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Highlights
Implicit bias has typically been under-
stood as an individual attitude. We chal-
lenge this assumption by showing that
implicit bias is neither a stable individual
difference nor a robust predictor of indi-
vidual behavior. Instead, we argue that
implicit bias reflects the mind’s ongoing
predictions based on regularities in the
environment.

This context-based view of implicit bias
suggests that the average level of bias
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Implicit bias refers to automatically evoked mental associations about social
groups. The idea has been influential across the social sciences as a way to
explain persistent racial disparities amid changing self-report attitudes. Most
research has treated implicit bias as an individual attitude. However, evidence
suggests that it is neither a stable individual difference nor a strong correlate of
individual behavior. Moreover, the individual-focused approach can lead re-
searchers to neglect systemic racism as a cause of persistent disparities. We
argue that implicit bias can be considered a cognitive reflection of systemic
racism in the environment. In this view, implicit bias is an ongoing set of associa-
tions based on inequalities and stereotypes in the environment. As such, implicit
bias changes when contexts change.
in an environment, such as a workplace,
city, or country, is diagnostic of the sys-
temic racism in that environment.

Implicit bias may serve as a marker of –
and a driver of – systemic inequalities.

Although efforts to reduce implicit bias
may be effective in the short term, longer
term change is more likely to come from
directly changing systems, policies, and
processes that sustain inequalities.
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Persistent disparities amid changing attitudes
Protests against racism, sparked in part by the killing of George Floyd by Minneapolis police, may
be the largest social movement in US history. As of this writing, tens of millions have participated
[1]. This massive movement has increased recognition of systemic racism, long limited to mostly
academic discourse. With the wider use of this concept, more people are realizing that discrim-
ination does not result only from prejudiced individuals, but also from structures or procedures
that systematically disadvantage marginalized groups. In this paper we argue that implicit racial
bias, long considered an individual attitude, may be a better indicator of systemic racism than
individual prejudice.

Scholarship focusing on individual prejudice has generally supported a narrative of progress.
Survey data suggest that racial attitudes have gradually trended more egalitarian for decades.
For example, between 1990 and 2017 the percentage of White respondents saying that Black
people work less hard than White people declined from 65% to 31%, and the proportion saying
that White people are more intelligent than Black people declined from 56% to 20% [2]. Many
people still endorse these stereotypes, but the trend is often interpreted as progress.

Scholarship on systemic racism supports a less optimistic view. Segregation in housing and
education declined in the 1960s and 1970s, but have remained stable since then [3]. Large racial
gaps in chronic diseases and life expectancy have remained steady since at least the 1980s [4].
Disparities in income and wealth have grown since 1979 (https://files.epi.org/pdf/101972.pdf).

Understanding the persistence of systemic racism in the context of changing individual attitudes
has set the agenda for a great deal of research across the social sciences. One of the most im-
portant contributions from psychological science is the concept of implicit bias. Implicit bias refers
to positive or negative mental associations cued spontaneously by social groups. It is measured
using cognitive tasks that test how those associations facilitate, interfere with, or otherwise bias
task performance [5,6]. Many studies suggest that implicit bias is widespread, even among
people who explicitly endorse egalitarian attitudes [7,8]. Psychologists have often looked to im-
plicit bias to explain persistent discrimination and disparities in the face of declining explicit
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prejudice. Although it has often been treated as an individual attitude, we argue that implicit bias
can best be seen as a cognitive reflection of systemic racism in the environment. In this opinion
article, we argue that implicit bias is a byproduct of a mind that draws inferences based on
statistical regularities, when that mind is immersed in an environment of systemic racism.

Implicit bias as an individual attitude
Much early research treated implicit bias as an individual attitude internalized through early social
learning [9–12]. Once learned, implicit bias in this view is considered difficult to change. For exam-
ple, when interventions fail to show lasting changes in implicit bias, those failures are often
interpreted as evidence for the tenacity of individual attitudes [13,14]. According to the individual
attitude perspective, individual differences in implicit bias are important because individuals who
have high bias are more likely to discriminate than those with low bias [15]. Reducing discrimina-
tion thus requires understanding who has high levels of implicit bias, and how their attitudes can
be changed [16]. In summary, the individual view assumes that implicit biases are stable attitudes
that differ from one person to another, and these individual differences are associated with biased
behavior.

The individual attitude view has been questioned because accumulating evidence suggests that it
is neither strongly associated with individual behavior nor stable over time. Meta-analytic summa-
ries of associations with behavior range from r = 0.24 [17] to r = 0.14 [18] for the Implicit Association
Test (IAT) and to r = 0.28 for sequential priming measures [19]. A correlation of 0.28 implies that
only 8% of variance in behavior measures can be explained by implicit test scores. Some
researchers suggest that small correlations in this range are typical for behavioral sciences, and
can be important even if numerically small [15,20]. However, even if an individual difference is
weakly related to behavior, most researchers agree it should be stable over time.

Test–retest stability for implicit bias is quite low. In a meta-analysis, the average test–retest stability
for the IAT was r = 0.42 [21]. Temporal stability appears to be similar for the Affect Misattribution
Procedure [21,22]. Both tests showmuch higher internal consistency, which suggests that implicit
biases can be reliably measured at a given moment, but they are unstable over time [19,21].
Although there are no objective standards for how reliable is reliable enough, researchers often
consider a test–retest correlation of 0.70 or higher to be acceptable as a rule of thumb [23]. A
test–retest correlation of 0.42 suggests that only 18% of the variance in test scores can be
explained by the same participants’ previous scores.

However, reliability and validity look dramatically different when examining average levels of im-
plicit bias rather than individual differences. The test–retest correlation for state-level IAT scores
is r = 0.76 from one year to the next, and r = 0.69 across a decade [24]. Average levels of implicit
bias are also strongly correlated with racial disparities in consequential outcomes. For example,
countries with stronger average associations between males and science had greater gender-
based achievement gaps in eighth grade science (β = 0.55) and math scores (β = 0.67) [25].
Metropolitan regions in the USA with higher levels of implicit race bias have greater racial
disparities in police shootings, β = 0.39 [26]. County-level implicit bias is associated with health
disparities [27,28]. State-level implicit bias is strongly associated with the frequency of internet
searches for racial slurs, r = 0.78 [29]. This type of evidence led us to shift from thinking about
implicit bias as a feature of individuals to thinking about it as a feature of contexts.

The Bias of Crowds
The Bias of Crowds model [24] reconceptualizes implicit bias in terms of contexts and systems.
Most theories agree that implicit bias reflects the accessibility of mental associations [30].
928 Trends in Cognitive Sciences, November 2021, Vol. 25, No. 11

CellPress logo


Trends in Cognitive Sciences
Concept accessibility refers to the readiness with which information (including attitudes and ste-
reotypes) can be retrieved and used in cognitive processing [31,32]. Like other theories, the
model assumes that when we use one concept, other related concepts and information become
more likely to be accessed for use and that this process happens spontaneously and involuntarily.
The accessibility of thoughts and evaluations associated with social categories such as Black,
White, male, or female is what implicit tests measure.

The accessibility of information in memory tracks statistical regularities in the environment [33].
The frequency with which a word occurs in the language, for example, determines how easily re-
trieved that word is. The frequency with which two words co-occur determines how likely one as-
sociate is to come to mind when the other is presented. That is why Mississippi cues river more
than rifle, and why, when it comes to stereotypes in US culture, Islamic cues terrorismmore than
terrarium.

To be clear, the idea that concept accessibility tracks statistical regularities does not imply
that stereotypes are accurate or that prejudices are based in reality. Most White
Americans’ experience with Black Americans is largely indirect, through media that are
themselves riddled with stereotypic biases [34,35]. The ‘rubbish in, rubbish out’ principle
applies: a cognitive system that forms associations based on statistical regularities will be
systematically biased, so long as it operates in an environment that is characterized by
pre-existing stereotypes and inequalities [36].

It is uncontroversial that accessibility can vary both chronically [37] and situationally [38]. For ex-
ample, one person may have a link between the category of Black Americans and a negative ste-
reotype that is more chronically accessible than that same link is for another person. This notion of
a chronically accessible link maps onto what most theorists mean by implicit attitudes: relatively
stable dispositions based on learned associations.

Accessibility can also vary temporarily, as a function of the context. Two decades of experiments
demonstrate that average levels of implicit bias are malleable in response to manipulations of the
situation. For example, average racial bias scores can be reduced by activating counter-
stereotypical associations, interacting with an African American experimenter, reading a
counter-stereotypical story, or thinking about positive exemplars like Martin Luther King Jr or
Denzel Washington [39,40]. Scores can be increased by reading a story, listening to music, or
thinking about examples that confirm racial stereotypes [41,42] (for reviews see [43,44]).

More recent studies suggest that implicit evaluations can be eliminated or even reversed based
on changes of context. For example, taking the perspective of a defense attorney led to more
positive (or at least less negative) implicit evaluations of Adolf Hitler [45–47]. Other studies suggest
that implicit evaluations can be reversed by leading participants to reinterpret information about a
person [48]. These studies suggest that changing what information is situationally available can
alter implicit bias scores.

These demonstrations of situation-based malleability are well-established, but researchers dis-
agree about what they mean for the nature of implicit bias. Some researchers interpret context
effects as changing only test performance, but not affecting ‘true’ implicit bias, understood as
an individual attitude [49]. Others argue that implicit bias is a stable trait-like construct, and that
context effects or temporal fluctuations reflect only measurement error [50,51]. We argue, by
contrast, that effects of the context on aggregated scores are interesting and important for under-
standing the nature of implicit bias itself.
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How do unstable individual scores add up to stable and valid measures of the social context?
Research on ‘the wisdom of crowds’ finds that, for many kinds of questions, the collective judg-
ment of a group tends to be closer to the true answer than any one individual’s answer [52,53].
Crowds are ‘wise’ because each individual is likely to have partial true knowledge as well as errors
that are largely random. When independent judgments are averaged, the random variations are
aggregated away, leaving the true knowledge to emerge as the central tendency of the distribu-
tion. In the same way, the statistical benefits of aggregation allow average implicit bias scores to
produce an accurate estimate of the most widely shared implicit biases in that context.

Contexts that cue biases are partially overlapping (Figure 1). For example, one’s work and social
environment may partially overlap, because people often socialize with co-workers. Both likely fall
mostly within the city, state, and country in which one lives. Each context has a theoretical distri-
bution of implicit bias. Implicit test scores in a sample of participants can therefore potentially
measure implicit bias at multiple levels at once. When aggregated, average bias scores will reflect
the accessible knowledge that is shared in common across that context. Averaging across cities,
for example, will estimate the most widely accessible biases in each city, whereas averaging
across universities will estimate the most widely accessible biases in each university. Contexts
can also be virtual, such as social media networks or mass media markets. For this reason,
aggregated implicit bias scores can be considered a measure of systemic racism, defined at
any given level of the ‘system’.

The Bias of Crowds model is consistent with other frameworks that emphasize the role of con-
text. Research on bias as a regional construct [54] has treated cities, counties, or states, as the
units of analysis. By establishing the construct validity of implicit and explicit biases at these re-
gional levels, this research focuses on regions rather than individuals. It makes no claims, how-
ever, about psychological differences between person and regional level measures. The
TrendsTrends inin CognitiveCognitive SciencesSciences

Figure 1. Hypothetical distributions of implicit bias in social contexts. Social contexts are partially overlapping. Each
has a distribution of implicit bias. Aggregating implicit bias scores across a given context can estimate the implicit biases
shared most widely within that context, even if the biases of individuals in the context change over time.
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Prejudice in Places model [55,56] also highlights the role of contexts. It does not distinguish be-
tween implicit and explicit bias, but shares the emphasis on the role of social environments such
as norms, policies, and procedures, in creating advantages and disadvantages. From the Bias of
Crowds perspective, implicit bias operates differently than explicit bias because implicit bias is
less stable and trait-like, and hence more easily tracks changes in contexts. Nevertheless, all of
these frameworks redirect attention to systemic sources of bias and systemic solutions.

Nearly any measure can be examined as a function of both persons and contexts. However, the
effects of aggregating person variables to measure contexts has different effects, depending on
the properties of individual-level observations. For highly stable traits, properties of the aggregate
measure can be fully reduced to properties of the individuals. Aggregation has a different effect for
characteristics that are highly malleable, such as implicit bias. Stable aggregate bias is an emer-
gent property in that it cannot be reduced to stable individual scores. A city might have the same
mean year after year, although the rank orders of the individuals composing that mean vary dra-
matically from one day to the next. The stability that emerges from aggregating implicit bias
scores resembles the constant surface tension of a balloon, produced by billions of randomly
moving air molecules.

This emergent stability is interesting because the mean level of implicit bias in a context can reveal
information about the context that may not be reflected in any individual’s stable attitude. Consider
the way that ‘the wave’ moves through a crowded sports stadium. The wave travels through the
crowd with a stable velocity of about 20 seats per second [57]. Once the wave has begun in
one section, we can accurately predict when a given section of fans will stand up. Although the
wave is composed of individuals, it does not matter much which individuals make up the crowd.
The Bias of Crowds model suggests that implicit bias, like the wave, is a social phenomenon
that passes through individuals rather than only residing inside them. Importantly, this implies
that one could largely exchange individuals, but the average of the crowd would remain the same.

Although many authors (including ourselves) acknowledge that implicit bias scores are influenced
by both person and context factors [58,59], the Bias of Crowds takes a further step that other
perspectives have not. We argue that to the extent that contexts lead to reliably different aggre-
gate scores, the best interpretation of those aggregate scores is about features of those contexts.
When a sample of people displays bias on an implicit test, themost apt conclusion is not that they
are biased people, but that they are in a biased context. This interpretation raises questions about
what in the context cues biases, as opposed to what kind of person holds biases. Once implicit
bias is reconceptualized as a property of contexts, it changes both the ways that implicit bias is
measured, and the nature of the psychological phenomenon we are trying to explain, as we
elaborate next.

Implications for measurement
A practical implication of the model is that implicit bias can be measured more reliably by
aggregating scores. We argue that this is an advantage that researchers should utilize whenever
possible. It is good science to measure at the level where one can measure reliably.

One critique of the Bias of Crowds argues that the low stability and small associations with behavior
result only from error variance in the measurement of stable individual attitudes [60]. However, it
would be amistake to equate situational malleability with measurement error, because that mallea-
bility reflects, in part, meaningful variation across contexts. Error variance refers to variance that is
unrelated to the construct of interest. How researchers define error variance therefore depends on
the researchers’ interests.
Trends in Cognitive Sciences, November 2021, Vol. 25, No. 11 931
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From a person-focused perspective, changes across time and contexts are error variance. How-
ever, from a context-focused view they are the true score of interest (for a detailed discussion see
[61]). Separating these sources of variance requires longitudinal and/or multi-level study designs
that have rarely been used in studying implicit bias. Such designs can separate true score and
error variance at the levels of persons, contexts, time, and so on.

Implications for the psychology of implicit bias
The person versus situation debate is common across many topics in psychology. However, the
substantive psychological meaning of person and situation factors varies depending on whether
the topic is altruism, emotion, obedience, implicit bias, and so on. Person-based theories of im-
plicit bias have focused on explaining attitudes as a function of learning histories [12].

We do not dispute that person effects (chronic accessibility) exist, but we argue that situational
accessibility effects have a distinct psychological meaning. Situational accessibility effects high-
light the transient activation of concepts. Cognitively, this is more akin to semantic priming rather
than attitudes or beliefs. Analyzing implicit bias as a priming effect rather than a static attitude
leads to different questions and different explanations. The person-based view leads to explana-
tions of implicit bas in terms of childhood experiences [62] and the qualities that differentiate one
person from another [50]. The situationist view prompts entirely different explanations that do not
involve childhood experiences, early learning, or slow-learning memory systems. Instead, expla-
nations are about what environmental cues activate bias, how cognitive systems form real-time
inferences based on regularities in the environment, and how momentarily accessible concepts
influence behavior.

Aggregating scores at the college campus level, for example, affords questions such as what
features of the faculty, the student body, or the built campus environment might contribute to
different levels of bias [63]? Aggregating at the state or country level afford still other questions.
These questions are not only different, but often the questions asked at one level would not
make sense at another level (Box 1). The individual-level questions outlined in Box 1 have been
studied extensively. The context-level questions are only beginning to be addressed.

Implications for systemic racism and systemic change
Efforts to reduce implicit bias have often focused on the individual. Guided by the individual
attitude model, implicit bias training tries to change attitudes by education or persuasion. The
context-centered view of implicit bias suggests that changing contexts will be more effective
[56,64].
Box 1. Questions afforded by person-level and context-level analyses

Person-level questions:

• How do people learn implicit biases? Why do some people form strong biases while others do not?
• How, why, and under what conditions do implicit attitudes predict individual behavior?
• How can implicit attitudes be changed? What persuasion, education, or training techniques are effective at changing

attitudes?

Context-level questions:

• What are the root causes of implicit biases? What historical forces, policy choices, or cultural features make some
contexts more biased than others?

• What proximal cues or signals make implicit biases more accessible in some places than others?
• How can institutions or organizations be designed to reduce implicit biases?What policies or procedures are important

for making a place less biased?
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Many strategies apply to organizations or institutions. For example, one way to change an orga-
nizational context is to change local norms, such as workplace expectations that communicate
that discriminatory behavior or prejudiced comments are unacceptable. A second way to change
contexts is to increase visible representation of minority employees, especially in positions of
power. One study, for example, found that universities with more racially diverse faculties
displayed lower implicit race bias among the undergraduates [63]. A third way is to revise policies
and procedures, such as hiring, employee evaluation, and reward policies that may disadvantage
some groups, even if unintentionally. Training efforts should focus not on changing individuals’
attitudes, but on learning how policies and procedures can decrease bias.

Other strategies for systemic change involve large scale political policies. The research reviewed
above suggests that changing social norms are important for changing both implicit bias and be-
havior [65,66]. Much of the intense debate over ‘political correctness’, ‘wokeness’, and ‘cancel
culture’ are about changing norms and reactions against those changes. Recent protests are
another attempt to focus public attention on racial injustice and to motivate change. Policies
that reduce inequalities directly, such as legalizing same-sex marriage, are another potent
approach. Likewise, policies that directly increase racial equality and participation, such as voting
rights legislation and affirmative action policies, are likely to have more impact than changing
attitudes.

Novel predictions from the Bias of Crowds model
The Bias of Crowds model generates novel predictions about the nature of implicit bias in
particular (see Outstanding questions). One novel prediction is that regional differences in implicit
bias are caused by features of the context, rather than resulting simply from the clustering of
people with similar attitudes. As a result, aggregate levels of implicit bias should be relatively
robust to changes in the individuals composing the crowd. For example, the model suggests
that city-level implicit bias should have similar stability and predictive validity in cities with high
or low rates of population mobility.

A second novel prediction is that the well-documented temporal instability in implicit biasmeasures
does not simply reflect measurement error. Instead, temporal fluctuations reflect meaningful
changes as implicit bias passes through individual minds. Thus, for an individual, implicit bias
may be more like the stream of thought than a rigid attitude.

A third prediction is that aggregating multiple tests per person should result in relatively little
improvement in measurement validity. If temporal instability reflected only measurement error,
then aggregating more observations per person should greatly improve predictive validity by
creating a better measure of the stable attitude. However, to the extent that implicit bias is itself
changeable rather than stable, aggregating more measures per person should have modest
effects.

A fourth novel prediction is that implicit bias should not always be rigid (as was assumed in early
learning theories) nor should it always be fleeting. Instead, aggregate implicit bias should change
at the rate that the social environment changes. Social environments can exist at multiple levels of
analysis, which may change at different rates. As we discuss next, recent evidence suggests that
when the context changes, aggregate implicit bias changes as well.

In some cases, context change is excruciatingly slow. Laws, institutions, norms, and cultural and
historical forces can create patterns of disadvantage that last for generations. Examining an im-
plication of the Bias of Crowds model, one study [67] investigated the long-term legacy of slavery
Trends in Cognitive Sciences, November 2021, Vol. 25, No. 11 933
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Outstanding questions
What features in the environment cue
implicit bias? Research has identified
a range of environmental features
associated with bias. The relative
importance of various features at
different levels of analysis, from
workplaces to cities to nations,
remains to be clarified.

Is implicit bias a summary of the past,
or a prediction of the future? Theories
that emphasize evaluative learning
assume that implicit bias reflects that
learning history. Predictive coding
theories suggest that expectations
about groups in the immediate future
should drive implicit bias. All else
being equal, past experience is a
good predictor of future experience.
However, experiments that dissociate
past experience and predictions of
the future can disentangle these
possibilities.

When people change contexts, do their
implicit biases change with them? Most
of the research on real-world contexts
has relied on correlational data, in
which people inhabit different contexts.
Laboratory experiments show that
changing contexts can shift implicit
bias. However, we know little about
how implicit biases among the same
population of people change as they
shift from one context to another.

To what extent does implicit bias
function as a marker of systemic
inequalities, and to what extent does
it function as a cause? These options
are not mutually exclusive, as they
may operate in self-reinforcing cycles.
Future research should seek to exam-
ine these potential mutual influences.

Research suggests that implicit bias
can be changed temporarily. Can
shifting the temporary accessibility of
on modern-day implicit bias. The study found that both counties (r = 0.37) and states (r = 0.63)
with larger enslaved populations in the 1860 census have higher levels of pro-White implicit
bias today among White residents. These associations were partially mediated by measures of
modern structural inequalities, including residential segregation and racial disparities in economic
mobility. Whereas individual levels of bias are unstable over 2 weeks, this study was able to detect
the residue of slavery in implicit bias after 160 years. This persistence is difficult to explain if implicit
bias is viewed as an individual attitude, but it can be naturally explained by viewing implicit bias as
a reflection of biases in social contexts, which are shaped and maintained by structural forces.

In some cases, change comes gradually. A study of IAT scores in the US between 2007 and 2016
found that implicit bias regarding race and sexual orientation have become more egalitarian over
time [68]. However, biases regarding age and disability remained stable, while biases regarding
body weight became stronger. According to the contextual view, these changes likely reflect
gradual cultural changes, which may affect whoever experiences that culture. One source of con-
textual change is ethnic and racial diversity. One study found that metropolitan areas with greater
multi-ethnic diversity displayed lower implicit associations linking Black Americans and weapons
[69]. Moreover, metros where diversity increased the most over time exhibited reductions in
implicit biases [70,71].

Sometimes, contexts change quickly. One study found that implicit anti-gay bias declined more
quickly in states after they legalized same-sex marriage [72]. Another study found that average
anti-fat implicit bias increased in the weeks following fat-shaming events in mass media [73].
These findings suggest that widely shared experiences can shift aggregate implicit biases rapidly.

Concluding remarks
As self-reported racial attitudes have trended gradually more egalitarian for decades, actual racial
disparities have hardly changed. The concept of implicit bias was developed to help explain that
gap, but most research has treated it as a static individual attitude. Reconceptualizing implicit bias
as a cognitive reflection of systemic bias helps move this research forward. Applying this new ap-
proach to understand implicit bias raises new questions such as: What features in the environ-
ment cue biases? What social structures perpetuate biases over time? How can environments
be designed to reduce bias? Answering these questions requires a conceptual shift away from
thinking of implicit bias as primarily a rigid attitude. It may be more generative to think of implicit
bias as the natural outcome of amind that generates associations based on statistical regularities,
whenever that mind is immersed in an environment of systemic racism.
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