:
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fixed- and random-effects meta-analyses. The fixed-effects model uses selected effect sizes and
their variances to estimate a weighted average effect size. This model assumes that each selected
effect size estimate comes from the same underlying population: same outcome measure,
predictor measure, sample characteristics, study context, etc. The random-effects model
estimates a weighted average effect size too, but it also uses the observed variability from the
selected effect sizes to estimate and add a random component to each study’s estimate, which
reduces some of the weight given to more precisely estimated studies. By combining study
precision and variability in this way, the random-effects model treats each selected effect size
estimate as if it comes from a different-but-related underlying population. What the fixed-effects
model treated like only sampling error, the random-effects model treats like part sampling error
and part variability due to study characteristics (e.g., measurement instruments, sample
characteristics, study contexts). At one extreme, if there exists a lot of variability in selected
effect sizes, then the random-effects model produces a more or less unweighted average. At the
other extreme, little variability results in practically the same weighted average the fixed-effects
model would estimate (Cooper, Hedges, & Valentine, 2009).

Neither fixed- nor random-effects meta-analyses alone account for publication bias. The
following techniques were developed to account for or rule out such bias.

PET, PEESE, and PET-PEESE. Precision-Effect Test (PET) and Precision-Effect
Estimate with Standard Error (PEESE) are both regression techniques built on the idea that
publication bias results in a small study effect such that statistically significant effect sizes from
smaller studies (i.e., smaller N) are larger and have larger standard errors than those from
relatively larger studies (Stanley & Doucouliagos, 2014). In other words, effect size positively

correlates with standard error. To adjust for this via the PET technique, the analyst regresses



HAS STEREOTYPE THREAT DISSIPATED OVER TIME? 16

effect size on standard error so that the intercept can be interpreted as the predicted effect size
when the standard error equals zero (i.e., a perfectly precise estimate). Relatedly, to adjust for
small study effects via the PEESE technique, the analyst regresses effect size on the squared
standard error, the quadratic effect. The quadratic term is meant to model the bias that smaller
studies tend to be published when effects are overestimated, and larger studies tend to be
published when effects are more accurately estimated. When this works properly, the correlation
levels off as sample size gets larger and standard error gets smaller. Simulation studies
demonstrate that PET underestimates true non-zero effects and PEESE overestimates true zero
effects, so Stanley and Doucouliagos (2014) recommend using them together to compensate for
their opposing biases. If the PET estimate fails to reject the null, the analyst uses that estimate,
but if the PET estimate rejects the null, the analyst uses the PEESE estimate. Even more

simulation studies suggest PET-PEESE underestimates the true average effect when there is
publication bias (Simonsohn, 2017). Analysts can partially reduce this bias by using %as the

effect size variance estimate, and at least one methodologist suggests analysts interpret PET and
PEESE seperately (Hilgard, 2017).

Methodologists point out that PET, PEESE, and the conditional PET-PEESE do not make
explicit assumptions about the distribution of effect sizes (e.g., population mean and standard
deviation) nor the biased selection criteria for publication (e.g., p < .05). Because this
information is necessary to model publication bias, it is difficult for methodologists to predict via
equations the conditions under which these techniques would perform well (or poorly) and it is
difficult to design evaluation studies (e.g., simulations) to test those predictions (McShane et al.,

2016, p. 745).
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In contrast, so-called selection methods make explicit these assumptions about the
distribution of effect sizes and the publication “censoring rules” (Hedges, 1984; Hedges &
Vevea, 1996; lyengar & Greenhouse, 1988; Vevea & Hedges, 1995; Vevea & Woods, 2005). For
example, an analyst might assume that researchers tend to publish effect sizes that are
homogeneous and normally distributed, and she might assume that they tend to publish these
effects only when they are statistically significant, p <.05. We describe a few techniques based
on selection methods below.

p-Curve and p-uniform. p-Curve exploits the idea that the distribution of significant p-
values resulting from tests of “true” effects will be right skewed (i.e., higher frequencies of small
p-values; Simonsohn, Nelson, & Simmons, 2014a; Simonsohn, Simmons, & Nelson, 2015). As
effects and sample sizes get bigger, small p-values become more frequent and the distribution of
significant p-values—p-curve—becomes more right-skewed. In contrast, null effects will
produce significant p-values that are uniformly distributed; that is, all sizes of significant p-
values are equally likely when the null is true. Thus, an analyst can glean evidential value of a
phenomenon from the degree of right-skew in the observed p-curve.

p-uniform is also based on only significant p-values, but it employs a different estimation
algorithm (van Assen, van Aert, & Wicherts, 2015). Because these techniques make similar
assumptions about effect sizes and selection bias, they perform equally well under similar
conditions (McShane et al., 2016; Simmons, Nelson, & Simonsohn, 2018). However, unlike p-
curve, the p-uniform technique provides confidence intervals for the estimated effect size.

Importantly, p-curve and p-uniform do not “adjust” effect sizes for publication bias;
rather, they attempt to remove publication bias as a sufficient explanation for an observed effect.

Both “p-procedures” assume that publication is based solely on statistical significance, which
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introduces a trade-off: if p-values are carefully selected, these p-value-based tests and effect size
estimates are unconfounded by this type of publication bias, but they are also agnostic about
potentially interesting and true effects that, for whatever reason, failed to reach statistical
significance. Excluding these effects reduces power and potentially introduces other selection
biases.

Three parameter selection model. McShane and colleagues (2016) recommend (p. 732) a
selection model developed by Hedges (1984) and expanded by lyengar and Greenhouse (1988)
that uses the estimated average effect size, the estimated heterogeneity of random effect sizes,
and the probability that a nonsignificant effect enters the publication record together to compute
a meta-analytic estimate. Importantly, this model makes use of both significant and
nonsignificant effects. Some have argued that nonsignificant effects provide valuable
information about effects, given researchers do often observe and publish non-significant effects
(Carter et al., 2017; McShane et al., 2016). But others emphasize that consequences (e.g., false
positive errors) of unknown publication bias mechanisms for nonsignificant effects (e.g., isap =
.051 effect in the predicted direction as likely to be published as a p = .051 effect in the opposite
direction (Simonsohn, Simons, & Nelson, 2017; Nelson et al., 2018). Presumably, if a meta-
analyst knows enough about publication bias mechanisms, she can incorporate that information
and estimate more accurate effect sizes.

All of these techniques show promise in accounting for likely publication bias in the
stereotype threat literature, but, as mentioned above, they are useful only to the extent their
assumptions are met. Importantly, all meta-analyses depend heavily on how effect sizes are

selected to be included in the analysis. In the next section, we discuss how publication bias in the
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stereotype threat literature affects which publication bias technique we can use for our meta-
analysis.

Selecting p-values for p-curve and p-uniform. Simonsohn et al. (2014a) recommend—
coincidentally, via a stereotype threat example—that p-curvers select interaction p-values for
attenuation hypotheses: hypotheses about reduced effects due to some moderator rather than
opposite effects (i.e., crossover interactions). Their logic is as follows. Publication standards for
attenuation hypotheses incentivize significant interactions (e.g., comparing one positive slope to
another positive slope), and attenuation interactions have less power than the larger effect of
their corresponding simple effects (e.g., comparing r = 0.99 £ error to r = 0.00 % error requires
more observations than comparing r = 0.99 * error to null value = 0). So, significant simple
effects unpaired with significant attenuation interactions are more likely to occur but are less
likely to be published. Thus, p-values from published simple effects of this type are not
uniformly distributed when the null is true, one of p-curve’s model assumptions.

One can (statistically) classify stereotype threat effects in at least two different ways. On
the one hand, stereotype threat can be classified as a simple effect on members of negatively
stereotyped groups that should be larger than the corresponding effect on non-stereotyped groups
(e.g., a threat cue having a larger effect on Black students’ performance than on White students’
performance): an interaction hypothesis (Gelman & Stern, 2006). If researchers and journal
reviewers consider the stereotype threat effect an attenuation interaction, then, following the
logic outlined by Simonsohn et al. (2014a), significant p-values from tests of simple effects on
stereotyped groups will not be uniformly distributed when the null is true and, thus, they are

inappropriate for inclusion in p-curve analyses.
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On the other hand, stereotype threat can (statistically) be considered a main effect on
negatively stereotyped groups. Only for people who identify with a stereotyped group (e.g.,
Black students), salient group-specific stereotypes (e.g., that they are unintelligent) interfere with
their performance on evaluative tasks (e.g., standardized tests) (Steele, 1997). If this is the
publication-worthy effect—if the comparison to non-stereotyped groups is not necessary for
publication—and if researchers design, conduct, and report studies with this in mind, then both
published and file drawered studies should reflect this. That is, journals tend to publish
significant p-values from these tests, and researchers tend to file-away nonsignificant p-values
from these tests. Under this scenario, if the null is true, significant p-values from these tests will
be uniformly distributed and, thus, appropriate for inclusion in p-curve analyses.

When conducting a p-curve analysis of stereotype threat then, selecting p-values that
meet assumptions does not depend so much on whether stereotype threat is a main effect for
stereotyped groups or an attenuation hypothesis that compares effects between stereotyped and
non-stereotyped groups. Rather, selecting these p-values depends on whether researchers file
drawer or reviewers reject significant p-values from simple effect tests. If these p-values are
systematically hidden from the p-curver because of nonsignificant interaction tests, then feeding
simple effect p-values to p-curve analyses will violate p-curve’s distribution assumption. More
importantly, selecting p-values only when the stereotyped-group simple effect is larger than the
non-stereotyped group effect will lead to surprisingly large effect size estimates, even if the null
is true. However, if publication does not depend on significant interaction tests—if significant
simple effect p-values are not sitting in file drawers because their interaction p-value was

nonsignificant—then simple effect p-values meet p-curve’s distribution assumption.
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If it is the case that journal reviewers and researchers care about whether interaction tests
and simple effect tests are both significant, and they hide lonely simple effect p-values from the
published record as a result, then these lonely p-values should make up a greater share of
unpublished tests of the stereotype threat hypothesis. There is no evidence of this if one takes a
closer look at the Nguyen & Ryan (2008) meta-analysis: Among the unpublished, significant,
and directionally consistent effects in their dataset (i.e., worse performance in the threat
condition), 19 designs (56%) included a comparison group and 15 (44%) did not. By
comparison, among the published, significant, and directionally consistent effects in their
dataset, 32 designs (56%) included a comparison group and 25 (44%) did not. In other words,
significant and directionally consistent simple effects were practically equally likely to be
published when their designs included a comparison group, b = 0.01, 95% CI [-0.85, 0.87], z =
0.024, p = .981 (see our supplementary analysis of Ryan & Nguyen (2017)’s corrected dataset,

https://osf.io/6nx6h/).

With our new dataset, which will include a non-random sample of both published and
unpublished studies, we will be able to test whether significant and directionally consistent
simple effect p-value are more likely to file-drawered if their study design includes a
nonsignificant interaction between threat condition (threat reducing or increasing) and group
(stereotyped or not). If this test fails to reject the null, and the 95% confidence interval is
impressively narrow, then at least we would have suggestive evidence that p-values from simple
effect tests would be uniformly distributed if the null were true. In sum, not only could we test a
relevant hypothesis about how stereotype threat researchers and their journal reviewers censor
effects, but we could potentially avoid throwing away valuable simple effect data for use in our

meta-analysis. However, we will never be able to rule out the possibility that researchers do not
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release to us their significant but lonely simple effects (e.g., stereotype threat condition affected
woman but that effect was no stronger than the effect on men). We address this limitation by
supplementing our analysis with the other publication bias techniques described above.

Challenge 2: Identifying when the study was conducted in order to model change over
time. In addition to selective reporting and p-hacking, a second challenge to cross-temporal meta
analyses is identifying when data from particular studies were collected. One needs a proxy for
time in order to model whether the size of an effect has changed over time and, more generally,
to fully understand the context of a particular study (Rousseau & Fried, 2001). Determining a
useful proxy is difficult. One might consider using publication year, but since there is often large
lags between when studies are conducted and when they are finally published—and this lag has
likely decreased since the introduction of online publishing—that metric can be problematic for
testing the hypothesis the stereotypes that were socially salient at the time the study was being
conducted (not at the time it was published) might moderate the size of the effect. To address this
challenge, we will attempt to find (both from reading the paper and by contacting authors) the
year in which the study was conducted. If that information is not available either due to the
information not being included in the text or due to author non-response, we will estimate the
data collection date by subtracting two years from the manuscript “Received Date” published by
the journal; this method is similar to previous cross-temporal meta analyses that subtracted two
years from the publication year to estimate data collection date (Karazsia, Murnen & Tylka,
2017; Oliver & Hyde, 1993; Twenge et al., 2008).

Challenge 3: Method and design decisions in the field that obscure relevant effect sizes
(i.e. main effects, interaction, ANCOVA, no comparison group). Meta-analyses depend heavily

on how effect sizes are selected for the analysis. To study whether stereotype threat has been
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declining over time requires a common understanding of what exactly stereotype threat is. While
the literature has reached consensus on how to define stereotype threat, there is very little
consensus on how to translate the theoretical definition into methodological operationalizations
(Forscher, Taylor, Lewis, & Cavagnaro, 2018; Taylor, Forscher, & Walton, in preparation). One
recent analysis suggests that there are at least five categories of methods to evoke stereotype
threat and five categories of procedures to reduce threat (Taylor et al., in preparation). In
practice, this means the methodological variability in studies being analyzed for the current
project may moderate effect sizes in ways that affect the inferences we can make. While the
meaning of different operationalizations is not the focus of the current project (other research is
addressing that question, see Forscher et al, 2018), we will code operationalization using
Forscher and colleagues’ (2018) operationalization categories and test whether results are robust
to different operationalizations of the stereotype threat phenomenon (see Report Selection

Criteria and Process OSF wiki, https://osf.io/6nx6h/).

We are interested in the most conservative estimate of stereotype threat—activating
versus removing stereotype threat—so we will only include reports with these two conditions.
We are also interested in performance on evaluative academic tests, but we will not limit
ourselves to test performance measurement, and we will exclude measures known to be
confounded (e.g., ratio of correct answers to attempted questions). To ensure that our analyses
are fair to the theory, we will exclude reports that do not meet the pre-specified conditions. For
example, we will exclude reports that measure performance among women for whom math
ability is not important because they would not satisfy the domain identification condition
specified in the theory; similarly we will exclude measure performance using tests that are not

difficult because they would not satisfy the task difficulty condition. These decisions will be
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based on methodological details reported in papers - for example, whether mean levels of
domain identification in the study are above the mid-point (if so, we assume the domain
identification condition is met), and if it was not measured, we will look to see if the samples
were drawn from STEM majors where it would be reasonable to assume women would be
domain identified. We will exclude reports that use covariates but that do not report cell means,
standard deviations, and sizes necessary to test the unadjusted stereotype threat effect—either the
interaction with race or gender or the threat condition effect on minority participants or women.
If authors do not report this information, we email them requesting it; if we cannot access the
necessary information, we will exclude the report but note the exclusion in supplemental
materials.

When the effects are the result of regressing performance on group, threat condition, the
group X threat interaction, and baseline performance (i.e., ANCOVA), we will code (1) whether
baseline performance was recorded after the threat manipulation and (2) whether baseline
performance interacted with group or threat condition. If the threat precedes the baseline
performance measure, we will exclude the adjusted effect from analysis because such a measure
is no longer a baseline measure (it can be caused by the manipulation). If baseline performance
interactions with group or threat condition, we will excluded the adjusted effect from analysis
because we are not interested with whether stereotype threat affects stereotyped groups
depending on their prior performance. When we exclude these adjusted effects from analyses, we
will calculate unadjusted effects instead. If necessary information for calculating such effects is
not available in published reports, we will contact authors for this information.

Bias-corrected cross-temporal meta-analysis
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While no studies to our knowledge have employed these publication bias methods when
conducting cross-temporal meta-analyses, prior moderated meta-analyses have employed these
techniques on cross-sectional data (e.g., Hilgard, Engelhardt, & Rouder, 2017; Scofield,
Buchanan, & Kostic, 2017). For PET, PEESE, and the three-parameter selection model, we
simply include (the proxy for) data collection year as a moderator. In these models, we can make
use of nonsignificant effects and heterogeneity estimates. But for p-curve, and p-uniform, we
must conduct analyses on subgroups (Simonsohn, Nelson, & Simmons, 2014b, p. 676) for
meaningful data collection year intervals.

Current Study

In the current study, we test our hypotheses by conducting a cross-temporal meta-analysis
correcting for publication bias using five bias correction techniques: PET, PEESE, three
parameter selection model, p-curve, and p-uniform (Hedges, 1984; Simonsohn, Nelson, &
Simons, 2014a; 2014b; Stanley & Doucouliagos, 2014; van Assen et al., 2015). These analyses
will allow us to estimate (1) the strength of the evidence, (2) the average effect size, and (3)
average power for the effect of race and gender stereotype threat on academic outcomes, whether
those estimates have changed over time, and whether those estimates vary by threatened group
(e.g. African American vs. Women). Importantly, we acknowledge debate among meta-analysis
experts regarding the strengths and limitations of these techniques, and we are hesitant to claim
that any specific technique provides the best test of our hypothesis (e.g., Silberzahn et al., 2018).
We predict that the evidential value and average effect size of the gender stereotype threat on
performance effect will decrease over time, consistent with a decrease in the societal-level
activation of negative gender-science and gender-career stereotypes over time, particularly for

women (indexed by the IAT; Xu et al., 2017a; 2017b). However, we predict that the evidential
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value and average effect size for the effect of race on academic outcomes will remain relatively
stable over time since we have not found comparable evidence suggesting that racial stereotypes
about academic abilities are less active now. Some may wonder whether recent social changes
like the election of African American President Barack Obama may have positively influenced
academic outcomes for African American students via an “Obama Effect” (Marx, Ko, &
Friedman, 2009). Experimental tests of this hypothesis reveal however, that prompting African
American students to think about Barack Obama prior to taking a difficult standardized test had
no significant effect on their test performance (Aronson, Jannone, McGlone, & Johnson-
Campbell, 2009).

Method
Literature search strategy. First, we will search PsycINFO, PsycARTICLES, and

PROQUEST for journal articles and dissertation abstracts dated between 1995 and March 2019
and containing the keywords stereotype and threat. Second, we will manually search reference
lists for more citations and unpublished reports. Third, we will conduct Google Web and Google
Scholar searches for unpublished reports and/or self-identified stereotype researchers. If contact
information is available, we will email researchers requests for their data and unpublished
reports. Fourth, we will issue calls for unpublished data via the Society for Personality and
Social Psychology listserv and social media platforms (Twitter, Academic Facebook Groups —
PsychMAP, PsychMethods). Finally, we will contact well-known stereotype threat researchers
for their relevant unpublished and/or in-press articles.

Summary of included reports. We identified ### published and unpublished reports (See
Figure 2). We excluded ## reports because they did not meet our criteria; see future document,

https://osf.io/6nx6h/, for a detailed discussion of why particular articles were excluded. Our

remaining reports comprised ## primary studies: ## published in peer-reviewed journals (## of
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these included a comparison group), ## were unpublished (## of these included a comparison
group). ## reports included baseline performance as a covariate: ## race-based and ## gender-
based (among these, ## covariates were not measured before the threat manipulation and ##
covariates did not interact with group or threat manipulation). The dataset included ##
observations from negatively stereotyped groups (## minority participants and ## women) and
## from comparison groups.

p-Curve disclosure table. In our disclosure table (see table at our repository

https://osf.io/6nx6h/), we identified both interaction tests and simple effect tests as well as

ambiguous cases. In cases where it is ambiguous as to whether a study should be included or
how an effect size should be calculated, we computed their p-values and degrees of freedom to
run the analyses with and without ambiguous cases (Simonsohn, Nelson, & Simmons, 20144, p.
539).

Report coding and coder agreement. One senior coder and two trained undergraduate
research assistants coded target variables; each study was coded by at least two coders and cross-
checked every two weeks. When available, coders recorded demographics, study design,
independent means, standard deviations or variances, cell sizes, t and F statistics, degrees of
freedom, and p-values. They coded test difficulty (easy, moderately difficult, difficult) and,
domain identification (medium, high). They also coded whether published reports included
baseline performance as a covariate and whether unpublished reports measured baseline
performance. Importantly, to avoid including duplicate effects, they coded whether published
reports used previously published data. Finally, they coded age, race, gender and all dates related

to published reports and their data: data collection dates, received dates, and accepted dates.
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When reports excluded necessary data, coders contacted report authors before coding data as
missing.

Computing test statistics and degrees of freedom. When summary statistics were
available, we computed p-values from t-statistics and degrees of freedom adjusted to relax the
equal variance assumption (Bonett, 2008; Welch, 1947; Wondra & Gonzalez, under review). We
used these statistics for our main analyses, but we also computed classical t-tests and degrees of
freedom for comparison. This was not always possible given limited information in some
reports, so in those cases we used the classic test statistics.

For all effect sizes, we calculated the unbiased Hedges g and variance estimates (Hedges,
1981; Hedges & Olkin, 1985), even in cases where researchers employed within-subjects
designs, which means we ignored information about within-subjects designs. In other words, we
treated each effect as if they came from between-subjects designs to avoid situations in which
two studies estimate the same effect but produce different estimates based entirely on the study
design (Morris & DeShon, 2002; Westfall, 2015).

When we observed discrepancies between reported test statistics and those we computed
from reported summary statistics, we flagged the discrepancy. Among ## effects, this occured ##
times (## %). We contacted authors to attempt to resolve these discrepancies. When possible, we
coded the correct information, and when we could not determine the correct information (e.g.,
are descriptives or test statistics accurate?), we assumed the test statistics were correct. In other
words, we assumed researchers are more meticulous about their test statistics than their
descriptive statistics.

Results
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Analysis plan. We have three main research questions: (1) Was the stereotype threat
effect greater than zero during the first year studies were conducted to test it, (2) Has the
stereotype threat effect changed since that first year of studies, and (3) Does the answer to either
of these questions depend on the stereotype group, women or racial-ethnic minorities?

Testing these questions is relatively straightforward in both fixed- and random-effects
meta-analysis. In both procedures, we will estimate the average stereotype threat effect with a
continuous moderator, data collection year. Importantly, because we anticipate differences in
effect size variability and number of studies for each group-based stereotype, we will fit separate
models for each stereotype group and the full sample (Viechtbauer, 2017). In other words, by
estimating separate variances for each group, we relax the equal variance assumption.

We will estimate data collection year by subtracting 2 years from received date (or
publication date if received date was not available), and we will rescale this estimate for gender
and race stereotype threat studies by subtracting the value representing the first year studies were
conducted. For race-based studies, we will subtract ## and for gender-based studies we will
subtract ##; for the full sample, we will subtract the oldest common data collection year between
gender- and race-based studies, ##. The rescaled estimate for the full sample make it possible to
interpret as the estimated effect size for the first year stereotype threat effects were tested during
a common year. In other words, the effect size at “year 07, the intercept, will have a different
interpretation for the full sample, the race-based sample, and the gender-based sample.

When evaluating the results of both fixed- and random-effects models, the intercept will
reflect the estimated effect size for the first year data for stereotype threat effects were
collected—comparing each of these to zero answers Research Question 1—and the coefficient

for rescaled data collection year will reflect the linear change in estimated effect size for a 1 year
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change in data collection year—comparing each of these to zero answers Research Question 2.
Using a Wald test (Viechtbauer, 2017), comparing gender- and race-based intercepts—rescaled
to reflect the first common data collection year—and comparing the linear data collection year
coefficients for gender- and race-based studies to each other answer Research Question 3.

For PET and PEESE meta-regression estimates, readers can interpret the data collection
year coefficient as they would for the fixed- and random effects models (Stanley &
Doucouliagos, 2014), but they can also interpret the intercept as the estimated effect size when
the standard error (PET) or the variance (PEESE) for the effects equal zero. For the three
parameter selection model, readers can interpret the intercept and the data collection year
coefficients as estimates adjusted for p-value selection bias. Like with fixed- and random-effects
meta-analysis, comparing these intercepts to zero answers Research Question 1, comparing the
data collection year coefficients to zero answers Research Question 2, and comparing gender-
and race-based studies estimates to each other answers Research Question 3.

p-Curve, and p-uniform do not lend themselves easily to moderation tests, so for these
procedures we will conduct subgroup analyses based on data collection year intervals.
Specifically, we will bin effect sizes into 5-year data collection year intervals: 1995-1999, 2000-
2004, 2005-2009, 2010-2014, and 2015-2019 (data will be made publicly available so that others
can determine whether results are robust to different bin sizes). For p-uniform, we will compare
the first 5-year interval estimate to zero to answer Research Question 1. For p-curve, we will run
recommended tests for evidential value in this 5-year interval subgroup (Simonsohn, Simmons,
& Nelson, 2015). Importantly, if we find evidence that researchers have file-drawered significant
p-values from simple effects if the attenuation interaction is not significant, then we will only use

interaction p-values in our p-curve and p-uniform analyses.
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For p-curve and p-uniform, there exists no published interaction test. Instead, we will
employ two methods to test whether average effect size has changed over time (Research
Question 2) and whether this change differs between threatened groups (Research Question 3).
Our first method directly compares average effect sizes across time and between groups. Our
second method allows us to infer change in average effect size from changes in average power
despite stable or increasing sample sizes (see interpretation table in Meta-analysis Procedures

OSF wiki, https://osf.io/6nx6h/). In our first method, we will estimate effect size—difference in

mean tests only (Simonsohn et al., 2014b)—for each publication year bin using the estimation
algorithm described in Simonsohn, Nelson, & Simmons (2014b) and van Assen, van Aert, and
Wicherts (2015), and we will apply a linear contrast on these estimates: -2, -1, 0, +1, + 2. We
will use a non-parametric bootstrapping method (boot and boot . ci from the boot package
in R, Canty & Ripley, 2017; Davison & Hinkley, 1997) to estimate a 95% confidence interval
around this linear contrast applied to both the p-curve and p-uniform effect size estimates. We
will infer average linear change in effect size over time if these intervals exclude 0 (Research
Question 2). Using a similar bootstrapping procedure, we will compare the linear effect of
publication year bin on gender stereotype threat effects (code = -0.5) to the linear effect on race
stereotype threat effects (code = 0.5). If this bootstrapped 95% confidence interval excludes 0,
we will infer that the linear effect differs between threatened groups (Research Question 3).

In our second method, we will estimate average sample size using fixed-effects meta-
analysis (both p-curve and fixed effects meta-analysis assume effects are non-random samples)
and we will estimate average power using the estimation algorithm described in Simonsohn,
Nelson, & Simmons (2014b). We will apply linear contrasts to these estimates and test whether

average sample size (via the linear coefficient p-value from a random-effects meta-analysis) and
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average power (via the 95% confidence interval from non-parametric bootstrapping) have
changed over time. If power decreases but sample size remains stable or increases, we will infer
that effect size has decreased over time (Research Question 2). Using a similar joint testing
procedure, we will also compare linear effects on race and gender stereotype threat effects to test
whether the linear effect depends on threatened group. If the bootstrapped confidence interval
around the difference in linear effects on average power excludes 0, and neither group-based
stereotype threat average sample size significantly decreases over time, then we will infer that
one group-based stereotype threat effect has changed differently than the other (Research
Question 3). In other words, if the linear effect on average power is different across group-based
effects, and average sample size has not decreased for either group-based effect, then effect size
has changed differently for one group-based effect.

Testing assumptions. Are significant p-values from simple effect tests less likely to be
published if the stereotyped group x threat condition interaction is nonsignificant? To test this
assumption, we first selected only simple effects that were significant and in the predicted
direction—stereotyped groups performed worse in the threat condition. Among these effects, we
selected only those that were a part of a design that tested the interaction—the stereotype threat
effect on stereotyped group is different than that for the non-stereotyped group. Finally, we
categorized these effects along two dimensions: the interaction test was significant (code = 0.5)
or not (code = -0.5), and the study was published (code = 0.5) or not (code = -0.5). If simple
effects are less likely to be published when the interaction is not significant, then when we
regress (logit) the published outcome (yes/no) onto the significant interaction test outcome
(yes/no), we should observe a significant main effect for whether the interaction was significant.

We found [no sufficient evidence] that simple effects were less likely to be published when the
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interaction was nonsignificant, b = ##, 95% CI [##, ##], z = ##, 95% CI [##, ##], p = ###.
Though we cannot rule out whether researchers did not release their lonely significant simple
effects to us when we issued a call for unpublished, for now, we will cautiously assume that
simple effects in the stereotype threat literature are published independent of significant
interaction tests. Accordingly, we will p-curve these effects under this assumption.

Was the stereotype threat effect greater than zero during the first year(s) studies
were conducted to test it? For the full sample, the fixed- and random-effects intercepts were
[moderately] sized, suggesting that the stereotype threat effect was non-zero during the first-year
studies were conducted to test it, Fixed-effects intercept: g = ##, 95% CI [##, ##]; Random-
effects intercept: g = ##, 95% CI [##, ##] (see Table 1). This was also the case for gender and
race stereotype threat effects: race and gender stereotype threat effects were [moderately] sized
during the first years they were tested, Fixed-effects intercept: ggenaer = ##, 95% CI [##, ##],
Grace = ##, 95% CI [##, ##]; Random-effects intercept: gyenger = ##, 95% CI [##, ##], drace =
##, 95% CI [##, ##]. We found [no sufficient] evidence that these first year effect sizes were
different from each other, Fixed-effects: ggirrerence = ##, 95% CI [##, ##]; Random-effects:
Gaifference = ##, 95% CI [##, ##].

For the full sample, PET, PEESE, and the three parameter selection (TPSM) adjusted
estimates were [moderately] sized, suggesting that the stereotype threat effect was non-zero
during the first-year studies were conducted to test it, PET intercept: g = ##, 95% CI [##, ##];
PEESE intercept: g = ##, 95% CI [##, ##]; TPSM intercept: g = ##, 95% CI [##, ##] (see Tables
2 and 3). This was also the case for gender and race stereotype threat effects: PET, PEESE, and

three parameter selection adjusted race and gender stereotype threat effects were moderately

sized during the first years they were tested, PET intercept: g,qce = ##, 95% CI [##, ##], &gender
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= ##, 95% CI [##, ##]; PEESE intercept: G,qce = ##, 95% CI [##, ##], Ggenaer = ##, 95% CI [##,
##], TPSM intercept: §rqce = ##, 95% CI [##, ##], Ggenaer = ##, 95% CI [##, ##]. We found [no
sufficient] evidence that these first year effect sizes were different from each other, PET:
Gaifrerence = ##, 95% CI [##, #4]; PEESE: Guifference = ##, 95% CI [##, #4]; TPSM
Gaifference = ##, 95% CI [##, ##].

Finally, for the full sample, p-curve, and p-uniform estimates were [moderately] sized
during the first five-year data collection interval, 1995-1999, p-uniform: d = ##, 95% CI [##,
##]; p-curve: d = ##, bootstrapped 95% CI[##, ##] (see Table 4). This was also the case for
gender and race stereotype threat effects: p-curve, and p-uniform adjusted race and gender
stereotype threat effects were [moderately] sized during the first five-year data collection
interval, 1995-1999, p-uniform: &gender = ##, 95% CI [##, ##]; d,qce = ##, 95% CI [##, ##]; p-
CUIVe: dgenger = i, bootstrapped 95% CI[##, ##]; d,q.. = ##, bootstrapped 95% CI[##, #4]. We
found [no sufficient] evidence that these first year effect sizes were different from each other, p-
uniform: dgif rerence = ##, 95% CI [##, ##]; p-cUrve: dg;f rerence = ##, bootstrapped 95% CI[##,
#H].

Has the stereotype threat effect changed since that first year(s) of studies? For the
full sample, the fixed- and random-effects data collection year coefficients were [negative],
suggesting that stereotype threat effect sizes [decreased] over time, Fixed-effects slope: b = ##,
95% CI [##, ##]; Random-effects slope: b = ##, 95% CI [##, ##] (see Table 1). This was also the
case for gender stereotype threat effects: The [negative] coefficient for data collection year
suggests gender stereotype threat effects [decreased] over time, on average, Fixed-effects slope:
bgender = ##, 95% CI [##, ##]; Random-effects slope: bgender = ##, 95% CI [##, ##]. In contrast,

we found [no sufficient] evidence that race stereotype threat effects changed over time, on
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average, Fixed-effects slope: brace = ##, 95% CI [##, ##]; Random-effects slope: brace = ##, 95%
CI [##, ##]. We found [no sufficient] evidence that these data collection year slopes were
different from each other, Fixed-effects: Daitterence = ##, 95% CI [##, ##]; Random-effects:
buitterence = ##, 95% CI [##, ##].

For the full sample, PET, PEESE, and the three parameter selection adjusted estimates for
data collection year were negative, suggesting that stereotype threat effect sizes [decreased] over
time, on average, PET slope: b = ##, 95% CI [##, ##]; PEESE slope: b = ##, 95% CI [##, ##];
TPSM slope: b = ##, 95% CI [##, ##] (see Tables 2 and 3). This was also the case for gender
stereotype threat effects: The [negative] coefficient for data collection year suggests gender
stereotype threat effects [decreased] over time, on average, PET slope: bgender = ##, 95% CI [##,
##]; PEESE slope: bgender = ##, 95% CI [##, ##]; TPSM slope: bgender = ##, 95% CI [##, ##]. In
contrast, we found [no sufficient] evidence that race stereotype threat effects changed over time,
on average, PET slope: brace = ##, 95% CI [##, ##]; PEESE slope: brace = ##, 95% CI [##, ##];
TPSM slope: brace = ##, 95% CI [##, ##]. The race-based linear effect was [larger] than the
gender-based linear effect, PET: buitference = ##, 95% CI [##, ##]; PEESE: buitference = ##, 95% ClI
[##, ##]; TPSM: buifference = ##, 95% CI [##, ##].

For the full sample, p-curve, and p-uniform estimates [decreased] from data collection
year interval to interval, suggesting that stereotype threat effect sizes [decreased] over time, on
average, p-Curve: djim.qr = ##, bootstrapped 95% CI [##, ##]; p-uniform: d;;,eqr = ##,
bootstrapped 95% CI [##, ##] (see Table 4). This was also the case for gender stereotype threat
effects: p-Curve, and p-uniform estimates [decreased] from data collection year interval to
interval, suggesting that stereotype threat effect sizes [decreased] over time, on average, p-curve:

dyinear = i, bootstrapped 95% ClI [##, ##]; p-uniform: dy;,.qr = ##, bootstrapped 95% CI [##,
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##]. In contrast, race stereotype threat p-curve and p-uniform estimates [decreased] from data
collection year interval to interval, suggesting that stereotype threat effect sizes [decreased] over
time, on average, p-curve: d;;,.qr = ##, bootstrapped 95% CI [##, ##]; p-uniform: d;ieqr = ##,
bootstrapped 95% CI [##, ##]. The race-based linear effect was [larger] than the gender-based
linear effect, p-curve: dy;rference = ##, 95% CI [##, #4]; p-uniform: dgif rerence= ##, 95% CI
[#4#, #4].

Finally, for the full sample, average sample size [increased] over time, on average, Niinear
= ##, and average power decreased over time, on average, Poweriinear = ##, bootstrapped 95% CI
[##, ##], estimates that together suggest the average stereotype threat effect size has decreased
over time (see Table 5). This was also the case for gender stereotype threat effects: Average
sample size [increased] over time, on average, Niinear = ##, and average power decreased over
time, on average, Poweriinear = ##, bootstrapped 95% CI [##, ##], estimates that together suggest
average gender stereotype threat effect size has decreased over time. In contrast, average race
stereotype threat study sample size [did not change] over time, on average, Niinear = ##, and
average power [did not change] over time, on average, Poweriinear = ##, bootstrapped 95% CI
[##, ##], estimates that together suggest average race stereotype threat effect size has stayed
relatively the same size over time.

Sensitivity analyses. To address potential bias due to nonsignificant p-value selection
(Simonsohn et al., 2017; Nelson et al., 2018), we fit a second set of three parameter selection
models in which we included only significant effects in the predicted direction (i.e., threat
reduces performance). Presumably, these models should recover similar effect size estimates as
p-curve and p-uniform because all three models are similar to the “one parameter selection

model” proposed by Hedges (1984).
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To address potential downward bias in PET and PEESE estimates due to an association

between effect size and its standard error (see Hilgard, 2017), we fit a second set of PET and
PEESE models in which we estimated the standard error of g with % Estimating the standard

error using this formula may reduce downward biases in effect size estimates.

When we include only significant effects that suggest stereotype threat reduces
performance, was the stereotype threat effect greater than zero during the first year(s) studies
were conducted to test it? For the full sample, the three parameter selection adjusted estimate
was [moderately] sized, suggesting that the stereotype threat effect was non-zero during the first-
year studies were conducted to test it, g = ##, 95% CI [##, ##]. This was also the case for gender
and race stereotype threat effects: The three parameter selection adjusted race and gender
stereotype threat effects were moderately sized during the first years they were tested, g,qce =
##, 95% CI [##, ##]; Jgenaer = ##, 95% CI [##, ##]. We found [no sufficient] evidence that
these first year effect sizes were different from each other, Gg;rrerence = ##, 95% CI [##, ##].

When we remove the association between g and its standard error, for the full sample,
PET and PEESE adjusted estimates were [moderately] sized, suggesting that the stereotype
threat effect was non-zero during the first-year studies were conducted to test it, PET: g = ##,
95% CI[##, ##]; PEESE: g = ##, 95% CI [##, ##] (see supplementary analyses in our
repository). This was also the case for gender and race stereotype threat effects: PET and PEESE
adjusted race and gender stereotype threat effects were moderately sized during the first years
they were tested, PET: Genaer = ##, 95% CI [#, ##], Grace = ##, 95% CI [##, ##]; PEESE:
Ggenaer = ##, 95% CI [##, ##], Grace = ##, 95% CI [##, ##]. We found [no sufficient] evidence
that these first year effect sizes were different from each other, PET: §g;fference = ##, 95% ClI

[##, ##]; PEESE: Gyifference= ##, 95% CI [##, #].
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When we include only significant effects that suggest stereotype threat reduces
performance, has the stereotype threat effect changed since that first year(s) of studies? For the
full sample, the three parameter selection adjusted estimate for data collection year was negative,
suggesting that stereotype threat effect sizes [decreased] over time, b = ##, 95% CI [##, ##] (see
supplementary analyses in our repository). This was also the case for gender stereotype threat
effects: The [negative] coefficient for data collection year suggests gender stereotype threat
effects [decreased] over time, on average, bgender = ##, 95% CI [##, ##]. In contrast, we found [no
sufficient] evidence that race stereotype threat effects changed over time, on average, brace = ##,
95% CI [##, ##]. The race-based effect was [larger] than the gender-based effect, baitference, 95%
Cl [##, ##].

When we remove the association between d and its standard error, for the full sample,
PET and PEESE adjusted estimates for data collection year were negative, suggesting that
stereotype threat effect sizes [decreased] over time, PET: b = ##, 95% CI [##, ##]; PEESE: b =
##, 95% CI [##, ##] (see supplementary analyses in our repository). This was also the case for
gender stereotype threat effects: The [negative] coefficient for data collection year suggests
gender stereotype threat effects [decreased] over time, on average, PET: bgender = ##, 95% CI [##,
##]; PEESE: bgender = ##, 95% CI [##, ##]. In contrast, we found [no sufficient] evidence that
race stereotype threat effects changed over time, on average, PET: brace = ##, 95% CI [##, ##];
PEESE: brace = ##, 95% CI [##, ##]. The race-based effect was [larger] than the gender-based
effect, PET: buifterence, 95% CI [##, ##]; PEESE: buifterence, 95% CI [##, ##].

Discussion
Researchers have spent two decades studying stereotype threat because it was proposed

as a plausible process that could explain disparities in important outcomes such as racial-ethnic
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disparities in education (Steele & Aronson, 1995) and gender disparities in science (Spencer et
al., 1999). After all this time, it is currently unclear whether the stereotype threat phenomenon
does indeed help to explain those disparities, and similarly whether stereotype threat
interventions can reduce those disparities. Meta-analyses of the early findings suggested that,
yes, stereotype threat does in indeed explain variance in group outcomes (e.g., Nguyen & Ryan,
2008; though see Zigerell, 2017, Ryan & Nguyen, 2017), whereas recent replication attempts of
later findings find little evidence to support the phenomenon (Finnigan & Corker, 2016). These
inconsistencies in findings are concerning. Well-meaning institutions are spending considerable
amounts of time, energy, and money educating people about stereotype threat in hopes of
reducing its purported effects on threatened groups (e.g., Northwestern University One Book
One Northwestern, 2014; University of Michigan School of Education, 2013) when it is not yet
clear whether (a) researchers can reliably reproduce stereotype threat effects (e.g. Finnigan &
Corker, 2016), or (b) if interventions to reduce stereotype threat are replicable (e.g., Hanselman
etal., 2017; Protzko & Aronson, 2016).

In the current study, we attempt to reconcile these inconsistencies in the literature to gain
a more comprehensive understanding of the state of stereotype threat research. We combine
meta-analytic techniques in a novel way to test two competing hypotheses that may help us to
better understand the discrepancies in findings, and the context sensitivity of the phenomenon
more broadly (see also Goroff, Lewis, Scheel, Scherer, & Tucker, 2018). If the first hypothesis is
correct — that the evidence for stereotype threat was initially strong but has dissipated over time,
then that would imply that future research on this topic should investigate further what
contextual variables might moderate the replicability of stereotype threat (Ryan & Nguyen,

2017), and disentangle such a decline from a more general “decline effect” in research (see
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Schooler, 2011). If instead the second hypothesis is correct — that the evidence for stereotype
threat was always weak/null and perhaps only ever emerged due to things like researcher degrees
of freedom (Simonsohn et al., 2011; Nelson et al., 2018), then that too would be important to
know for both our theoretical understanding and the broader implications of stereotype threat
research for society. It is important for researchers and funding bodies to know whether it is
worth the effort and resources to continue studying this phenomenon or if it is time to move on to
other things. It is also important for practitioners to know whether devoting resources to
developing and implementing stereotype threat interventions is likely to materialize and actually
help to reduce the very disparities that initially inspired research on stereotype threat, disparities
that, after all, continue to persist today (Aelenei, et al., 2017; Lewis & Yates, 2019; Oyserman &

Lewis, 2017).
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Table 1. Fixed- and random-effects estimates by sample.

Sample Coefficient FE Lower Upper REML Lower Upper 72

Full sample Intercept # # # # # # #

Full sample Data collection year # # # # # # —
(0 = 1998)

Race sample Intercept # # # # # # #

Race sample Data collection year # # # # # # —
(0 = 1995)

Gender sample Intercept # # # # # # #

Gender sample Data collection year # # # # # # —

(0 = 1998)

Note. k = number effects. FE = Fixed-effects estimates; REML = Residual maximum likelihood:;

Lower and upper represent 95% confidence limits. 72 = estimated total heterogeneity (i.e., variance

of effects).
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Table 2.

Sample k Coefficient PET Lower Upper PEESE Lower Upper

Full sample # Intercept # # # # # #

Full sample # Data collection year # # # # # #
(0 =1998)

Race sample # Intercept # # # # # #

Race sample # Data collection year # # # # # #
(0 =1995)

Gender sample  # Intercept # # # # # #

Gender sample  # Data collection year # # # # # #
(0 =1998)

Note. k = number effects. PET = Precision-Effect Test and PEESE = Precision-Effect Estimate with
Standard Error (PEESE). We estimated both models via Residual maximum likelihood (REML).

Table 3.

Three parameter selection model (Hedges, 1984; lyengar & Greenhouse, 1988)

Sample k  Coefficient Estimate Lower Upper 72

Full sample # Intercept # # # #

Full sample # Data collection year # # # —
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(0 = 1998)
Full sample # .025<p<1 # # #
Race sample # Intercept # # #
Race sample # Data collection year # # #
(0 = 1995)
Race sample # .025<p<1 # # #
Gender sample # Intercept # # #
Gender sample # Data collection year # # #
(0=1998)
Gender sample # .025<p<1 # # #

Note. k = number effects. Lower and upper represent 95% confidence limits. 72 represents
the estimated total heterogeneity (i.e., variance).
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Table 4.

45

Five-publication-year interval estimates, controlling for publication bias via p-value selection methods
(Simonsohn, Nelson, & Simmons, 2014a; 2014b; van Assen, van Aert, & Wicherts, 2015)

Interval Sample k p-curve Lower Upper p-uniform  Lower  Upper
1998-2002  Full sample # # — — # # #
2003-2007  Full sample # # — — # # #
2008-2012  Full sample # # — — # # #
2013-2017  Full sample # # — — # # #
2018-2022  Full sample # # — — # # #
1995-1999  Race sample # # — — # # #
2000-2004  Race sample # # — — # # #
2005-2009  Race sample # # — — # # #
2010-2014  Race sample # # — — # # #
2015-2018  Race sample # # — — # # #
1998-2002  Gender sample # # — — # # #
2003-2007  Gender sample # # — — # # #
2008-2012  Gender sample # # — — # # #
2013-2017  Gender sample # # — — # # #
2018-2022  Gender sample # # — — # # #
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Note. k represents the number of significant and directionally consistent p-values. Lower and upper
represent 95% confidence limits (bootstrapped for p-curve). To our knowledge, the p-curve procedure
does not allow analysts to estimate 95% confidence limits.

Table 5.

p-curve analysis by data collection year interval and sample.

Right-skewness Flatness

Interval Sample k Power  Lower  Upper oEUIl PHalf oEUll  PHalf
1998-2002 Full sample # # # # # # # #
2003-2007 Full sample # # # # # # # #
2008-2012 Full sample # # # # # # # #
2013-2017 Full sample # # # # # # # #
2018-2022 Full sample # # # # # # # #
1995-1999 Race sample # # # # # # # #
2000-2004 Race sample # # # # # # # #
2005-2009 Race sample # # # # # # # #
2010-2014 Race sample # # # # # # # #
2015-2018 Race sample # # # # # # # #
1998-2002 Gender sample # # # # # # # #

2003-2007 Gender sample # # # # # # # #
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2008-2012 Gender sample # # # # # # # #
2013-2017 Gender sample # # # # # # # #
2018-2022 Gender sample # # # # # # # #

Note. k represents the number of significant and directionally consistent p-values used in p-curve. Regarding right-skewness,
according to Simonsohn, Simmons, and Nelson (2015), “if the half p-curve test is right-skewed with p < .05 or both the half
and full test are right-skewed with p < .1, then p-curve analysis indicates the presence of evidential value.” Regarding flatness,
“p-curve analysis indicates that evidential value is inadequate or absent if the 33% power test is p < .05 for the full p-curve or
both the half p-curve and binomial 33% power test are p <.1.”
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Participant Gender © Female © Male

0.454

0.40+

0.354

Gender-Science IAT D-score

0.304

0.251

2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016
Year of the session date

Figure 1. Women’s Gender-Science D-scores have decreased over time, but men’s have
remained relatively stable (Xu et al., 2017a, see osf.io/6nx6h for R code). Error bars represent
95% confidence intervals.
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Participant Gender © Female ¢ Male

0.50

0.454

2 0.40

<

W

<
L

Gender-Career IAT D-score

0.251

2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016
Year of the session date

Figure 2. Women’s Gender-Career D-scores have decreased since their peek in 2012; men’s
scores have slowly decreased over time, on average (Xu et al., 2017b, see osf.io/6nx6h for R
code). Error bars represent 95% confidence intervals.
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Figure 3. Flowchart depicting report search (race-based reports) and selection protocol (adapted
from Moher, Liberati, Tetzlaff, & Altman, 2009).
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Figure 4. Flowchart depicting report search (gender-based reports) and selection protocol

(adapted from Moher et al., 2009).
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Figure 5. P-curve’s stereotype threat average power estimates for each 5-year publication year
interval and each group-based stereotype, Gender and Race. Grey areas represent 95%

confidence intervals. ksig = proportion of significant studies of the total number of studies in that
bin.
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