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Abstract:

According to stereotype threat theory, the possibility of confirming a negative group stereotype
evokes feelings of threat, |eading people to underperform in domains where they are stereotyped
as lacking ability. This theory has important theoretical and practical implications. However,
many studies supporting it include small samples and varying operationa definitions of
“stereotype threat”. We address the first challenge by leveraging a network of psychology |abs to
recruit alarge Black student sample (Nanticipated = 2700) from multiple US sites (Nanicipated = 27).
We address the second challenge by identifying three threat-increasing and three threat-reducing
procedures that could plausibly affect performance and use an adaptive Bayesian design to
determine which operationalization yields the strongest evidence for underperformance. This
project should advance our knowledge of a scientifically and socially important topic: the
conditions under which stereotype threat affects performance among current Black studentsin
the United States.
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Main Text:

In 1954, Earl Warren, Chief Justice of the United States Supreme Court, issued the
majority opinion in the landmark Brown v. Board of Education case that ordered the racial
integration of American schools. Brown was intended to equalize US educational opportunities,
but its effects have fallen short of this aspiration *. Some schools integrated, but the experiences
of students within those schools were, and still are, far from equal 3. One source of these
different experiencesis the presence of stereotypes that some students are less intelligent than
others. In US schools, stereotypes that Black students are unintelligent have been central in
American education discourse since at |east the mid-20th century *. These stereotypes create a
challenge for Black students that many other students do not face: poor performance on tasks
that are diagnostic of intelligence can be construed as confirming the Black unintelligence
stereotype °.

Stereotype threat theory posits that concerns arising from the possibility of confirming a
negative stereotype are consequential because they can provoke feelings of threat ®. To the
extent that these feelings of threat divert people’s attention away from task performance ®, the
experience of stereotype threat can hinder the performance of group members on the very tasks
on which they are stereotyped as lacking ability °. Although stereotype threat theory has enjoyed
attention from both educators and policy-makers and has even been cited in briefs to the US
Supreme Court (e.g., Fisher v. University of Texas ), the scientific community is conflicted
about the conditions under which stereotype threat adversely impacts student performance. This
project aims to provide evidence that will hopefully help resolve some of these questions,
particularly with respect to the current population of Black students in the United States.

Stereotype threat theory is formulated broadly: any group that is negatively stereotyped
on a particular task could potentially suffer stereotype threat’ s negative consequences, and any
situational cue that makes a negative group stereotype salient could provoke feelings of threat °.
However, the theory also predicts that not all performance tasks will give rise to stereotype
threat, nor are all people equally vulnerable to its pernicious effects. Early formulations of the
theory posited three factors that stand to influence the stereotype threat effect: stereotype
relevance, task difficulty, and domain identification. Stereotype threat should impact
performance if the task is self-relevant, that is, “the possibility of conforming to the stereotype
or of being treated and judged in terms of it—becomes self-threatening”, Steele ®, pg. 617.
Furthermore, stereotype threat should only occur if atask is sufficiently difficult to bring about
the possibility of poor performance "*°. In addition, people should experience stereotype threat
most acutely when they identify with the domain in which they are being evaluated .

Since the early formulations of the theory, researchers have identified other potential
exacerbating and limiting conditions. For example, people who are chronically concer ned about
the possibility of confirming negative stereotypes may be especially vulnerable to stereotype
threat **, while people who identify strongly with their racial or ethnic identity may be less
vulnerable 3, Black studentsin the US are themselves not monolithic, differing in ethnic
background, family immigration history (forced or voluntary), and generation status, and any of
these varying characteristics may impact the size of the stereotype threat effect. Finally, a broad
array of other contextual factors could also make stereotype threat more or lesslikely, such as
characteristics of the experimenter (e.g., Black students may experience more stereotype threat if
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the experimenter is White ) and the institution at which the experiment was conducted (e.g.,
Black students at minority-serving institutions may experience |ess stereotype threat *°).

Owing to the theory’ s broad formulation, researchers have used alarge array of
procedures to increase and reduce feelings of threat. The threat-increasing procedures range from
telling participants that the task they are about to complete measures the stereotyped ability (a
diagnosticity prompt '°), to informing participants that their group typically underperforms on
the task they are about to complete (a group differences prompt *°), to reminding participants of
their negatively stereotyped group membership before they complete the task (a group-based
prime °*%). Threat-reducing procedures also vary, ranging from telling participants that the task
is not diagnostic of the stereotyped ability (a non-diagnostic prompt *°) to telling participants that
their group performs just as well as any other group on the upcoming task (a no group
differences prompt *°), to pairing participants with a high-status member of their group to whom
they might identify (e.g., role models *®). In a given study, stereotype threat is operationalized by
comparing the performance of participantsin athreat-increasing procedure to their performance
in athreat-reducing procedure. Although any threat-increasing procedure can be compared to
any threat-reducing procedure, in practice, researchers usually focus on procedures that
mani pul ate the same conceptual variable (e.g., the diagnosticity variable by comparing
diagnostic and non-diagnostic conditions).

Also owing to the theory’ s broad formulation, stereotype threat theory has been applied
to many different populations, each of which faces its own set of negative stereotypes. These
populations range from the elderly, whose performance on cognitive tasks might be impaired by
the stereotype that older people are forgetful %, to women, whose performance on math tests
might be impaired by the stereotype that women are bad at math *°, and to students of low
socioeconomic status (SES), whose performance on intelligence tasks might be impaired by the
stereotype that low SES students are unintelligent . However, the theory was originally
formulated to help explain and address barriers that prevent members of historically
disadvantaged US groups from fulfilling their potential, especially Black students on intelligence
tasks. For thisreason, it is somewhat surprising that, in a recent unpublished meta-analysis of
stereotype threat research, only a small minority of stereotype threat studies focus on Black
students (58/323 = 18%; Taylor, Forscher, and Walton). This oversight may be partly caused by
pragmatic concerns: Black people constitute only 13% of studentsin US higher education %, and
an even smaller share of the student body at research-active universities *?* and are therefore
harder for researchers to recruit than members of other groups, such aswomen in STEM fields.

Stereotype threat theory has many pragmatic implications. Due to its broad theoretical
formulation, the theory could help explain ongoing and persistent gaps between a variety of
socia groups, ranging from the achievement gap between Black and White students in the
United States 2 (or, alternatively, the “opportunity gap %) to the gap in the number of women
and men who opt into STEM fields %°. Insofar as stereotype threat contributes to these ongoing
gaps, stereotype threat theory also offers a potential route to reducing them: implement strategies
that reduce or eliminate the threat to group members of confirming negative stereotypes >,
Consistent with this reasoning, stereotype threat research has inspired the development of a
broad array of strategies intended to boost the performance of members of stereotyped groups
162930 Stereotype threat theory also has many theoretical implications, asits flexibility and broad
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formulation allows its application to a broad range of research domains, from education to social
cognition, thereby building bridges between these disparate research areas **.

The combination of theoretical and pragmatic importance has led to an avalanche of
research examining the stereotype threat effect and the contexts and people among whom it is
strongest. Thiswork has generally supported the notion that the magnitude of the effects of threat
on performance varies by characteristics of the methods used to induce it ** and the sample under
investigation **°. Thus, until recently, the consensus was that stereotype threat is robust but
sensitive to the populations and methods under study.

However, this consensus has recently been questioned. Because stereotype threat isa
theory about how specific situations affect specific subgroups of people, many studies have used
smaller samples (median » = 52; unpublished meta-analysis by Taylor, Forscher, and Walton)
than research on topics without these restrictions. In small samples, effects are estimated
imprecisely. By itself, imprecision is not a problem, as long as the literature contains multiple
imprecise studies that can be synthesized into a more precise aggregate estimate. However,
imprecision can lead to a misleading literature when combined with meta-scientific processes
that lead to the selection of significant results at the expense of non-significant ones. In small
samples, effects only reach significance when they are very large; in the presence of processes
like publication bias that suppress non-significant results, overreliance on small samples can,
therefore, result in aliterature that gives a distorted view of the true population effect *. Meta-
analytic tests for small-study bias suggest this problem may be true of subsets of the stereotype
threat literature "% Moreover, two recent large-scale studies of the effects of stereotype threat
on women taking math tests have found small to near-zero effects of threat on performance 2.
Taken together, recent meta-analytic and large-study evidence have given some scholars varying
degrees of doubt about the size of a stereotype threat effect on performance .

The overreliance on small samples may also be a problem in combination with a feature
that isin other ways a strength of stereotype threat research: the aforementioned variation in how
stereotype threat is operationalized. Because any threat-increasing procedure can hypothetically
be compared to any threat-reducing procedure to operationalize stereotype threat, the number of
available operationalizations grows multiplicatively with the number of threat-increasing and
threat-reducing procedures. For example, given four threat-increasing and four threat-reducing
procedures, there are 16 possible ways to compare a threat-increasing procedure to athreat-
reducing procedure, yielding 16 possible operationalizations of “stereotype threat”. Researchers
have tested far more than four threat-increasing and four threat-reducing procedures *. The sheer
variety of procedures yields a combinatorial explosion of potential ways to operationalize
stereotype threat.

Variations in a construct’ s operationalization benefit a scientific theory because they
broaden the domains to which the theory applies “>**. However, when considering psychological
theories, such variations can aso introduce uncertainty: each new operationalization brings with
it the possibility that the operationalization may not evoke the same psychological process as the
previous ones “**3, Thus, some studies framed as investigating “stereotype threat” (and which
therefore could be considered evidence for or against the theory) may not in fact be investigating
the same “ stereotype threat” as studies that use other operationalizations. The uncertainty is
magnified when each operationalization is tested with arelatively small sample. The varying
operationalizations of “stereotype threat” have therefore made it difficult to uniformly assess to
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what extent and in what populations “ stereotype threat” produces a measurable and even robust
impact on performance.

This diversity in operationalizations has had a second important consequence: some of
the operationalizations may not validly capture “ stereotype threat.” In many stereotype threat
studies, the “threat-reducing” condition to which the “threat-increasing” condition is compared
does not actually reduce or eliminate the threat of confirming the target negative stereotype. For
example, in an unpublished meta-analysis by Taylor, Forscher, and Walton, 152/323 (47%) of
samples compared a threat-increasing condition to an evaluative “threat-reducing” procedurein
which participants were told their task measures a negatively stereotyped ability. This evaluative
procedure, at times used as a“threat-reducing” operationalization, could itself increase feelings
of threat: participants could reasonably infer that poor performance on an evaluative task
confirms the negative stereotype '**°. Thus, the evaluative “threat-reducing” condition could
have performance impacts that are similar to ones that most researchers believe are threat-
increasing. A valid operationalization of stereotype threat requires a comparison between a
threat-increasing procedure and a procedure that clearly decreases feelings of threat.

The current study has two primary aims. First, we will address past issues with sample
size in the selection of the target population by recruiting a large sample from a US population
that has experienced historical and social disadvantage and that was the focus of early stereotype
threat research — Black college students. Second, we will address the methodological variation in
this literature by simultaneously testing three procedures that ought to increase stereotype threat
(i.e., diagnosticity prompt, group differences prompt, group-based prime) and three that ought to
decrease it (i.e., non-diagnostic prompt, no group differences prompt, no group differences
prompt communicated by a Black expert). We will also test a series of theoretically motivated
moderators expected to impact performance for those who experience stereotype threat: domain
identification (both general and task-specific) *, chronic concern about stereotype threat **, and
racial/ethnic identification *2. Finally, we hold two theoretically important variables, stereotype
relevance and task difficulty, constant at high levels. We lay our focal study hypothesesin the
Method, after we have described our detailed procedures to operationalize stereotype threat.

We will accomplish these aims by leveraging two major methodological innovations.
First, we will gain access to a sufficient number of Black students to make our design
informative by tapping into the network of labs provided through the Psychological Science
Accelerator *. Second, we will use a so-called “ adaptive design”, which optimizes how
participants are allocated to conditions in order to efficiently seek condition pairs providing
either positive or negative evidence for a stereotype threat effect in a current sample of Black
undergraduates in the US. More specifically, we will prioritize seeking positive evidence for
stereotype threat to address concerns about the weakness of past positive evidence and to
minimize the possibility of false positives (see our simulation studies for details). Taken
together, thiswork seeks to contribute to the extant stereotype thresat literature by providing a
robust test of the effect and its potential moderators among a large sample population of Black
students, for whom such work is both important and urgent.



218
219

220
221
222
223
224

225

226
227
228

229

230
231
232
233
234
235
236
237
238
239
240

241
242
243
244
245
246
247
248

249
250
251
252
253
254
255
256
257

M ethod
Ethicsinformation

All labs that are contributing to the data collection efforts have obtained ethics approval
from their local IRBs at the time of writing of thiswriting. All participants will provide informed
consent; some will receive course credit, while others will be paid for their time. Each site’'sIRB
protocols with the relevant ethics detailsis at https://osf.io/myxuc/; documentation of the
acceptance of each protocol is at https://osf.i0/6498n/.

Materials availability

All materials, ethics approvals, analysis code, simulation evidence, and our initial
proposal to the Psychological Science Accelerator, are deposited at our project page at
https.//osf.io/7tgav/.

Participants and sites

To adequately test stereotype threat theory, we must recruit a population that could
reasonably experience stereotype threat on a particular task. We have chosen self-identified
Black college students in the United States for our population and intelligence tests as our task.
Most Black undergraduate college students in the US should sufficiently identify with
intelligence to be threatened by the stereotype that Black people are unintelligent, incompetent,
or dumb *. Likewise, most Black college students should also identify with their racia group
due to psychological processes such as optimal distinctiveness *® and the shared experience of
discrimination *’. In part for these reasons, the first published stereotype threat studies tested
whether the threat of confirming the Black unintelligence stereotype affects Black students *°.
However, the relative rarity of Black college students at research active universities does raise
some feasibility concerns.

To address thisissue, we have recruited 27 labs throughout the United States to
participate in this project as collaborators through the standing network of psychology labs
provided by the Psychological Science Accelerator (PSA) . The PSA maintains a worldwide
database of 1abs that have expressed the interest and ability to collaborate on multi-site projects
and provides scientific and administrative support to accomplish such studies. Initia calls were
sent for collaborators to the labs based in the United States in the Accelerator network, as well as
solicitations through Twitter, the PsychM AP and PsychMAD Facebook groups, and personal
networksin the Fall of 2018.

Each site has drafted a plan for recruiting a sample of Black college students. Each site
will either rely on alocal pool of Psychology students who will complete the study for course
credit, acombination of flyers and other advertising to recruit students willing to compl ete the
study for payment, or both (we will record site-specific recruitment details and conduct
robustness checks to assess whether they influence results). Each site has provided an estimate of
the number, based on their knowledge of local demographics and other conditions, of Black
students they could feasibly recruit for this study over the course of ayear. To be sure, some of
our participants may come from institutions with alarge proportion of Black students. This, as
well as other ingtitutional characteristics (noted below in descriptions of experimenter and site
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variables), may impact the size of the threat effect. Summing across sites, we estimate that we
could feasibly obtain a sample of 2,700 Black students; see our Supplemental Method for details.

M easur es

The measures described below are drawn from the broader literature on stereotype threat
(specific citations are discussed with each measure). When available, we describe information
about the reliability and validity of the measures. However, there are two important caveats for
interpreting this information. First, consistent with other areas of social and personality
psychology research *8, not all stereotype threat studies report reliability and validity
information. Second, as noted above, only 18% of stereotype threat studies have focused on
Black students *°. Our knowledge about whether previously validated measures remain valid
with the current sample is therefore limited.

Task performance measure. The primary outcome measure for assessing the stereotype
threat effect is Raven’s Advanced Progressive Matrices ®°, atest of fluid intelligence intended for
use with people with above average aptitude and designed to reliably differentiate anong those
in the top 25% of the population >*. The Advanced Progressive Matrices are also sufficiently
difficult to provoke anxiety among college students >, and have been used in stereotype threat
research with Black college students specifically ®*>*. The Advanced Progressive Matrices
consist of a series of perceptual analytic reasoning problems, each in the form of amatrix. The
problems involve both horizontal and vertical transformations: figures may increase or decrease
in size, and elements may be added or subtracted, flipped, rotated, or show other progressive
changes in the pattern. In each case, the lower right corner of the matrix is missing and the
participant’ s task is to determine which of eight possible alternatives fits into the missing space
such that row and column rules are satisfied >,

Multiple versions of the Advanced Progressive Matrices exist. In this study, we will use
the short form, which has been validated by Bors and Stokes >* and predicts performance on the
full set of Ravensitems *>*°. The Advanced Progressive Matrices has 48 items, including 12
itemsin Set | and 36 itemsin Set Il. Participants will complete four itemsin Set | as practice and
up to 36 itemsin Set Il as our primary performance measure. Participants will have atime limit
of 40 minutes to complete the matrices, consistent with Brown and Day. We will measure
performance by summing the number of correct responsesin Set I1, yielding a performance
index that ranges from 0 to 36, with higher scores indicating better performance.

Potential moder ator s of the threat effect. This group of measures consists of variables
that, through exploratory analysis, could help us test whether certain subsets of our participants
are particularly affected by stereotype threat. Four of these moderators, domain identification
(both general and task-specific), racial identification, and chronic concern about stereotypes, are
derived from stereotype threat theory. The others (e.g., experimenter variables, site
characteristics) could plausibly identify participants who are vulnerable to stereotype threat but
are less central to the core theory.

Domain identification-general. Our primary measure of identification with intelligence
will capture the extent to which students identify with the performance domain. We will ask
participants to answer four questions adapted from Lewis, Sekaquaptewa, and Meadows >’ and

Schmader *%: “Being intelligent is an important part of my self-image”; “Being intelligent is
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unimportant to my sense of what kind of person | am” (reverse-coded); “Being intelligent has
very little to do with how | feel about myself” (reverse-coded); and “Being intelligent isan
important reflection of who | am.” Participants will rate their level of agreement with these items
on scales from 1 (strongly disagree) to 7 (strongly agree). We will measure domain identification
by reverse-coding the appropriate items and averaging item responses to form a 1-7 composite,
with higher scores indicating higher identification. Previous research suggests that responses on
these items predict the size of the stereotype threat effect among women in mathematics .

Domain identification-task specific. Our inferences and interpretations will focus on the
primary measure of domain identification because of the previous validation evidence suggesting
that it isimportant in stereotype threat processes. However, Black undergraduates may strongly
identify with being an intelligent person, but may not be strongly identified with scoring high on
aparticular test designed to assess intelligence. That is, they may value intelligence, but lack
faith in “intelligence tests”, given the history of the construction and use of intelligence testsin
the US and associated negative racial stereotypes. Thus, we will include a secondary measure of
domain identification that is more specific to the Raven’s Matrices task. These questions will
only be asked after the participants take Raven’s Matrices and will be identical to the primary
measure of domain identification except that they will replace “Being intelligent” with “Being
good on intelligence tasks like the one | am taking today”. We will use this secondary measure as
part of our exploratory analyses.

Racial identification. We will measure racial identification using the Centrality, Private
Regard, and Public Regard subscales of the Multidimensional Inventory for Black Identity
(MIBI; *). We will use Centrality as our primary racial identification indicator but will conduct
exploratory analyses with the Private and Public Regard subscales as well.

The eight-item Centrality subscal e assesses how central, defining, and important one's
racial group membership isto the self. Sampleitemsinclude, “In general, being Black/African
American is an important part of my self-image” and “ Overall, being Black/African American
has very little to do with how | feel about myself” (reversed). The six-item Private Regard
subscal e assesses “the extent to which individuals feel positively or negatively towards
Blacks/African Americans as well as how positively or negatively they feel about being
Blacks/African American” (pg. 26, Sellers and colleagues >). Sample private regard items
include, “1 am proud to be Black/African American” and “| often regret that | am Black”
(reversed). The six-item Public Regard subscal e assesses “the extent to which individuals feel
that others view Blacks/African Americans positively or negatively” (pg. 26, Sellers and
colleagues *). Sampleitemsinclude, “Overall, Blacks/African Americans are considered good
by others’ and “Blacks/African Americans are not respected in the broader society” (reversed).
We will measure racial identification by reverse-coding the appropriate items and averaging item
responses in a 1-7 composite for each subscale, with higher scores indicating higher racial
centrality, private regard, and public regard, respectively.

Chronic concern about stereotypes. To capture the experience of stereotype threat more
broadly, we will also ask participants about the pressure they feel when doing something that
would cause them to be seen in terms of stereotypes about their race. We designed two items to
measure general stereotype concern: “I worry that people will sometimes make assumptions
about me based on what they think about my racial group” and “1 worry that people will
someti mes make assumptions about me based on stereotypes about people in my racial group.”
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Participants will rate their level of agreement with theseitemsusing 1 (strongly disagree) to 7
(strongly agree) scales. To measure stereotype concern more broadly, we will average responses
across the two items, with higher scores indicating greater concern.

Experimenter variables. Given that the group membership of the experimenter has itself
been used as an operationalization of stereotype threat 24, it is critical that experimenter
characteristics are tracked systematically in the current study. We will ask participating sites to
assign each experimenter an I1D and report each experimenter’ s race and gender, and will allow
sites to freely report other experimenter variables that could possibly affect participants
experiences during the study. We will also limit experimenter interaction with participants as
much as possible, to reduce the effect that interaction might have on participants.

Site variables. Past stereotype threat studies have not tracked systematically whether
characteristics of the data collection site are associated with the strength of the stereotype threat
effect. There are some reasons to believe that they might: highly ranked schools may be
especialy likely to have a student body that is domain-identified, which could enhance the
stereotype threat effect ® asimilar dynamic could characterize private (vs. public) schools.
Moreover, schools with alower proportion of minority students may undermine minority
students’ feelings that they belong in the school, which may also enhance the stereotype threat
effect —in fact, solo status has itself been used as a stereotype threat manipulation ®. The
Psychological Science Accelerator maintains a database of the characteristics of its sites. Upon
the compl etion of data collection, we will merge this database with our collected data to access
these site-level characteristics.

Manipulation checks. Stereotype threat is theorized to occur when people are concerned
about confirming a negative stereotype in a specific performance context. The performance task
also needsto be sufficiently difficult to provide areal possibility that the stereotype will be
confirmed. We are assuming that difficulty and task-evoked concern will be high among all
participants in our study. We will validate this assumption using two manipulation checks. All
manipulation checks will be administered at the end of the study session.

Task-evoked concern about stereotypes. To verify that participants are indeed
experiencing task-evoked stereotype concern, we will ask participants to answer four questions
adapted from Ramsey and colleagues ®2. Two of these questions are closely tied to perceptions of
the test: “1 am concerned that people will judge my race as a whole based on my performance on
thistest”; “1 am concerned that people will think my race as awhole has less ability if | do not do
well on thistest”. Two of these questions are tied to concerns about being judged in terms of
group membership: “I am concerned that people will judge my performance based on negative
stereotypes that exist about my racial group”; “1 am concerned that people will think that | have
less ability because of my racia group membership.” Participants will rate their level of
agreement with these items on a scale from 1 (strongly disagree) to 7 (strongly agree). We will
average responses together, with higher scores indicating greater concern. We anticipate that,
consistent with stereotype threat theory, the two task-evoked concern subscales will be strongly
correlated, but to our knowledge this assumption has not been directly tested with Black
students. We will therefore evaluate this correlation, and if the two subscales are modestly
correlated (r < .3), we will test the effects of the threat manipulations on each subscale in our
exploratory analyses.
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Task difficulty. Raven’s Advanced Progressive Matrices is designed to be difficult,
producing a mean performance score of 22.17 (SD = 5.60) out of atheoretical maximum of 36
among 506 introductory psychology students at the University of Toronto at Scarborough **.
Nevertheless, we will verify that the participants find the task difficult with asingle item, “How
difficult did you find the task that you completed today,” on ascale from 1 (not at all difficult) to
5 (very difficult).

Potential exclusion criteria. Stereotype threat cannot occur unless participants are aware
of the task-relevant stereotype and have paid close attention during the study. We will attempt to
measure these variables and test whether excluding these people affects our results as part of a
series of robustness checks, described in detail in our analysis plan.

Stereotype awareness. Participants will answer yes or no to a single item assessing
awareness of the negative stereotypes about the intelligence of Blacks: “Before this study, had
you ever heard of the stereotype that Blacks are less intelligent than other ethnicities?’

Memory checks. A series of questions will assess participants memory for the details of
the study. Items will include questions about the purpose of the study, the instructions provided
prior to the performance task, and the type of task completed (i.e., puzzle, IQ test, etc.).

Funnel debriefing to probe for suspicion. At the end of the study, we will ask several
guestions capturing participants suspicion about the aims of the study. Items assess whether
participants 1) believed the rationale of the study, 2) had compl eted this type of task before, and
if so, how many times, where was it taken, and their age when taken, 3) had heard of a study like
this one, and 4) had ever heard of the phenomenon of stereotype threat prior to the study, and if
so, when and where.

Demogr aphics. Demographic items will include: age, biological sex, gender, class year
(freshman through senior, other), academic major, academic minor, student status (full time, part
time), ethnicity (all that apply; primary), citizenship, length of timein US, native language, state
and country of birth, parents' places of birth, the number of grandparents born in the United
States, generation status, city/state lived longest, socioeconomic status (parent’s level of
education and the MacArthur perceived SES ladder ®*), and employment status,

Procedure

Participants at between 18-21 sites for which it islocally feasible (not all labs have the
necessary infrastructure to complete this process), will complete an online survey at |least one
week before their in-lab session. This pre-measure will include baseline measures of domain
identification, racial identification, and an abbreviated demographics questionnaire. For many
sites, these measures will be included in a battery of pre-measures administered to all studentsin
qualifying psychology courses at the beginning of the semester.

For the main procedure, participants will cometo their local |ab site and complete an
online survey in the lab. The survey will be completed in a quiet testing room to minimize
distractions and standardize the amount of time spent on the task; at some sites, participants will
complete the study in individual testing rooms, at other sitesin larger testing rooms that have
cubicles or computer dividers— thiswill be recorded as part of the site characteristics described
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earlier. The task (consent to debriefing) should take a maximum of 50 minutes. Each participant
will be assigned to one of six conditions, three threat-increasing and three threat-reducing. The
method of assigning participants will be an adaptive algorithm, which is described in more detail
in the section entitled “ Condition assignment through an adaptive design.”

Following the threat-increasing or threat-reducing manipul ation, participants will
complete the focal task, Raven's Advanced Progressive Matrices. We plan for each participant to
have atime limit of 40 minutes to complete the matrices. Following the focal task, participants
will complete domain identification, racial identification, and stereotype threat concerns
guestionnaires, a series of memory and manipulation checks, demographic, stereotype
awareness, and suspicion items. After the study is complete, the participants will be fully
debriefed and asked to refrain from sharing the details of the study with others.

We determined the amount of session time through afeasibility pilot. We also used this
feasibility pilot to ensure al study elements, including the adaptive agorithm, were properly
implemented. We document this feasibility pilot in our Supplemental Method; proofs of concepts
are at https://osf.io/tyasd/. Readers may view a mockup of the experiment implemented in the
formr experiment platform ® at https.//psa005ful|study.formr.org/?site=42
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445
Threat-increasing condition Threat-reducing condition
Conceptual variable Description Name Content Name Content
Whether the participant believes the Participants read that the task they're
Diagnosticity task measures the stereotyped Diagnostic (i/) about to take is highly diagnostic of Non-diagnostic (v/)  Participants read that the performance
ability intelligence task is not diagnostic of intelligence
Whether the participant's grou .. -
Priming membership ips madg salie%t P Race primed (i2) Participants are asked to indicate Not applicable
their race prior to taking the task
No group Participants read that White and Black
_ Whether the participant believes _ Participants read that White students | differences (2) students perform equally on the task
Group differences ggi rar\rnzrg]](rzgup differencesin task Group differences (i3) ;)alg(perform Black students on the Sl-?fgrOUp A Black |_orofr fr_om ahistorically
ITrerences, Black university delivers the no group
Black expert (r3) differences prompt
446
447  Table 1. Table of threat-increasing and threat-reducing conditions for the current design. The threat-increasing conditions are labeled i/-i3, whereas the threat-
448  reducing conditions are labeled »/-73. To form an operationalization of stereotype threat, any threat-increasing condition can be compared to any threat-reducing
449  condition, yielding nine possible operationalizations. We can pose a question about whether athreat effect is present for each operationalization; for example,
450  questioni/ r2 askswhether athreat effect is present for the comparison between the diagnostic (/) and the no group differences (»2) conditions.
451
452 Conceptual variables used to oper ationalize ster eotype threat. Table 2 lists our three manipulated conceptual variables. We
453  can use any pairing of one of the three threat-increasing conditions (diagnostic, race prime, group differences, or i/, i2, i3) and one of
454  the three threat-reducing conditions (non-diagnostic, no group differences, no group differences-expert, or 1, r2, r3) to create an
455  operationalization of stereotype threat, yielding nine possible operationalizations. Each operationalization can be designated by
456  separating the code for the threat-increasing condition and the code for the threat-reducing condition with an underscore (e.g., i/ r2
457  represents a comparison between the diagnostic condition and the no group differences condition).
458 Diagnosticity (conditions i/ and »1). Diagnosticity refers to whether or not the target task is described as measuring the
459  stereotyped characteristic (i.e., intelligence among Black students). Describing atask as diagnostic increases threat, asatask that is
460 diagnostic of the stereotyped ability raises the specter of confirming the unintelligence stereotype by performing poorly on the task.
461  Thethreat-increasing diagnostic condition (condition i7) therefore describes the task as evaluative of intellectual abilities:
462 “The task that you will be working on today is an |Q test. The study is concerned with various personal factorsinvolvedin
463 performance on problems requiring intellectual reasoning abilities. Like the SAT and the ACT, thistest is frequently used to

measure individuals intellectua abilities. ...”
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In contrast, atask that is persuasively described as non-diagnostic of the stereotyped
ability decreases this threat *°. In the threat-reducing non-diagnostic condition (condition 1), the
task is described as non-evaluative of intellectual abilities:

“In this research, we are studying avariety of puzzlesfor possible usein other research
to understand how much people like them and find them interesting and involving. The
itemsyou’ll complete today are just a series of puzzles. They don’t, for example, have
anything to do with intellectual ability or academic performance. ...”

Priming (condition i2). “Priming” refers to whether the participant’ s stereotyped group
membership is made salient prior to the performance task. The salience of this information
should increase threat by increasing the likelihood that the participants think about their
negatively stereotyped identity in the context of the performance task, thereby triggering
stereotype threat (Steele and Aronson *°, Study 4). Thus, in the threat-increasing race primed
condition (condition i2), participants will indicate their race prior to completing the performance
task.

Group differences (conditionsi3, r2, and r3). The “group differences’ conceptual
variable refersto whether the task is portrayed as producing or not producing group-based
performance differences. If a participant is led to believe that group performance differences
exist on atask, this raises the possibility that the participant’ s performance will recapitul ate this
pattern, thus confirming the unintelligence stereotype and increasing feelings of threat **%. In
the threat-increasing group differences condition (condition i3), the task is described as typically
showing group differences:

“Asyou may know, there has been some controversy about whether there are racial
differencesin intellectual and academic ability...The IQ test you will take today has been
shown to produce racia differences, because such tests seem to be biased toward
particular subcultural groups. Specifically, numerous studies have found that Blacks
perform worse than Whites on such tests. ...”.

By comparison, describing tasks as producing no group performance differences should
alleviate the possibility that the participant confirms a negative stereotype, decreasing feelings of
threat. In the current study, we include two no group differences conditions — one describing the
task as producing no group differences, and another including a same-race expert describing the
task as producing no group differences ®. Thus, in the threat-reducing no group differences
condition (condition »2), the task is described as showing no group differencesin performance:

“... Before starting the test, it isimportant to acknowledge that you may have heard that
there areracia differencesin test performance on certain types of tests. Thisis not the
case for the test you will be taking today. The test you will be taking today shows no
racia or group differences and such tests have been found to be culture fair and unbiased
toward particular social groups. Aswe look towards understanding thistest in today’ s
study, it isimportant to note that numerous other studies have found that Black/African
American students and White students always perform equally on such tests. ...”.



15

504 In the threat-reducing no group differences-Black expert condition (condition r3), a professor with a name consistently
505 perceived as Black (first name: DeAndre, Jamal, Jalen, Ebony, Jamila, or Amani; last name: Jackson, Johnson, Harris, Jones,
506 Robinson, or Williams) at a university with arecognizably large number of Black college students (Howard University, University of
507 lllinois at Chicago, University of Houston, University of Maryland, Florida A&M University, or Texas Southern University), who is
508 quoted as describing the task as producing no group differences (as detailed above). The first names, last names, and institutions were
509 all chosen on the basis of apilot test with 101 Black participants recruited through MTurk. All items had a mean rating of at least 5 on
510 al-7 scaleof perceived Blackness; for more details see our Supplemental Method.
511 Confirmatory hypotheses. Each of our nine operationalizations (i/_r/ through i3 r3) can be used to create a question about
512 theeffect of aparticular operationalization, with anull hypothesis that the threat effect is not positive and an alternative hypothesis
513 that it ispositive. Our project nine questions, one per operationalization, which each correspond to a particular null and aternative
514  hypothesis. We list these questions, the null and alternative hypotheses, our sampling and analytic plans, and our planned
515 interpretations given different study outcomesin Table 3.
Conditions Interpretations
Threat-increasing Threat-reducing Question Hypothesis Sampling plan Analysis plan 10g10(BF) Verbal conclusion
Diagnostic (i/) Non-diagnostic (r1) H.: The threat- _ _
increasing condition Wewill recruit &
Diagnostic (i/) No group differences (-2) Doesthethreat- | (i odice lower | /€85t 2:000 Black '
increasing Scores on Raven's partl_c[pants _ The datawill be
. s ) condition (i/, i2, . Participantswill be | analyzed . .
Diagnostic (i) No group differences, Black expert (3) or i3) produce Progressive assioned in concurrently with >20 Extreme evidence in favor of H,
lower gverage Matricesthgn the accc?r dancewithour | data collect?lon 15t020 Very strong evidgnce in favor of Hu
Race primed (i2) Non-diagnostic (r1) scores on Raven's ggr?gitt_i':gum ng adaptive algorithm, | The analysis uses ég :g ig atg%rga?élg/e%?ng;ﬁvgg; ';fAH
Progressive which prioritizes aBayesian r-test, 051005  Incondusive evidence A
Race primed (i2) No group differences (r2) Matrices than the Ho: The threat- assignment to which we will -1010-05 Moderate evidencein favor of Ho
threda_ut?redm]:m% increasing condition ;c}mdﬂmn;thai that S’ZSZI; C°m$m$ a | .15t0-10 Strong evidencein favor of Ho
Race primed (i2) No group differences, Black expert (+3) g?n 3|7|on 1,2, will not produce egwlglg ti?acar ey mm?n$t$ o | 20t0-15 Very strong evidencein favor of Hy
r3)? lower scores on people| it i g'd <-20 Extreme evidence in favor of Hg
. . g i ) Raven's Progr&ssive Increasing con ition relative evidence
Group differences (i3) ~ Non-diagnostic (/) Labels: il rl M atrices than th performworsethan | for H, vsH,
through i3 r3 rices than the people in the threat-
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Group differences (i3)

Group differences (i3)

No group differences (r2)

No group differences, Black expert (3)

Table 2. Design table.

threat-reducing
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Condition assignment through an adaptive design

Experiments involving a large number of conditions suffer acommon problem: not all
conditions are equally useful for testing the focal hypothesis, but we rarely know in advance
which ones will be most informative. In between-subjects designs, the conventional way of
coping with this problem is to allow an equal number of participants to experience each
condition, an approach that quickly grows infeasible as the number of conditions increases.
Adaptive designs solve this problem by evaluating the evidence at regular intervals and using the
available evidence at a given interval to estimate the condition assignments that are likely to
provide the most information for the next interval ®. The result is that adaptive designs generally
make more efficient use of experimental resources than do designs that are not adaptive .
Adaptive designs are therefore an ideal choice for experimentsinvolving alarge number of
conditions, as they can render feasible designs that would require an unwieldy number of
resources in a conventional design.

As applied to our study, we have atotal of six conditions. In a conventional design, we
would need an unfeasibly large number of Black students to precisely detect an effect between
one of the threat-increasing and one of the threat-reducing procedures. However, adaptively
allocating participants to these procedures should allow this design to yield greater evidence
either in favor of or against a stereotype threat effect with a smaller number of participants.

Our adaptive design proceeds across a series of participant cohorts. After each cohort, we
calculate the evidence that a stereotype threat effect exists within each of our nine possible
comparisons between the three threat-increasing and three threat-reducing conditions. Our initial
cohort will consist of 180 participants. In thisfirst cohort, we assign an equal number of
participants to each condition. Each subsequent cohort consists of a single participant, who will
be assigned to a condition based on the current evidence, as calculated from all preceding
cohorts. Critically, we weight the assignment probabilities such that the pairs of conditions
where the evidence for athreat effect is strongest are the most likely to have participants
assigned to them. Participants are therefore less likely to be assigned to conditions in which the
evidence suggests that there is no threat effect. The experiment proceeds until all sites recruit
their committed total number of participants, and the adaptive algorithm ensures that we make
maximally efficient use of our participants’ time and effort to find a threat effect.

Formally, the adaptive design experiment proceeds as follows. The first step isto collect
datafrom theinitial cohort of 180 participants, with 30 participants assigned to each of the six
conditions. Based on these data, we compute the JZS Bayes factor from a Bayesian t-test ® for
each pair of threat-increasing and threat-reducing conditions. For any two conditionsx and y, the
Bayes factor is computed from the observed two-sample ¢ value with degrees of freedom
v = N, + N, — 2 and effective sasmplesize N = N,N,,/(N, + N,,), as

v+1

o0 (14— ) % am/2g-3/2-1/C9)
BF fO 1+Ng) 2(1+m) (2m)*/cg e dg

D)

(1+§)—(v—1)/2

A Bayes Factor isaratio of the evidence against the null hypothesis relative to the
evidencein favor of it. In our design, the null hypothesisis that, given two conditions, the mean
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difference between those conditionsis zero, and the alternative hypothesisis that this difference
isnon-zero. A Bayes Factor greater than one therefore suggests that evidence favors the
hypothesis that the condition difference is non-zero, whereas a Bayes Factor below one suggests
that the evidence favors the hypothesis that the difference is 0. Due to the exponential increases
in BF when evidence favors the alternative hypothesis, it is often convenient to report BF on a
logarithmic scale, in which case values greater than zero indicate that the alternative is more
likely, while values less than zero indicate that null is more likely. On alog;o scale, BF values
greater indicate extreme evidence in favor of the alternative, values between -.5 and .5 indicate
inconclusive evidence, and values less than -2 indicate extreme evidence in favor of the null. See
https.//osf.io/2zq7f/ for atable of all our intended evidence cutoffs, adapted from Lee and
Wagenmakers .

The adaptive agorithm uses the Bayes factors from the initial cohort of participants to
compute a probability distribution over pairs of conditions. This probability distribution will be
used to determine the condition assignment for the next participant. For a given threat-increasing
condition x and a given threat reducing condition y, we write BF'(x,y) to denote the Bayes factor
for the pair (x,y) and compute the following pairwise assignment probability:

BF (x,y)
p(xly) = 3 3 BF(I.,]) "

i=1  Zj=1

2)

The assignment probability for agiven pair of conditionsisthe ratio of the Bayes factor for that
pair to the sum of the Bayes factors across all pairs. Participants are therefore most likely to be
assigned to pairs of conditions with the highest likelihood of containing a non-zero effect.

In each subsequent cohort, the participant is assigned uniformly at random to one of the
two conditions from a pair drawn from the assignment distribution computed from Equation (2).
Once data has been collected from a particular cohort, they are combined with all of the
previously collected data and used to compute updated Bayes factors for each pair of conditions
using Equation (1). These updated Bayes factors are then used to update the assignment
probabilities for the next cohort using Equation (2), and the cycle repeats. The process continues
until al sites have exhausted their committed total number of participants.

Simulation evidence of the efficiency of the adaptive design. \We tested the proposition
that an adaptive design would yield more evidence with fewer participantsin a series of three
simulation studies. All simulations were run using MATLAB R2019a "*. Our first two simulation
studies assessed the relative efficiency of adaptive versus non-adaptive designs when only one of
our threat-increasing conditions affects performance. In the first study, this one condition
produced a moderate effect on performance (i.e., d = .4 when its effect is compared to the other
conditions using the standardized mean difference); in our second, the condition produced a
small effect (d = .2).

There are nine possible comparisons between threat-increasing and threat-reducing
conditions (3* 3 =9). Thus, in a situation where one threat-increasing condition produces a
small effect, three of the nine possible comparisons between threat-increasing and threat-
reducing conditions are truly non-zero (i.e., all of the comparisons between the performance-
affecting threat-increasing condition and the three threat-reducing conditions). Given this
situation as ground truth, each of the two simulation studies consisted of 1,000 adaptive
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experiments and 1,000 fixed experiments. Both types of experiments started with an initial
cohort of 180 simulated participants, split evenly across the six experimental conditions. The
differenceisin how simulated participants were assigned in subsequent cohorts. In the fixed
experiments, simulated participants were divided equally among conditions, whereas in the
adaptive experiments, simulated participants were assigned using the adaptive algorithm
described above. In either case, smulated data were generated from normal distributions with
equal variances, with an effect of the corresponding size in one condition. For each experiment,
we computed the Bayes Factor for each comparison after each cohort of participants and
recorded the maximum Bayes Factor across the three comparisons. We also recorded the
proportion of the total N that had been allocated to the condition with atrue effect on
performance.

Figure 1 shows the results of the two simulation studies. When one condition has a
medium effect (top left panel), both designs accumulate evidence against the alternative
hypothesis, but the adaptive design does so especially fast. When one condition has a small
effect (top right panel), the adaptive design usually reaches the threshold for strong evidence
(logio(BF) = 1.0) after about 1,440 participants, whereas the fixed design usually failsto reach
that cutoff even after 2,004 participants have been recruited. The bottom panels reveal how the
adaptive design is able to achieve this efficiency gain: it preferentially allocates participants to
the condition with atrue effect on performance.

Although the adaptive design makes decisive results more likely than afixed design, it
does not guarantee them. The grey bandsin Figure 1 represent the 25% and 75% percentiles
across the 1,000 simulations. Thereiswide variation in the obtained evidence ratios across
simulations. Reassuringly, even when the single non-null condition has a small effect (d =.2in
comparison with the other conditions), at least 75% of the simulated experiments yielded strong
evidence for the alternative (log:o(BF) > 1.0) after about 1,800 participants had been recruited.
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One condition has medium effect (d =0.4) One condition has small effect (d =0.2)
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Figure 1. Results from two simulation studies with 2,000 runs each (1,000 for the adaptive version, 1,000 for the
fixed). The top two panels use different scales in the y-axis for clarity. In one study (left two panels) one of our six
conditions produces a small effect (d = .2 in comparison with the other conditions); in the other (right two panels) it
produces a medium effect (¢ = .4). At each step of agiven simulation run, we recorded, of the three truly non-null
comparisons, the Bayes Factor of the comparisons that yielded the maximum evidence against the null, as well as
the proportion of the total study N assigned to the condition that does have an effect. N refers to the number of
participants recruited at a particular point in the design. Lines represent the medians across the 1,000 simulations of
the quantity in question; envel opes represent the 25% and 75% quantiles. When either a small or medium effect is
present, the adaptive design accumulates evidence against the null more efficiently than does afixed design. It does
so by preferentially alocating participants to the condition that provides the best evidence of an effect.

Finally, we investigated how the adaptive and fixed designs performed in the presence of
no stereotype threat effects —in other words, in a situation where the mean difference in all
comparisons between threat-increasing and threat-reducing conditions was equal to 0. Thisisa
situation where one might expect the adaptive design to be at a disadvantage, since, on average,
assigning people to the six conditions with equal probability is already “optimal”.

Because the null hypothesisistrue for each of the nine comparisons, the experiment is
successful if it yields negative values of the logio(BF) for every hypothesis test, indicating strong
evidencein favor of the null hypothesis. In contrast, any positive Bayes Factor indicates false
evidence against one of the null hypotheses. To assess each design’ s performance in each
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simulated experiment, we computed, across al comparisons, the minimum Bayes Factor (i.e., the
evidence ratio that is most in favor of the null and therefore “ correct”), the maximum Bayes
factor (the evidence ratio most in favor of the alternative and therefore “incorrect”), and the
average. As shown in our Supplemental Method, both designs yielded moderate to strong
evidencein favor of the null across all possible comparisons of procedures. Moreover, the
adaptive design performed no worse than the fixed design, and, one particular dimension, even
had a dight advantage —they were somewhat less likely to produce a comparison that yielded
false evidence in favor of the alternative hypothesis. This may occur because, if a particular
comparison does provide (incorrect) evidence in favor of the alternative, the adaptive design
preferentially allocates people to that comparison until the evidence ratio begins to favor the null.
In essence, the adaptive design performs a small “replication study” for a comparison favoring
the alternative, which provides some protection from drawing fal se positive conclusions (see our
Supplemental Method for additional simulation evidence on this point).

Across our simulations, we note that the Bayesian test we used is somewhat conservative
—that is, it is calibrated such that the null hypothesisis favored unless arelatively large effect is
observed. The conservatism likely reflects the fact that we used the JZS Bayes factor with a scale
parameter » = 1, which anticipates effects between -1 and 1. Additional simulation results
(described in our Supplemental Method) show that adjusting this prior to » = 0.5, or » = 0.2, does
not have much effect on the efficiency of the adaptive design relative to the fixed design.
However, it can affect the Bayes Factor’ s absolute magnitude. To address this conservatism, we
will survey the participating sites to estimate an expected effect size. We will use this expected
effect size to adjust the scaling parameter prior to our final analysis.

Site balancing, data flow, and by-site variance. The adaptive algorithm does not
explicitly account for the possibility of site-specific differences in participant performance. The
appropriate statistical approach to account for this kind of by-site variance would be to use a
random effects model with site-specific random parameters. However, adding site-specific
random parameters to the adaptive algorithm would create a computational bottleneck in the
calculation of the Bayes factors for updating condition assignments. Moreover, since condition
assignments from the algorithm are based on the magnitudes of the fixed effects (i.e., the average
differences between conditions), the estimates of the random effects would have minimal effect
on condition assignments. In other words, even if the model in the adaptive algorithm were
misspecified due to the absence of random effects parameters, the algorithm can still achieve its
goal of increasing power in conditions where the average effects are largest. Therefore, the
adaptive algorithm will not include random effects by site, but we will examine the degreeto
which adding random effects for site affects our results after our data are collected as part of our
robustness checks.

The possibility of by-site variance also necessitates additional controls on data flow to
ensure that sites are balanced throughout the experiment. An especially dangerous scenario
occurs if agiven site dominates sampling at a particular point in time during the experiment, a
phenomenon we refer to as clumping. For example, suppose there is no true effect between
conditions 1 and 2 at site A, but a moderate true effect at every other site. Suppose also that there
isamoderate effect between conditions 3 and 4 at site A, but no true effect at any other site.
Thus, on average across sites, there is alarger difference between conditions 1 and 2 than
between 3 and 4. If all 180 of the participantsin the initial block came from Site A, theinitial
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datawould suggest an effect between conditions 3 and 4 but not between 1 and 2. This would
bias the sampling in subsequent blocks toward conditions 3 and 4, when it would be more
fruitful to test conditions 1 and 2. On the other hand, if Site A was not represented at all until the
final blocks of the experiment, then most of the participants from Site A would be assigned to
conditions 1 and 2, since that is where the largest effect would appear to be at the point where
participants from Site A enter the experiment. But since the effect at Site A is between
conditions 3 and 4, not between 1 and 2, and since the effect between conditions 3 and 4 does not
exist at any of the other sites, the algorithm may never learn about the presence of the true effect
between conditions 3 and 4.

The above example is extreme, but it illustrates the potential risks of clumping for
statistical inference and algorithmic efficiency. We will therefore take the following three
concrete measures to mitigate these risks. First, we will require that at least 15 sites are
represented in theinitial block of 180 participants, with each site contributing at least five
participants. Second, we will not allow any single site to contribute more than 10 participantsin
agiven week. Third, we will set minimum targets for the number of participants each site should
aim to contribute each week. For instance, if asite plansto contribute 20 participants over the
course of 5 weeks, we will ask them to contribute at least four participants each week. These
measures should help guard against the possible risks of clumping described above.

Analysisplan

Manipulation checks. Experiencing atask as difficult is atheoretically necessary
condition for producing stereotype threat *°. We have selected a performance task, Raven's
Advanced Progressive Matrices, that should be experienced as difficult by most college students
* Nevertheless, we will check that our participants did indeed experience the task as difficult by
examining the percentage of participants who reported that the level of difficulty was above the
midpoint on the perceived difficulty measure and by testing whether the average rated difficulty
across all studentsis significantly above the scale midpoint. We will also test whether our
manipulations did indeed evoke feelings of concern about confirming the negative Black-
unintelligent stereotype by testing whether reported task-evoked concern in the threat-increasing
conditions is significantly greater than reported task-evoked concern in the threat-reducing
conditions. We will use the same Bayesian model for these manipulation checks that we use for
the main analysis.

Confirmatory analyses. Because we are using an adaptive design, our main analysis will
proceed with and guide the data collection process. After gathering an initial cohort of 180
participants, we will follow the adaptive design outlined in the previous section: we will
calculate logyo(BF) values approximating the posterior odds that a stereotype threat effect exists
within each of the nine possible comparisons between our three threat-increasing and three
threat-reducing conditions. For each subsequent cohort of six participants, these logio(BF) values
are used to determine the probability that any given participant is assigned to each of the six
conditions. If we obtain extreme evidence that a particular comparison does or does not produce
a stereotype threat effect (logio(BF) > 2.0 or logio(BF) < -2.0), we will cease sampling that
comparison to ensure that this comparison does not dominate future sampling and thereby
prevent us from gathering evidence about other comparisons. Data collection proceeds until we
either obtain strong evidence about the presence or absence of stereotype threat across all
comparisons or the labs who have committed to collecting datafor this project all reach their
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committed recruitment totals. After all data has been collected, we will use the final logio(BF)
values to assess the likelihood that a stereotype threat effect exists within each of the nine
comparisons. Thus, the set of nine final 1og;0(BF) represents our focal tests of our nine questions
about the presence of a stereotype threat effect (Qquestionsi/ rI through i3 »3) inagiven
operationalization.

Robustness checks. In addition to our main analysis, we will also conduct a series of
robustness checksin the form of a multiverse analysis ‘%, which we will use to assess the degree
to which our results change across alternative strategies for analyzing our data. We identify five
points of flexibility in our analysis where different choices or assumptions could have been
made. These include the statistical framework, priors, two types of random effects, and rules for
excluding observations. For each point of flexibility, we identify several alternativesto be
considered. We will rerun the analysis under various combinations of those alternatives, as
shown in Table 4. Taken together, including only the combinations of alternatives that are
theoretically compatible as well as computationally tractable, our planned robustness analyses
span 160 separate analyses: 32 in aBayesian statistical framework and 128 in a Frequentist
statistical framework. We consider random effects in a Frequentist framework only due to the
additional complexities that arise when formulating and estimating these modelsin a Bayesian
framework.

Exploratory analyses. Although we expect most of our participants to be identified with
intelligence and their race, we will test whether those who are less identified are more (or less)
affected by stereotype threat. Similarly, we will test whether people who are chronically
concerned about stereotype threat are more affected. More specificaly, if we find a stereotype
threat effect for one of our comparisons, we will test three interactions, one between the
comparison and racial identification, one between the comparison and general domain
identification, and one between chronic concern and the comparison. In addition, given sufficient
data and sufficient variation in the applicable variables, we will test other potential moderators of
the threat effect such as generation status.

We also plan to assess the degree to which there is substantive variation between
experimenters and sites in the magnitude of the stereotype threat effect by measuring the size of
the by-experimenter and by-site random slopes for threat in mixed effects models. If thereis
substantive variation in the size of the stereotype threat effect, we will explore possible sources
of thisvariation by testing interactions between our threat manipulations and either our
experimenter variables (if there is by-experimenter variation) or our by-site variables (if thereis
by-site variation).
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Justification

Statistical framework

@
@

Bayesian*

Frequentist

It may be useful to quantify evidence in favor of the null hypothesis

It may be reasonable to want an analysis that does not rely on priors

Prior

M
@
©)
4

Informed scale factor*
Small scale prior (r=0.2)
Medium scale prior (r=0.5)

Unit scale prior (r=1.0)

Priors should align with the expectations of expertsin the field
It may be apriori reasonable to expect small effects
It may be a priori reasonable to expect medium effects

It may be apriori reasonable to expect large effects

Random site effects

@
@
©)
4

None*
Random by-site intercepts
Random by-site slopes for threat effects

Combine (2) and (3)

There may not be much site clustering in participant performance
Different sites may have different average levels of participant performance

Sites may differ substantively in the size of agiven threat effect

Random experimenter effects

@

@

©)
4

None*

Random by-experimenter intercepts

Random by-experimenter slopes the threat

effects
Combine (2) and (3)

There may not be much experimenter clustering in participant performance

Different experimenters may produce different average levels of participant
performance

Experimenters may vary in the degree to which they produce threat effects

Observations

768

@

@

©)

4
®
(6)
™
®)

All*

Exclude people who do not have good
memory of the study's details

Exclude people who are unaware of the
Black-intelligence stereotype

Exclude suspicious participants
Combine (2) and (3)
Combine (2) and (4)
Combine (3) and (4)

Combine (2), (3), and (4)

All participants may provide useful information about the presence of a
threat effect

These people may not have been properly exposed to the manipulation

These people may not have the proper cultural awareness for stereotype
threat to affect their behavior

These people may not have been affected by the manipulation because they
didn't believe it

769  Table 3. Potential points of flexibility in our analysis plan. Robustness with respect to priors will be explored within
770  aBayesian statistical framework. Robustness with respect to random effects will be explored within a frequentist
771  satistical framework. Robustness with respect to observations will be explored within both statistical frameworks.
772  Together, these points of flexibility yield 160 possible statistical models. We will assess the degree to which our
773  results change across these models. Alternatives marked by * are those used in the main analysis.
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Supplementary I nformation:
Supplemental M ethods

Here we give additional detail on the following methodological issues: (1) our selection
of names and ingtitutions for the “no group differences — Black expert” condition; (2) the
performance of the adaptive design (relative to afixed design) in the presence of null effects; (3)
the sensitivity of the adaptive design to priors; (4) evidence of the feasibility of our project. The
data and materials for our names and institutions pilot are at https.//osf.io/726an/; the code
required to run the simulations described in this supplement is at https://osf.io/vxdSy/; the proofs
of concepts described in our feasibility section are at https.//osf.io/tyasd/.

Piloting names and institutions. We conducted a pilot to test whether the names and
institutions we chose for our “no group differences — Black expert” condition did indeed imply
that the expert who delivers the no group differences prompt is Black. We recruited 101 Black
participants (three additional participants made it to the consent form but gave no responses)
using TurkPrime and asked them to rate, using 7-point Likert scales (“ Extremely unlikely” to
“Extremely likely”), the likelihood that each of 12 last namesis Black/African American and the
likelihood that they are White. We also asked the participants to rate the likelihood that 10
female first names come from a Black woman and a White woman, and conducted a similar
process to assess the perceived likelihood that 10 male first names come from a Black man and a
White man. Finally, we asked the participants to rate the likelihood that each of 12 institutions
are associated with Blacks/African Americans.

Our results are displayed in Supplemental Table 1. On the basis of these results, our
selected male names are DeAndre, Jamal, and Jalen, and our selected female names are Ebony,
Jamila, and Amani. Our selected last names are Jackson, Johnson, Harris, Jones, Robinson, and
Williams. Finaly, our selected universities are Howard University, University Illinois at
Chicago, University of Houston, University of Maryland, Florida A& M University, and Texas
Southern University.



Malefirst names

Femalefirst names

Last names

Universities

Supplemental Table 1. Descriptive statistics of ratings from 101 Black raters from Turkprime of different names and
institutions on perceived blackness and whiteness from 101 Black raters recruited through Turkprime. The names

DeAndre

Jamal

Jalen

Terrance

Darryl

Reginald

James

Michael

Chris

Kevin

Ebony

Jamila

Amani

Desiree

Jada

Renee

Jasmine

Lala

Crystal

Amanda

Brown

Jackson

Johnson

Harris

Jones

Robinson

Williams

Davis

Washington

Coleman

Thomas

Banks

Dixon

Howard University
University of lllinoisat Chicago
University of Houston
University of Maryland
Florida A&M

Texas Southern University
North CarolinaA&T University
Hampton University
Florida International
UCLA

Harvard University

Black perception

M
6.46
6.46
5.98
6.10
5.94
4.54
5.32
5.45
5.54
4.81
6.11
6.06
5.85
6.06
6.03
5.56
5.76
4.64
4.75
3.34
6.03
6.08
5.95
5.60
5.78
5.63
5.99
5.40
5.32
4.80
4.67

4.35
5.74
544
5.26
525
517
5.06
5.01
4.74
4.72
4.30
3.75

SD
0.95
0.85
127
114
143
2.10
1.36
1.45
1.32
1.82
141
1.09
1.25
1.16
1.07
1.40
134
1.76
1.66
1.76
114
1.19
131
1.43
1.49
1.55
1.27
1.56
1.73
1.70
1.73

184
1.59
1.59
1.40
1.56
1.59
161
1.63
181
1.58
177
172

White per ception

M
1.88
2.01
2.37
3.20
3.16
3.98
5.40
579
593
5.95
191
2.25
249
3.00
3.01
3.84
4.52
4.15
481
6.23
3.55
3.92
4.50
4.21
441
431
4.69
4.55
451
4.47
4.88
4.14

SD
154
151
171
1.99
2.08
2.20
172
1.46
1.35
1.34
1.52
1.60
1.76
1.85
1.85
201
1.90
1.99
1.90
1.42
1.87
1.98
1.97
1.81
1.85
1.89
1.82
1.83
1.97
1.93
1.70
1.89

Difference
M
457
4.45
3.61
2.90
2.78
0.56

-0.08
-0.35
-0.39
-1.14

4.20
3.81
3.37
3.06
3.02
1.72
1.24
0.50

-0.06
-2.89

248
2.16
1.46
1.40
1.38
1.33
1.30
0.84
0.80
0.34

-0.21

and ingtitutions that we selected for the “No group differences — Black expert” condition are bolded.

Null effects and the adaptive design. We conducted a 1000-run simulation study to

SD
221
2.09
243
249
2.95
3.68
2.02
184
1.59
2.26
245
2.18
248
249
2.28
281
243
3.08
2.87
2.24
2.36
2.50
261
2.57
248
261
217
2.69
2.95
2.85
2.56

assess the performance of the adaptive design when all comparisons between the threat-
increasing and threat-reducing conditions yield null effects (d = 0). We simulated 1000

experiments using the adaptive algorithm, and 1000 experiments using a fixed design allotting

equal numbers of participants to each condition. In each simulated experiment, the mean

differencein all comparisons between threat-increasing and threat-reducing conditions was equal
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to O (i.e., no effect). Specifically, datain each condition were generated from a normal
distribution with « = 100 and ¢ = 10. In both the fixed and adaptive-designed simulations, data
were generated with an initial block of N = 180, with 30 assigned to each condition, and then
subsequently in blocks of N = 6, up to atotal of N = 2004 observations.

All conditions have no effect (d =0)

Average Best for Hy Best for Ha

0.0
L . Design

§ Adaptive
e — Fixed

-1.04

0 500 1000 1500 2000 O 500 1000 1500 2000 O 500 1000 1500 2000
N

Supplemental Figure 1. Results from a 1,000-run simulation study in which all six conditions have the same group
mean. N refers to the number of participants recruited at a particular point in the design. Lines represent the
evidenceratio, across all six conditions, that either most favors the null (i.e., that is most correct), most favors the
alternative (i.e., that is most incorrect), or the average across the six conditions. Envelopes represent the 25% and
75% quantiles. The adaptive design performs no worse than the fixed at accumulating evidence in favor of the null,
and even provides some dlight protection from providing (false) evidence in favor of the alternative.

As shown in Supplemental Figure 1, the adaptive design (correctly) accumulated
evidencein favor of the null at arate that was no worse than the fixed design. The design even
provides a sight advantage over the fixed in that comparison that provides the most decisive
evidencein favor of the alternative (and thus that draws an incorrect conclusion) tends to favor
the alternative less strongly than in the fixed design. This may be because the adaptive algorithm
detects the possibility of athreat effect in this comparison and thus preferentially allocates
participants there. This speeds up the rate at which the algorithm correctly adjusts the evidence
ratio back toward favoring the null. In a sense, the algorithm performs asmall “replication
study” to see whether the past evidence that favors the alternative holds up when new
participants are allocated to that condition.

We investigated this latter error-preventing feature of the adaptive design further by
tracking the number of times a comparison yielded logio(BF ) > 0.5, as well as the number of
times the frequentist version of our test yielded p < 0.05. Dividing these values by the number of
comparisons (i.e., dividing by nine) yields the Bayesian and frequentist false positive rates,
respectively. For example, if at agiven point in asimulated experiment the |og10(BF) for one of
the nine comparisons was greater than 0.5, while the other eight were all less than 0.5, then the
Bayesian false-positive rate would be 1/9. Taking the average of the false positive rates across
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simulated experiments yields the overall false positive rates for the entire batch of simulations.
For instance, the overall Bayesian false-positive rate at N = 180 is the average across simulated
experiments of the Bayesian false-positive rates at N = 180.

False positive rates
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Supplemental Figure 2. Results from a 1,000-run simulation study in which all six conditions have the same group
mean. N refersto the number of participants recruited at a particular point in the design. At each stagein agiven run
of the simulation study, we selected the comparison that most favored the aternative hypothesis; lines represent
either the rate of Bayesian false-positives for that comparison (moderate evidence in favor of the alternative, or
logio(BF) > .5) or the rate of frequentist fal se-positives for that comparison (p < .05 in atest of the hypothesis that
the comparison is 0).

As shown in Supplemental Figure 2, the adaptive design provides an advantage over the
fixed design in protecting against false positives. Overall false positive rates in the fixed and
adaptive designs are identical at N = 180, the lowest value on the x-axis, because both designs
assign participants evenly across conditionsin the initial block. However, both the Bayesian and
frequentist false-positive rates are lower under the adaptive design than under fixed design after
every subsequent block. In both cases, the rates under the adaptive design are about half that
under the fixed design.

In the Bayesian case, shown in the left panel, the rates are very low under both the fixed
adaptive and fixed designs. Both remain near or below .01 over the course of an experiment, so
the absolute magnitude of the difference between the two designsis small. For instance, at N =
2004, the average false positive rates were .0049 and .0027 under the fixed and adaptive designs,
respectively. Thisindicates that the Bayesian analysisis virtually immune to false positive
conclusions, regardless of the statistical framework.

In the frequentist case, shown in the right panel, the fal se-positive rate under afixed
design hovers around the nominal rate of .05. However, the positive rate under the adaptive
design starts at .05 after the initial block and then drops quickly before appearing to asymptote
around .025. Speculatively, this may have occurred because when, due to random fluctuations, a
particular comparison shows some signs of being non-zero, the adaptive design preferentially
allocates future cohorts of participants to that comparison. The greater numbers of participants
allocated to that condition lets the comparison regress to the true mean of zero faster than would
happen under afixed design.
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The adaptive design’s sensitivity to priors. We conducted computer simulations to assess
the sengitivity of the analysisto the scale parameter of the prior for the JZS Bayes factor. We
simulated experiments under three different scenarios regarding the underlying means of the six
conditions. In the “no effect” scenario, the means were identical in all six conditions. In the
“small” scenario, the mean in one threat condition was 0.2 standard deviations |lower than the
means in the other conditions, which were identical to each other (¢ = 0.2). Inthe “medium”
scenario, one condition produced a medium effect (d = 0.4). Within these scenarios, we
simulated experiments with three different scale parameters for the prior v (r =1, »=0.5,and » =
0.2). For each combination of scale parameter and effect size, we simulated 1000 experiments
using the adaptive algorithm, and 1000 experiments using a fixed design allotting equal numbers
of participants to each condition. In both the fixed and adaptive-designed simulations, data were
generated with an initial block of N = 180, with 30 assigned to each condition, and then
subsequently in blocks of N = 6, up to atotal of N = 2004 observations. For each ssmulated
experiment with each combination of scale parameter and true effect size, we record the
maximum logio(BF) value (i.e., the strongest evidence in favor of an effect) at the halfway point
of the experiment (V = 1002) and at the conclusion of the experiment (N = 2004).

True effect size
Sample size Scale parameter 0.0 0.2 0.4
1002 0.2 0.02 0.88 5.55
0.5 -0.24 0.81 6.01
1.0 -0.50 0.55 6.15
2004 0.2 -0.07 242 13.46
0.5 -0.38 241 14.15
1.0 -0.65 2.22 14.28

Supplemental Table 2. Average 10g;0(BF) values at different true effect sizes, scale parameters, and sample sizes.

As shown in Supplemental Table 2, the scale parameter has little to no effect on the
maximum logio(BF) value in the scenarios where thereisasmall (d = .2) and medium (d = .4)
effect. In all cases, the experiment produces extreme evidence in favor of the (true) alternative
hypothesis (Iogio(BF) > 2.0) by the conclusion of the experiment. In the scenario with a small
effect, at the halfway point in the experiment, using =1.0 results in a somewhat smaller
logio(BF) value than using »=0.5 or 0.2, but all resultsin this column are in the category of
“Moderate evidence in favor of the null hypothesis™ (0.5 < logio(BF) < 1.0).

The scale parameter seems to have largest effect on the maximum log;o(BF) value when
thereis no true effect. In that scenario, only »=1.0 results in a maximum logio(BF) value less than
-0.5, on average. A maximum log;o(BF) value less than -0.5 means that there was at least
moderate evidence in favor of the null hypothesis (no effect) in all 9 comparisons. When the
maximum logio(BF) valueis not less than -0.5, it means that there was at |east one comparison
for which the experiment failed to produce at least moderate evidence in favor of the null
hypothesis.
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To assess the effect of the prior on the adaptive algorithm’s assignment of participants to
conditions, we also recorded the number of participants that had been assigned to the condition
where there was a true effect at the halfway point of each simulated experiment (V = 1002), and
again at the conclusion of each simulated experiment (N = 2004). For the scenario where there
was ho true effect, we recorded the number of participants that had been assigned to an
arbitrarily selected condition.

Trueeffect size

Sample size Scale parameter 0.0 0.2 0.4
1002 0.2 168 242 373

05 167 253 386

1.0 166 254 391

2004 0.2 335 636 873

05 333 650 885

1.0 331 656 891

Supplemental Table 3. Average number of participants assigned to the condition with the target effect at different
true effect sizes, scale parameters, and sample sizes.

As shown in Supplemental Table 3, the algorithm distributes participants approximately
one-out-of-six participants to each condition, regardless of the scale parameter. In the scenarios
with asmall or medium effect, the algorithm preferentially assigns participants to the condition
with the effect. The values are very similar within each column, suggesting that the scale
parameter has minimal influence on the degree to which participants are preferentially assigned
to conditions.

Feasibility. We examined the feasibility of our proposal in two ways. First, we surveyed
all our collaborating labs with IRB approval asto the number of Black participants they could
expect to recruit if financial considerations were not a constraint. We aso asked the amount of
money they would need to meet this recruitment goal and compared the sum of these financial
resources to our project budget.

The sum of these participants as of September, 2020, along with the characteristics of the
sites that plan to recruit these participants, is shown in Supplemental Table 4. We estimate that
our sites could recruit 2,700 participants. This recruitment goal exceeds what is needed
according to our adaptive design simulations and is within our project budget.
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Sites Expected participants
N % N %

Institution Public 15 56% 2,080 77%

Private 12 44% 620 23%
% Black students 0% - 5% 8 30% 490 18%

5% - 10% 8 30% 620 23%

>10% 11 41% 1,590 59%
US region East 8 30% 440 16%

Midwest 9 33% 1,000 37%

West 3 11% 200 7%

South 7 26% 1,040 39%
Total 27 2,700

Supplemental Table 4. Characteristics of the 27 siteswith IRB approval that are involved in this study as of
September, 2020. According to our estimates, the sites should be able to recruit 2,700 Black participants.

Second, we implemented the adaptive design in the formr online survey platform * and
conducted an extensive series of tests to ensure that our implementation worked as expected.
This testing verified whether three goals were possible using formr: that we could use previously
collected data to inform successive waves of data collection, that we could accurately and rapidly
compute the Bayes Factors necessary to update the condition assignment probabilities, and that
the previous two steps could be combined, as required by our adaptive algorithm. Our testing
revealed that all three goals could be achieved in formr, even during live testing.



