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I propose and test a novel mechanism through which discrimination persists: the misperception of
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iment, I find that subjects who experience discrimination from an ambiguous origin overestimate
the probability that this inequality is caused by taste-based discriminators. This misattribution is
associated with a higher probability that application strategies sustain statistical discrimination: a
1 percentage point increase in believed probability that discrimination is taste-based corresponds
to a 0.35 (0.24) percentage point decrease (increase) in the probability that a subject in the dis-
criminated (favoured) group applies to a job, perpetuating statistical discrimination. Moreover, the
more likely subjects perceive the employer to be a taste-based discriminator, the more unfair they
perceive the labour market and the lower their demand for a temporary affirmative action policy
aimed at re-coordinating toward a less discriminatory outcome. This demonstrates that the misat-
tribution of the source of discrimination can both directly and indirectly contribute to sustained
discrimination and inequality.
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1 Introduction
Minorities continue to be under-represented across the labour market and discrimination has often
been identified as a behaviour which contributes to this (Bertrand and Duflo, 2017). In studying
this phenomenon, researchers have distinguished between two sources of unequal treatment: taste-
based discrimination (the animus towards another group potentially manifested through a psycho-
logical cost of intergroup interactions (Becker, 1957)), and statistical discrimination (the inference
of characteristics of an individual using group level beliefs (Phelps, 1972; Arrow, 1974)).1 Pre-
vious research on the dynamics and stability of discrimination has focused on understanding the
underlying source and the trajectory of each over time (Pager, 2003; Eberhardt et al., 2004; Goldin,
2014; Bertrand and Mullainathan, 2004; Blau and Kahn, 2017; Bohren et al., 2019, 2025). From
this endeavour, Bohren et al. (2019) argue that the source of discrimination is detrimental to the
longevity of unequal treatment: if two groups are ex-ante equivalent except for some uninforma-
tive identifying characteristic, then statistical discrimination, driven by information asymmetry,
should dissipate as information is generated over the career cycle. On the other hand, taste-based
discrimination may survive as long as preferences do. In this paper, I demonstrate theoretically
and experimentally that the persistence of discrimination relies on both the true underlying source
and how that source is perceived: that statistical discrimination may persist if it is incorrectly an-
ticipated to be taste-based discrimination.

The behavioural responses of workers to the anticipation of discrimination, particularly in hu-
man capital formation and labour supply decisions, have received much recent attention (Angeli
et al., 2023; Boring et al., 2025; Gagnon et al., 2025; Lepage et al., 2025; Ruebeck, 2024; Ugalde,
2022). Far from passive reactions, these adjustments shape lifetime earnings, career trajectories,
and social mobility for entire groups. Despite being rational responses to beliefs, the behaviours
can create a self-fulfilling dynamic: two ex-ante identical groups of agents who expect differential
treatment and respond by taking separating actions will appear ex-post different. This divergence
can force an information-constrained, profit-seeking principal to make group-based distinctions,
reinforcing the very beliefs that produced it (Arrow, 1974; Coate and Loury, 1993; Glover et al.,
2017; Dianat et al., 2022). Alternatively, expectations of equal treatment provide no incentive for
groups to take separating actions and so the unbiased principal treats agents independently of their
groups. These self-confirming equilibria reveal discrimination to be a result of a market coordina-
tion error which arises solely because it is believed to do so. This paper shows that misperceiving
this mechanism may lead to persistent discrimination.

I first derive a novel theoretical model which embeds the self-confirming discrimination con-
cept of Coate and Loury (1993) within the job search framework of Lucas (1978). Workers belong
to one of two groups and draw a productivity level from a common, group-independent distri-
bution. In each period, workers find an employer offering a fixed number of vacancies at an ex-
ogenous wage, and must choose between submitting a costly application or pursuing an outside
entrepreneurial option that yields a return equal to own productivity.2 Each applicant is eligible
for unemployment insurance if they are unsuccessful. An employer makes hiring decisions based
on the observable information of each candidate: their group identity and a noisy unbiased signal
of their productivity. Following Lucas (1978), best-response strategies take cut-off forms: workers
apply if and only if their productivity lies below some threshold and employers, anticipating this,

1Often one may decompose statistical discrimination according to how the necessary informational
frictions arise. Informational frictions may arise because the informativeness of signals is group-contingent
(Phelps, 1972) or because ex-ante identical groups coordinate on different strategies which lead to ex-post
differences that a potential discriminator may believe in to make evaluations (Arrow, 1974).

2The terminology of an entrepreneurial outside option is used to remain close to the setting of Lucas
(1978); one may interpret it more broadly, such as remaining in job search.
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hire applicants with signals at least as great as some critical value. I define discrimination as the
case in which the hiring thresholds differ according to groups.

When workers anticipate no discrimination, their perceived hiring probability is independent
of group identity, and applications and hiring strategies correspond to a non-discriminatory equi-
librium. When workers instead anticipate discrimination, the probability of a worker with some
productivity level being hired depends on their group identity and so separating application strate-
gies are adopted, generating self-confirming discrimination. In this equilibrium, the disadvantaged
group is disproportionately pushed into entrepreneurship and earns lower aggregate pay than the
favoured group. If workers correctly attribute this discrimination to its statistical origin, they would
recognise the underlying coordination failure attributing to the outcome: were all groups to coor-
dinate on identical application cut-offs, discrimination would vanish. Whether workers actually
reach this attribution, however, is an open empirical question.

I address this with a representative survey, detailed in Appendix A, which asks how individ-
uals perceive the prevalence of discriminatory attitudes in the population. The survey reveals that
although prejudicial preferences appear to have declined over the past century, respondents today
systematically overestimate the share of others who hold discriminatory attitudes toward minority
groups. This pattern suggests that individuals may overestimate the probability of encountering
a taste-based discriminator, or misattribute the source of realised discrimination to preferences
rather than statistics. Motivated by this evidence, I allow workers in the model to misperceive em-
ployers’ preferences and beliefs, leading them to misanticipate taste-based discrimination. Under
this misperception, workers expect discrimination to be inevitable regardless of their application
strategy: a non-discriminatory equilibrium is not perceived as attainable.

As the discriminatory equilibria under correct and incorrect attribution are observationally
equivalent, arriving at this outcome represents an identification challenge for the worker. Observ-
ing discrimination alone reveals nothing about its source; workers can only learn the true cause by
experimenting with different application strategies and observing the resulting hiring outcomes.
However, when workers misattribute discrimination to taste, the alternative non-discriminatory
equilibrium is perceived as unattainable, so this experimentation is undervalued. Since the equi-
librium is self-confirming, misattribution becomes a trap: discrimination persists, and workers do
not learn the true source.

I test the model’s predictions: that if individuals misattribute the source of discrimination
they are more likely to play application strategies that sustain statistical discrimination, using a
laboratory experiment. Sixteen participants, equally split between two artificial identities, formed
experimental societies to play a repeated job application game modelled on the theoretical setup
above. In each round, participants drew a productivity value and decided whether to apply for a job.
They were informed that, at the beginning of the experiment, one of two employer types would
be randomly chosen: profit-maximising statistical discriminator or a taste-based discriminator,
however were unaware of the pre-registered randomisation rule and that this rule resulted in all
societies facing the former type. After observing the identity of those hired in their society in the
current round, participants had to report their belief about the employer’s type.

I find that subjects who experience discrimination consistent with the preferences of the taste-
based discriminator overestimate the probability that the employer is a taste-based discriminator.
Those who observe at least two thirds of hiring decisions going to the favoured group believe that
there is a 57.0% probability that the employer is a taste-based discriminator, significantly above the
Bayesian benchmark of 50%. Crucially, at a given history of discriminatory hiring, a 1 percentage
point increase in the subjective probability that the employer is a taste-based discriminator lowers
the estimated probability that a candidate from the discriminated group applies to the job by 0.35
percentage points and increases that of the favoured group by 0.24 percentage points. This effect
is particularly pronounced among subjects with intermediate productivity values: those predicted
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to be on the margin of application. Therefore, the more likely subjects perceived the employer to
be a taste-based discriminator, the more separated predicted application strategies and the more
separated the average productivity of applicants from each group. Misattribution, in other words,
is associated with a higher probability that application strategies sustain discrimination.

Misattribution may also sustain discrimination indirectly through two supplementary chan-
nels. First, at a given level of inequality, the more likely a prejudiced individual perceives the
discrimination to come from taste, the more unfair they perceive the labour market. This raises the
possibility of backlash effects, whereby individuals withdraw their labour supply from markets in
which they perceive the playing field to be unjust (Charness and Levine, 2000; Offerman, 2002;
Abeler et al., 2010; Gagnon et al., 2025). Second, misattribution reduces demand for, and the per-
ceived efficacy of, temporary affirmative action (Coate and Loury, 1993). Such a policy would
help re-coordinate strategies toward the non-discriminatory equilibrium, generating long-lasting
equality gains even after the policy is lifted (Gupta, 2024). Yet the misperception of the true source
of discrimination draws a veil over this possibility, potentially leading to its suboptimal provision.

This paper contributes to the discourse on the emergence, persistence, and consequences of
discrimination by introducing the novel concept of discrimination misattribution, or the misan-
ticipation of its source. In doing so, I speak to a nascent but growing literature on the effects
of anticipated discrimination on labour supply decisions (Card et al., 2012; Bracha et al., 2015;
Glover et al., 2017; Breza et al., 2018; Flory et al., 2018; Leibbrandt and List, 2018; Samek, 2019;
Gagnon et al., 2025).3 Close to my paper are the recent experiments of Angeli et al. (2023); Rue-
beck (2024) and Boring et al. (2025) who find that beliefs of discrimination shape the composition
of the applicant pool. I add to this literature by theoretically and experimentally modelling how
labour demand responds to these supply-side distortions, closing the loop between anticipated
discrimination and its equilibrium consequences.

I also extend the theoretical and applied literature on self-confirming discrimination. In their
canonical model, Coate and Loury (1993) show that individuals from groups expecting discrimina-
tion underinvest in human capital formation because they correctly perceive lower returns to such
acquisition leading to equilibrium discrimination. Their multiple-equilibria framework demon-
strates how statistical discrimination can be understood as a coordination failure whenever a fea-
sible non-discriminatory equilibrium also exists. Subsequent extensions have incorporated inter-
group interactions (Moro and Norman, 2003), private and public sectors (Fang and Norman, 2006),
and employer investment in training (Craig and Fryer, 2017), while self-confirming discrimination
has been documented empirically both in the field (Glover et al., 2017) and in the laboratory (Di-
anat et al., 2022).4 I extend this framework further by embedding it within the job search domain
of Lucas (1978) and Poschke (2013), offering a novel explanation for observed application gaps
in the labour market and demonstrating potential equilibrium effects of such (Fluchtmann et al.,
2024).

I argue that one should be concerned not only with whether individuals anticipate discrimina-
tion, but also with which source of discrimination they anticipate. I show empirically that incorrect
beliefs of the source of discrimination lead to a stickier self-confirming equilibrium.5 In doing so,

3Other responses to beliefs of discrimination have been studied such as human capital investment
(Ugalde, 2022; Lepage et al., 2025), over-investment in productivity signals (Lang and Manove, 2011;
Agüero et al., 2023; Exley et al., 2024), and even paying to mask one’s identity (Charness et al., 2020; Al-
ston, 2025; Aksoy et al., 2023) or masquerading as another (Kudashvili and Lergetporer, 2022; Gerdeman,
2017).

4My work also builds on the results of Filippin (2009) who demonstrates how anticipating discrimination
that is never to arise can induce bad equilibria in an effort-provision and promotion setting. This represents
an inequality trap as the true share of discriminators declines. In contrast, discrimination in my model is
based on the Bayesian inference of an unobservable ability.

5There is much recent discourse on how discrimination may be sustained by irrational agents, however
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this paper relates to a large literature on behavioural biases of agents when observing sampling
from de�ned distributions. My results demonstrate that individuals do not account for the Bayesian
inference from truncated distributions speaking to the literatures on the so-called �at tail bias (Pe-
terson et al., 1968; Wheeler and Beach, 1968; Teigen, 1974; Benjamin et al., 2017), inattention
to true probability distributions (Zhang and Maloney, 2012; Steiner and Stewart, 2016), and be-
havioural attenuation to complexity (Frydman and Jin, 2022; Enke and Graeber, 2023; Enke et al.,
2024, 2025; Gabaix and Graeber, 2024).6 I show that individuals tend to take the path of least
mental resistance when updating their beliefs in response to uninformative signals, linking to the
literatures on misperceptions of others' strategies (Eyster and Rabin, 2005), representativeness
(Rabin and Vayanos, 2010; Gennaioli and Shleifer, 2010; Bordalo et al., 2016) and contingent
thinking (Martínez-Marquina et al., 2019). In particular, I relate closely to the work ofHaggag
et al.(2019); Enke(2020); Graeber(2023) andBarron et al.(2024) who demonstrate that misat-
tribution of the data-generating process can lead to suboptimal outcomes.

The paper continues in the following manner. Section2 outlines my theoretical model of self-
con�rming discrimination and demonstrates that misattribution of discrimination sustains discrim-
inatory equilibria. In section3, I detail a laboratory experiment in which I test the main hypotheses
derived from my theoretical model. I present the results of this experiment in section4, in which I
show that subjects systematically misattribute the source of discrimination and this has direct and
indirect consequences on the persistence of inequality. In section5, I discuss the results in light of
the literature and attest to policy implications regarding the re-coordination of the labour market.
I also discuss evidence that the underlying misperception driving misattribution may be linked to
the complexity in the attribution process. Finally, in section6, I conclude.

2 Theoretical model
The theoretical model demonstrates that the set of equilibria depends on the attribution of dis-
crimination source. When agents correctly identify the employer as a statistical discriminator,
multiple equilibria may exist: a non-discriminatory equilibrium is always available, and arriving
at a discriminatory outcome constitutes a coordination error that internal adjustment or external
policies such as a�rmative action can resolve. When the employer is misperceived as a taste-based
discriminator, the non-discriminatory equilibrium is not perceived as attainable. In this case, a dis-
criminatory outcome is perceived as an inevitability driven by the employer's preferences rather
than a correctable coordination failure.

mainly from the demand side of the market (seeOnuchic(2022) for a review). Employers may develop
biased priors due to overweighting group di�erences (Bordalo et al., 2016); through misinterpreting the
sampling procedure (Lepage, 2024; Bohren et al., 2025); or through violations to Bayesian inference (Sar-
sons, 2017; Eyting, 2022; Rackstraw, 2022; Esponda et al., 2023; Campos-Mercade and Mengel, 2024;
Ruzzier and Woo, 2023). In particular, a number of papers have proposed that employers may discriminate
based on inaccurate beliefs (Chauvin, 2018; Hübert and Little, 2023; Ruzzier and Woo, 2023; Bohren et al.,
2025), a matter whichBohren et al.(2019) argue is dynamically unstable, as employers should become
aware of such inaccuracies when hiring occurs under informational frictions.

6An alternative interpretation of my framework is that individuals have a misspeci�ed model of the sig-
nal generating process that they observe: they have an incorrect belief on the distribution of signals available
(seeBohren and Hauser(2025) for a review). Misattribution can therefore be interpreted as a misspeci�ed
model of the discrimination in which individuals learn ine�ciently of the true state of the world (Bohren
and Hauser, 2021; Fudenberg et al., 2021; Frick et al., 2023; Esponda et al., 2021). These papers operate
using a Berk-Nash equilibrium framework in which agents with misspeci�ed models converge their beliefs
to a subjective truth. I do not go insofar as to formalise this equilibrium concept as the subjective model is
equivalent to beliefs of discrete principal types such that my equilibrium de�nition is less restrictive.
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I build the model on the canonical framework of self-con�rming discrimination developed
by Coate and Loury(1993). In this seminal job-assignment model, employers observe workers'
group identity but not their productivity, and assign tasks based on a belief of the correlation
between the two. Workers decide whether to invest in a costly productivity-enhancing quali�cation
before assignment, drawing an idiosyncratic investment cost from a known, group-independent
distribution. If an employer harbours a negative stereotype against groupX , believing the average
productivity of X workers is lower than that of other groups, the �nancial incentive to assign
X workers to the more demanding, better-paid task falls, which in turn lowersX workers' own
incentive to invest. Because employers' beliefs are themselves shaped by, and, in equilibrium,
must remain consistent with, workers' investment behaviour, this case creates a self-con�rming
discriminatory equilibrium: even though groups are ex-ante identical, negative stereotypes can
persist as a stable outcome. Critically, alongside this discriminatory equilibrium there also exists
a non-discriminatory equilibrium in which no stereotypes are held and both groups invest at equal
rates.

The model presented in this section departs fromCoate and Loury(1993) by inverting the ac-
tion and type sets. In their framework, labour supply is �xed and workers choose an unobservable
costly investment in skill acquisition. In this paper, I �x the distribution of workers' human capital
and endogenise their labour supply decisions instead. This is motivated by a recent applied litera-
ture which has focused on the e�ects of beliefs of discrimination on labour supply decisions noting
that gaps in labour supply emerge after human capital investment decisions. At this point, beliefs
of discrimination in the labour market may arise (Angeli et al., 2023; Ruebeck, 2024; Boring et al.,
2025). This anticipatory behaviour may then explain patterns such as occupational sorting (Goldin,
2014) and application gaps (Fluchtmann et al., 2024; Bandiera et al., 2025).

Under this structure, workers are endowed with an exogenous productivity value from a known
distribution and choose between applying for a �xed-wage job or taking their productivity value as
an entrepreneurial outside option. This structure is based on the job search model ofLucas(1978)
in which there is negative selection into job applications.

I �rst derive the case of correct attribution: where statistical discrimination is correctly an-
ticipated. In this instance, multiple equilibria exist and discrimination is not the unique stable
outcome. Using a representative survey of a US-based population, I �nd that respondents overes-
timate the share of others harbouring prejudicial preferences against minorities and thus, it may
be unreasonable to assume perfect attribution of discrimination source.7 In subsection2c, I relax
the assumption that workers are aware that the employer is truly not a taste-based discriminator
and develop a model of misattribution.

2a Setting

Workers There is a unit mass of risk-neutral workers denoted byi Ë [0;1], each of whom lives for
one period. Workers are given an exogenous type which constitutes an observable group identity
gi Ë ^A; B` and an unobservable level of productivityqi Ë R. Types are distributed according to
a commonly known process: the share ofA group identities isnA and productivity is distributed
independently and identically according to the functionF .q/ and densityf .q/. I assume thatF .q/
is a normal distribution with mean� > 0 and concentration� Ë [0;1].

7The survey asked participants whether they approved of interracial marriage and if they would vote for
a well-quali�ed presidential candidate from their party that was female. Next, participants were incentivised
to state their belief of the share of respondents who negatively responded to these questions. The sample
was collected on Proli�c in 2025 and was representative according to age, gender, ethnicity and political
a�liation. The survey is detailed in AppendixA.
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Employer A risk-neutral employer can hire up to an exogenous mass� of workers to conduct a
job which pays a �xed wage! > 0. The employer is given an exogenous and unobservable type
which constitutes two attributes. First, they harbour preferences for hiring a worker of groupA over
one of groupB. These preferences are denoted bym = M A * M B whereM g > 0 is the marginal
utility of hiring an individual from groupg. Second, the employer has a level of sophistication
 Ë ^0;1`, which refers to their ability to anticipate the strategies of workers.

I assume that the employer is always unbiased,m = 0, and sophisticated, = 1. Workers have
beliefs of the employer's type‚m and ‚ , which de�ne the attribution of discrimination source. I
will later consider the case in which workers incorrectly believe the employer to be biasedm ‘ 0.

Actions and payo�s Each workeri must choose whether to apply for a job with the employer. If
they do not apply, then they take up the entrepreneurial outside option which derives entrepreneurial
rents equal to their productivityqi .

8 The application is costless but time-consuming meaning that
workers cannot apply and simultaneously engage in entrepreneurship. If their application is suc-
cessful then they are hired and earn a wage! ; if they are unsuccessful, their payo� is0.9

For each workeri who applies, the employer simultaneously observes their group identities
and a signal of each of their productivities, and decides which applicants to hire. The signal is
noisy and unbiased, denoted bysi = qi + � i where� i is an independently and identically normally
distributed noise with mean0 and variance1_� . The employer is protected against individual
productivity risk, so the payo� from hiring any worker is bounded below by0.

Strategies Given that the payo� from hiring workeri is strictly increasing in their productivityqi
and that the signal of productivitysi is unbiased with full support, the expected return to hiring an
applicant is strictly increasing in the signal that they portray. Given the labour demand constraint
� , the employer's best response strategy is to hire all applicants from groupg who portray a signal
at least as great as some thresholdsg for each groupg Ë ^A; B` .

Denote the worker's belief of the employer's best response strategy for some groupg to be‚sg,
then a worker will apply to the job if and only if their productivity is not larger than their expected
earnings at the �rm,

qi f ! � P r.s g ‚sgðqi /: (1)

To simplify proceedings such that strategies are in line with those ofLucas(1978), I make the
following assumption to ensure that there is a single level of productivity such that (1) holds with
equality.

Assumption 1: The pecuniary returns to receiving a job are bounded by the informativeness of
the signal,

! f

u
2�
�

: (2)

Intuitively, this bounds the wage premium from employment relative to the informativeness of the
productivity signal, preventing workers from always preferring to apply regardless of their outside
option. With this assumption, it is possible to show that for any belief of employer strategy, there
is a unique level of productivity for which a worker is indi�erent between applying for the job
and taking the entrepreneurial outside option. Those with productivity greater than this value will
take the outside option and those with lower productivities will apply to the job. This represents a
unique cut-o� strategy for the workers.

8This a simpli�cation of the set-up byLucas(1978) who assumes the entrepreneurial productivity to
monotonically increasing in productivity.

9One can interpret this as an unemployment insurance contingent on sending applications in the labour
market.

7



Lemma 1: Existence of a unique cut-o� strategy.At any belief ‚sg Ë R, when assumption 1
holds, there exists some unique critical productivity value,„qg, such that a worker of groupg ap-
plies to the job if and only if they have productivityqi f „qg.
Proof. See AppendixB for all proofs.

Corollary 1: Boundary of cut-o� strategies. If a cut-o� strategy exists and is de�ned by„qg,
it must be in the interval.0; ! /.

With this introduced notation, I can now formally describe the best response strategies of the
workers and the employer. Let� .�; ‚ ; ‚m; ‚s/ de�ne a best response application strategy as a map-
ping of the labour demand� , beliefs of the employer type and signal thresholds‚s = . ‚sA; ‚sB / to a
tuple of critical productivity values„q = . „qA; „qB /.

Finally, the employer's best response hiring strategy can be denoted byh.�;  ; m; ‚„q/ as a map-
ping of labour demand� , the employer's type, and their belief of the workers' strategies to a tuple
of signal thresholdss = . sA; sB /. A hiring strategy is discriminatory ifsA ‘ sB .

It is necessary to de�ne two corollary functions from the employer's hiring strategy. First, let
�. h; � / be the pro�t the employer earns playing the strategyh conditional on the workers' best
response application strategies� . Second, de�ne� g.h; � / as the share of workers from groupg
hired when playing the strategiesh and� .

Finally, I make the following assumption of an upper bound to the hiring capacity to ensure
continuous equilibrium conditions over the productivity values in the interval.0; ! ). The below
assumption ensures that for any wage, the share of workers who would prefer the �rm job with
certainty is larger than the hiring capacity.

Assumption 2:The hiring capacity of the employer is bounded by the distribution of productivity
values with respect to the wages,

� f F .! / (3)

2b Correct attribution of employer type

I �rst de�ne the equilibrium when workers correctly attribute the employer to be unbiased and
sophisticated. As I show in this section, this type of employer is a statistical discriminator in the
Arrovian sense (Arrow, 1974): discrimination only occurs if the employer believes that workers
play separating strategies.

Accordingly, under correct attribution of employer type in the job application domain, multiple
equilibria may exist as is the result inCoate and Loury(1993). In this model, one of the equilibria
is a non-discriminatory equilibrium in which workers play pooling strategies and the employer
sets equal hiring thresholds. The other equilibria are discriminatory in which workers, perceiv-
ing potential discrimination, play separating group-dependent strategies leading the sophisticated
employer to set discriminatory hiring thresholds.

In the following equilibria, beliefs are self-con�rming: the strategy each side expects the
other to play is precisely the strategy the other side �nds optimal. Formally, workers' beliefs of
hiring thresholds must generate application cut-o�s that, in turn, make those thresholds pro�t-
maximising for the employer. Additionally, the hiring strategy must satisfy two further conditions.
First, if the employer sets the hiring thresholdsA, it must be pro�t maximising to set the hiring
thresholdsB . In other words, the employer cannot earn more in expected pro�ts from setting a
hiring thresholds¨

B ‘ sB if it is already implementingsA. I refer to this as theoptimalitycondi-
tion. Second, since the labour demand is exogenously given, for a set of strategies to constitute an
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equilibrium, the share of workers hired must satisfy this labour demand. I refer to this condition
as one ofsatiation.

De�nition 1: Given that the employer is known to be unbiased and sophisticated, a vector of be-
liefs of application strategies„q = . „qA; „qB / and signal thresholdss = . sA; sB / constitute a Perfect
Bayesian Equilibrium when beliefs of strategies are consistent such that

„q = � .�;  ; m; h .�;  ; m; „q// : (4)

and the employer's strategy meets the following conditions:

1. Optimality. Given a signal threshold applied to one group, the employer maximises their pro�ts
by setting a signal threshold for the other group. Thus without loss of generality, for a given signal
thresholdsA,

�. h.�;  ; m; „q// g �. h¨.�;  ; m; „q// Åh¨.�;  ; m; „q/ ‘ h.�;  ; m; „q/: (5)

2. Satiation.The labour demand of the employer is satis�ed,
É

gË^A;B`

ng� g.h.�;  ; m; „q/; „q/ = �: (6)

If assumption 1 holds, I can apply Lemma 1 and assume that workers will play cut-o� application
strategies denoted by„q = . „qA; „qB /. In equilibrium, the employer will have a correct belief of
this tuple. Thus, their conditional expectation of the productivity of an applicant from groupg
portraying a signals is the following,

E[qðs; g; q f „qg] =
t. „qg/ � u. „qg/ + �s

t. „qg/ + �
(7)

wheret. „qg/ is the concentration and andu. „qg/ is the mean of the distribution of ability among
candidates given that their ability is no greater than„qg.

In Lemma 2, I demonstrate that if the unbiased sophisticated employer believes workers play
pooling application strategies, their unique hiring strategy is to set non-discriminatory signal
thresholds. In other words, an unbiased and sophisticated employer can only rationally play dis-
criminatory hiring thresholds if they believe that workers of di�erent groups play di�erent strate-
gies.

Lemma 2: Fair and sophisticated employer is an Arrovian statistical discriminator.Given
Assumption 1 and that the employer of typem = 0 and = 1 believes that workers play the
pooling application strategies,‚„qA = ‚„qB , the optimal hiring strategy issA = sB .

Lemma 2 therefore rules out discrimination whenever workers pool, which means the only role
for discrimination is through separating strategies.

From Lemma 1, each hiring strategy maps to a unique optimal application strategy. This means
that any non-discriminatory hiring strategy can be consistent with a self-con�rming equilibrium
and satisfy optimality. To show the existence of a non-discriminatory equilibrium, it must be that
the satiation condition can simultaneously hold for some pooling application strategy.

Proposition 1: Existence of non-discriminatory equilibrium. Suppose that Assumptions 1 and
2 hold and the employer is known to be unbiased (m = 0) and sophisticated ( = 1). There exists
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a non-discriminatory equilibrium.

Proposition 1 guarantees that a non-discriminatory equilibrium exists when the employer is cor-
rectly perceived to be unbiased and sophisticated. Proposition 2 establishes that, under some mild
parametric restrictions, discriminatory equilibria may also exist.

Proposition 2: Existence of discriminatory equilibria. Suppose Assumptions 1 and 2 hold and
the employer is known to be unbiased (m = 0) and sophisticated ( = 1). There exist non-empty
setsM Ï R++ , 
 Ï R++ , and� Ï .0; F .! /] such that whenever� Ë M, ! Ë 
 , and� Ë � ,
there exist two discriminatory Perfect Bayesian equilibria with application cut-o�s„qA ‘ „qB .

Figure1 illustrates the existence of the multiple equilibria under correct attribution of employer
type at the intersections of the two equilibrium conditions. The sets
 andM de�ne wages and
mean productivity values such that the optimality condition admits solutions o� the 45-degree
line. This de�nes the optimality condition as being satis�ed by tuples of application strategies on
the 45-degree line and the closed oval locus. The set described by� ensures that the satiation
locus intersects the 45-degree line inside the closed oval locus de�ned by the optimality condi-
tion. The non-discriminatory equilibrium (NDE) lies on the 45-degree line where the application
strategies for each group are equal. The two discriminatory equilibria (DE1 and DE2) lie o� this
line. In these equilibria, one group's applicant pool has a higher average productivity than the
other, meaning that conditional on a signal value, the expected productivity of an applicant from
one group exceeds that of the other, providing a rational basis for the employer to set di�erential
hiring thresholds.

Corollary 2: If Assumption 1 holds, the equilibrium earnings of a groupg is increasing in their
critical productivity value„qg.

By Corollary 2, the worker group who is discriminated against in a discriminated equilibrium
is worse o� than the group which is favoured. Moreover, the discriminated group would prefer
the non-discriminatory equilibrium from a Utilitarian welfare perspective than a discriminatory
equilibrium against their favour.

2c Misattribution of employer type

In this section, I consider the case where workers expect the employer to harbour prejudicial pref-
erences,‚m ‘ 0. By symmetry of groupsA andB, it is without loss of generality to consider that
workers expect the bias to be in favour of groupB, ‚m < 0.10 Therefore, the ensuing equilibrium
de�nition under misattribution must be adjusted to account for inconsistent beliefs of the em-
ployer's type while still ensuring consistent beliefs of strategies. Given the misspeci�ed beliefs of
the workers, this now constitutes a Bayesian Nash Equilibrium. In this equilibrium, workers form
beliefs of the thresholds based on their (mis)perception of the employer type, but the thresholds
actually implemented are those of the true type.

De�nition 2: A vector of beliefs of application strategies„q = . „qA; „qB /, signal thresholdss =
.sA; sB / and beliefs of employer type. ‚m; ‚ / constitute a Bayesian Nash Equilibrium when given

10By symmetry of groups, this is just a labelling convention: the case where‚m > 0 is symmetric and
yields analogous results. In the extreme case where‚m ™ *Ø , the employer is perceived to have in�nite
taste forB workers. In this case,A workers will perceive that their probability of being hired is0 and we
arrive at a corner solution where„qA = 0.
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Figure 1: Perfect Bayesian equilibria under correct attribution

Note:Example of multiple Perfect Bayesian equilibria existing when workers correctly believe the employer
to be fair and sophisticated. Along the axes are the application strategies of each group: the maximum pro-
ductivity value at which an individual from groupg Ë ^A; B` would apply to a job. The loci labelled
Optimality plots the combination of application strategies that are rationalised through consistent beliefs
which lead to hiring strategies which jointly satisfy unconstrained pro�t maximisation (equilibrium condi-
tion 1). The locus labelled asSatiationplots the combination of self-con�rming application strategies that
lead to hiring strategies which jointly satisfy labour demand (equilibrium condition 2). The intersections of
these loci constitute the equilibria. The intersection marked by NDE is the non-discriminatory equilibrium.
The point DE1 (DE2) is the discriminatory equilibrium which favours group B (A).

beliefs of employer type, strategies are consistent such that

„q = � .� ; ‚ ; ‚m; h .�; 1; 1; „q// ; (8)

and that, given this„q, the employer's strategy meets conditions 1 and 2 in De�nition 1.

Proposition 3 demonstrates that the non-discriminatory equilibrium is not perceived as attainable
when the employer is perceived as biased‚m < 0.

Proposition 3: Perceived non-existence of non-discriminatory equilibria under misattribu-
tion. Suppose Assumptions 1 and 2 hold. The non-discriminatory equilibrium is not a Bayesian
Nash Equilibrium under De�nition 2 when‚m < 0 for any� Ë .0; F .! /] .
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Intuitively, Proposition 3 demonstrates that in order for the non-discriminatory equilibrium to
prevail, workers must correctly attribute the employer to be unbiased: that they are not a taste-
based discriminator. Proposition 1 establishes that a non-discriminatory equilibrium exists under
correct attribution; Proposition 3 shows that misattribution of employer type removes this equilib-
rium from the perceived feasible set.

For simpli�cation, I herein assume that the workers also perceive the employer to be naïve
( ‚ = 0). Intuitively, the assumption of supposed naïvety means that workers expect the employer
to believe in equal application strategies„qA = „qB , and therefore will not infer di�erent underlying
productivities from equal signals of applicants holding di�erent identities. From this misattribu-
tion, workers will expect the optimality and satiation rules to which the employer adheres to be
‚sA = ‚sB * ‚m and� = nA � A. ‚sA; „qA/+.1* nA/� B . ‚sA + ‚m; „qB / respectively. Because workers believe
the employer ignores application strategies, they perceive the employer's pro�t-maximisation rule
as a direct mapping from the perceived bias‚m to a unique pair of hiring thresholds. This feature
eliminates the multiplicity from the workers' perceived strategy space that otherwise generates the
non-discriminatory equilibrium. Importantly, misattribution entails the workers' misperception of
the employer's optimality condition.

In the rest of this section, I demonstrate that misattribution may only sustain a discriminatory
equilibrium, and given a belief of the employers' preferences, this equilibrium is observationally
equivalent to the one derived in Proposition 2. This result arises not from the employer's problem,
which is unchanged, but from the workers' misperception of the strategy space available to them.

The following outlines the main theoretical result: individuals may encounter discrimination
of a purely statistical nature but may incorrectly believe that this is caused by a naïve taste-based
discriminator and the strategies observed sustain both the belief that discrimination is occurring
and the belief about its source.

Proposition 4: Misattribution equilibrium. Suppose that Assumption 1 holds,m = 0,  = 1
and beliefs are‚ = 0 and ‚m < 0. Moreover, suppose that the parametric conditions of Proposition
2 are satis�ed, i.e.� Ë M, ! Ë 
 , � Ë � . Then there exists some‚m < 0 such that a discriminatory
Bayesian Nash Equilibrium exists that is observationally equivalent to the discriminatory Perfect
Bayesian Equilibrium established in Proposition 2: the equilibrium application cut-o�s. „qA; „qB /
and corresponding hiring thresholds.sA; sB / coincide.

Crucially, from Proposition 4, if workers perceive the employer to be biased with some pref-
erences‚m < 0, then their optimal strategy can lead to the same discriminatory equilibrium as
that under correct attribution of employer type. In this case, misattribution leads to a unique equi-
librium that does not challenge the beliefs of the employer type. Together with Proposition 3, as
this equilibrium is unique, the non-discriminatory equilibrium is not perceived to exist from the
workers' view, and no worker has a unilateral incentive to deviate to pooling strategies. Any e�ort
to do so through organic re-coordination or support from policy directives will likely be met with
scepticism as discrimination is perceived to persist regardless of strategies.

In Figure2, I include the locus of beliefs of application strategies that are self-con�rmed by
biased and naïve hiring thresholds for some value‚m < 0. By naïvety, the employer is believed
to ignore application strategies, so the locus is injective and each‚m maps to a unique threshold
ratio. As ‚m < 0, this locus lies o� the 45-degree line. The satiation locus remains unchanged from
Figure1. In the case of misattribution, agents incorrectly perceive the employer's pro�t maximis-
ing condition as the locus labelledPrejudiceinstead of as theOptimalityloci. The intersection of
PrejudiceandSatiationis then the only perceived equilibrium which is the same as the rational
discriminatory equilibrium (DE1). This demonstrates the misattribution equilibrium: where work-
ers' best response to a belief of taste-based discrimination triggers a hiring strategy from a fair but
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Figure 2: Bayesian Nash equilibrium under misattribution

Note:Example of Bayesian Nash equilibria under misattribution: incorrect beliefs of employer type. Along
the axes are the application strategies of each group: the maximum productivity value at which an individ-
ual from groupg Ë ^A; B` would apply to a job. The loci labelledOptimality plots the combination of
application strategies that lead to hiring strategies which jointly satisfy unconstrained pro�t maximisation
(PBE condition 1). The locus labelled asSatiationplots the combination of application strategies that lead
to hiring strategies which jointly satisfy labour demand (PBE condition 2). The locusPrejudicemaps the
application strategies that are incentivised by self-con�rming beliefs of a naïve and biased employer of pref-
erence‚m < 0. The intersection of theSatiationandPrejudiceloci (DE1) is the only attainable equilibrium
in this setting since workers perceive the employer's pro�t maximising condition to be thePrejudicelocus
rather than theOptimalitylocus. Although under di�erent beliefs, the other PBE equilibria (NDE and DE2)
are attainable as in Figure1.

sophisticated employer that reinforces workers' beliefs.

2d Causes of misattribution

The previous results establish that misattribution sustains discrimination. I now consider the po-
tential causes of misattribution, identifying two distinct sources. Together, Propositions 1 and 3
demonstrate that the non-discriminatory equilibrium can only be sustained when the employer is
perceived as unbiased and all workers are believed to play pooling application strategies. Propo-
sition 4 implies that workers may attribute the discriminatory equilibrium to the employer's bias
or to separating application strategies and the employer's sophistication. If workers correctly per-
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ceive the strategies of their colleagues but believe that the employer does not respond to separating
application strategies then they may misattribute the source of discrimination. This is the �rst ex-
planation outlined above.

The second source of misattribution does not require workers to misperceive employer sophis-
tication, but instead to underestimate how much other workers condition their strategies on antici-
pated discrimination. Suppose that workers hold correct beliefs about the level of sophistication of
the employer, but underestimate the anticipatory behaviour of other workers,ð„qA * „qBð> ð‚„qA * ‚„qBð.
In other words, the workers arecursedin that they underestimate the distance between the appli-
cation strategies of the two groups.

Taking an extreme case of cursedness where workers incorrectly believe that no other workers
condition their application strategies on potential discrimination,‚„qA = ‚„qB , the only equilibrium
attainable is the discriminatory equilibrium outlined above.

Proposition 5: Cursed Equilibrium. Suppose that Assumption 1 holds and that workers' beliefs
of employer type are‚ = 1. Additionally suppose that workers incorrectly believe that„qA = „qB ,
then there exists some‚m < 0 such that the equilibrium conditions in De�nition 2 hold.

One can interpret the cursed equilibrium in the following way. Suppose that workers observe the
employer only hiredB workers. Workers may then anticipate discrimination againstA workers
meaning that separating application strategies may be optimal strategies. Consequently, the sta-
tistical discriminator employer hires onlyB workers again. If workers incorrectly believe that all
other workers played pooling strategies, then the only belief of employer type through which they
can rationalise this outcome is that the employer is a taste-based discriminator. However, if they
correctly perceive the strategies of other workers, then they may foresee that a statistical discrim-
inator responding to such applications may produce the same hiring outcomes.

2e Discussion

There are two key interpretations of the misattribution equilibrium presented in Proposition 4.
First, if workers misattribute the employer to be a taste-based discriminator, then they will believe
that, no matter their application strategy, they will always face discrimination. Accordingly, the
incentive to attempt to deviate from a discrimination-inducing application strategy to a coordi-
nated pooling strategy in an attempt to learn of the true employer type and erode discrimination is
undervalued. As DE1 is observationally equivalent in both considered cases of attribution, if the
economy is at some level of discrimination, misattributing the source to taste-based discrimina-
tion means that workers are more likely to play strategies that (i) sustain the underlying statistical
discrimination and (ii) lead to outcomes that do not challenge their misattribution.

The second interpretation of this result is that, at some discriminatory outcome, it is not possi-
ble to perfectly identify the employer's type. The only way to do so is to coordinate an experiment
with application strategies and observe the hiring outcomes. Such behaviour is expensive even in
the case of perfect attribution but the perceived cost increases with misattribution.

The model and its predictions extend those ofFilippin (2009), who demonstrates that, due to
self-con�rming equilibria, workers can become trapped in a discriminatory cycle. In his model,
workers must exert e�ort and discrimination is either realised or not, implying that workers are
aware of the trap. I �x the discriminatory behaviour on the supply side and vary the perceived
employer type to show that the longevity of discrimination depends on the perceived source of
discrimination.

In AppendixA, I complement historical survey data with a recent questionnaire to demonstrate
that in the (not-too-distant) past, bias or prejudicial preferences were common but have recently all
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but disappeared. However, it appears that individuals underestimate the degree to which the prob-
ability of encountering prejudice has declined. Concurrently, individuals' beliefs of the presence
of discrimination have remained stable or increased over the recent decades.11 This divergence
is consistent with the feedback mechanism the model implies: individuals misperceive the prob-
ability of encountering an employer with prejudicial preferences and so take actions that force
rationally sophisticated but informationally constrained employers to discriminate.

In summary, the theoretical model outlined in this section predicts that if agents misattribute
the source of expected discrimination in a hiring framework, then they will be more likely to play
application strategies which sustain the underlying statistical discrimination. As a non-discriminatory
equilibrium is not perceived as attainable under misattribution, the returns to deviating from a dis-
criminatory equilibrium are lower than under perfect attribution. The proceeding section describes
a laboratory experiment conducted to test this proposition.

3 Laboratory experiment design

3a Set-up

The experiment is designed to mirror the decision making process outlined in the previous section
to test for the dynamic stability implied by the static model. Although the model itself is static,
this stability hinges on how beliefs about the employer's type update over time which requires
repeated actions and signal structures to observe.

To allow for the possibility of misattribution, I present participants with an ambiguous hiring
procedure in which neither the employer's evaluation method nor the application decisions of
others are observable. To achieve the former, I describe two types of employers that may make
employment decisions. One type is chosen at the beginning of the session by a random draw and
participants attribute outcomes to a type by stating their subjective probability that the employer
is one of the binary types. To establish strategic uncertainty, multiple participants simultaneously
make application decisions for a set number of jobs in a competitive labour market.

Structure I recruited sessions of 32 participants who were initially randomised into an exper-
imentalsociety. Eachsocietycontained 16 participants who only interacted with others in their
societyfor the entirety of the experiment. Once formed, I randomly allocated members of each
society into two equally large identities: green and purple. I chose to use minimal identities to
shield participants from in�uences from real markets as this has been shown to in�uence beliefs
of discrimination and behaviours (Ruebeck, 2024; Gagnon et al., 2025). 12

In each round played, participants were assigned a productivity value from a known normal
distribution of mean 50 and standard deviation 81.85, and had to make 3 incentivised decisions.13

The �rst decision involved a labour allocation choice: choosing to apply for one of 3 available
jobs paying 90 tokens, or to earn an income equal to one's drawn productivity for the round.
An unsuccessful application led to a round income of 0 tokens. The employer, who made the

11When askedIn general, do you think that Black people have as good a chance as White people in
your community to get any kind of job for which they are quali�ed, or don't you think they have as good a
chance?, 27% of respondents to the Gallup World Poll stated 'No, do not' in 2008 whereas 42% stated the
same in 2025. Regarding men and women, 42% of respondents stated that they believe women do not have
equal job opportunities as men in 2008 whereas 48% stated this belief in 2025 (Gallup, 2025).

12Green and purple are used to separate colours from any real a�liations such as politics or gender as in
Dianat et al.(2022).

13These parameters were calibrated to �t the existence of multiple equilibria and a misattribution equi-
librium.
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hiring decisions, could observe the identity of the applicant but was unable to observe their true
productivity. Instead, they observed a noisy but unbiased signal of such computed as the sum of the
participant's productivity value and an idiosyncratic noise value drawn from a zero-mean normal
distribution with standard deviation 81.85.14

The employer was described to be one of two types, A or B.15 Before the session began, one
type of employer was randomly drawn and implemented for all members of a society in all rounds
of the experiment. Participants were informed that type A was drawn with probabilityp > 0 and
type B with probability1 * p. The type A employer served as my biased naïve decision maker:
the taste-based discriminator. This employer �rst subtracted 90 from each signal coming from a
green applicant, added 10 to each from a purple applicant, and hired the 3 applicants with the
highest remaining signal values. Type B was my Arrovian discriminator which was described
to predict the likely distribution of productivity among applicants from each identity using all
available information (including past rounds), and estimate the true productivity of each applicant
using this information.16

After making their application decision, participants were led to decision 2, in which they were
asked to guess the maximum productivity value of other participants from each coloured identity
in their society who chose to apply in the current round.17

Throughout all rounds, participants could observe a running history of hiring outcomes by
identity group in graphical form. Once all participants in the society had completed decision 2,
the hiring decisions were made by the employer and the hiring history graphic was updated.

Next, participants proceeded to decision 3 in which they were asked to state their belief of the
probability that each type of employer which was making hiring decisions for their society. I refer
to this belief as thesubjective probability of employer type.18

Parametrisation of the experimentI pre-registered the value ofp, the probability that the em-
ployer was type A, to be 0.01. Participants were unaware of this value. In the week prior to the
experiment, I drew 24 random integers between 1 and 100. For every time the number 1 was drawn,
I would have run a session with the type A employer. All of the drawn integers were greater than
1 and so all sessions proceeded with employer type B.

A type B employer requires an initial prior of the maximum productivity of green and purple
applicants, from which it bases the �rst round of hiring decisions and the updated belief of ap-
plication strategies in proceeding rounds. I preregistered the initial prior to be at mid-point of the
non-discriminatory and discriminatory (in favour of purple participants) equilibria. E�ectively,
employer type Bbelievedthat green (purple) participants would only apply if and only if their
productivity value was less than 19.75 (51.5) in round 1.

14To explain the random draw procedures, I presented participants with two urns: one for productivity
values and one for signal noise. Each urn contained 1000 balls, each with an integer written on it. Half of
the balls possess a number below the mean and half at or above it. Negative numbers exist. Participants
were presented with a sliding tool with which they could explore how many of the balls in the urn have a
number higher and lower than di�erent values. Participants were informed that if they applied for a job,
their signal would equal the sum of the integers drawn from the two urns.

15To ensure deterministic employment decisions and control for expectations of such, I described these
types as di�erent robots to which the true employer had delegated the hiring responsibility.

16See AppendixC for a description of the practical procedure of the updating performed by type B as
well as simulations of the experiment.

17A binary scoring rule was employed for each guess wherein participants receive 50 tokens if they were
within 10 of the true value, 25 tokens if they were within 20 of the true value and nothing otherwise. If no
other participants of that colour applied in the round, participants were informed that their earning would be
0. Importantly, because I explicitly stated that the belief refers to others in their society and not themselves,
participants could not individually force this decision to payout.

18A quadratic scoring rule was employed for this guess (Brier, 1950).
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3b Treatments

The above describes the baseline procedure which will be used to test for the presence of misat-
tribution and its direct e�ect on leading to application strategies that perpetuate discrimination. I
employed two additional treatments randomly assigned on the society level such that each treat-
ment and the baseline had an equal number of societies and subjects.

Therevealedtreatment proceeded identically to the baseline up to and including round 4 and
so I pool these rounds together with the baseline to create a baseline set of data. After round
4, participants in therevealedtreatment were informed that the true employer was type B. The
intention of this treatment is to generate exogenous variation in beliefs of employer type; holding
the history of hiring outcomes �xed; in order to identify the causal e�ect of attribution on survey
responses and application behaviour.

Thestrategictreatment was implemented to reduce the degree of strategic uncertainty in the
game in order to test whether participants' misperception of others' strategies leads to misattri-
bution. In this treatment, participants were informed of the true maximum productivity values of
green and purple applicants after they stated their belief of such in decision 2 and before they
reported the probability that the employer was type A in decision 3. If misattribution is driven
by cursedness, the underestimation of the degree to which others condition their strategies on an-
ticipated discrimination, then revealing the true application cut-o�s should reduce misattribution
even when hiring outcomes remain unchanged."

3c Procedural details

The experiment was conducted in the CeDEx laboratory at the University of Nottingham in Novem-
ber 2025 over three consecutive days and 12 sessions.19 Participants were recruited using ORSEE
(Greiner, 2015) and the experiment was coded using oTree (Chen et al., 2016). Each session con-
sisted of 32 participants split into two equally sized societies. Thus, there were in total 24 societies
amounting to 384 participants.

Before commencing the rounds, the instructions presented in AppendixG were read out loud
to participants. They had to answer 2 sets of questions to assert their comprehension before pro-
ceeding. Additionally, a physical summary sheet was provided to each participant.

The monetary value of each token was set to ¿0:03. For each decision (1, 2 and 3), an inde-
pendently drawn random round determined payment. There was also a survey conducted after the
conclusion of rounds, during which subjects could earn additional bonuses. The entire experiment
lasted approximately 70 minutes and participants were paid an average of ¿17:08 which included
a show-up fee of ¿8:00.

4 Results
The analyses follow the pre-analysis plan with a few exceptions outlined in AppendixE. The
data from the experiment is structured in the following way. For each individuali of societys in
sessionj , I have multiple observations over periodst. I will report results using the entire set of
data, excluding the �rst round where appropriate. Since treatment is allocated at the society level,
I cluster standard errors by society.

19A pilot of two sessions was conducted the day before the main sessions began. At this point, it was
determined that, due to timing and �nancial constraints, only 8 rounds could be conducted instead of the
planned 12. Changes were implemented overnight in order to satisfy the laboratory's needs.
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Figure 3: Share of favouritism across rounds in the baseline

Note:This graph shows the distribution of the cumulative average of hiring decisions in each round in the
baseline data. "Greens favoured" refers to the occasions where more than 2/3 of the past hiring decisions
have been to green workers. "No discrim" refers to occasions where this cumulative average shows that the
share of past hiring decisions in favour of purple workers has been between 1/3 and 2/3. "Purples favoured"
refers to the occasions where 2/3 or more of the past hiring decisions have been to purple workers.

4a The presence of misattribution in baseline data

Preliminaries The outcomes of the experiment are determined both by the decisions of partic-
ipants and also by the series of random draws. While the distribution of productivity values and
noise draws are independent across sessions, initial allocations and decisions have lasting con-
sequences. This means that not all societies in every round may experience discrimination to be
attributed.

To test whether discrimination is correctly attributed, I begin by de�ning three clusters of
hiring histories which can broadly de�ne the state of discrimination in societies. I refer to the
instance of a colour group being favoured as when the current cumulative share of hires going to
that group is at least two thirds of all hiring decisions, and the instance of no discrimination being
when neither group is favoured. Using these de�nitions, 75% of participants in the baseline data
experience the purple group being favoured at some point. However, only in 50% of participant-
period observations does this occur. As presented in Figure3, societies converge to either favour
purple applicants or favour neither purple nor green applicants.

A concern regarding the experiment is the attention of subjects. I de�ne a participant as inat-
tentive if they make a globally dominated decision: an application decision that is rationally dom-
inated by any subjective probability of the employer type. By the theoretical model, regardless of
one's belief of the employer's type, it is irrational to apply for a job if one's drawn productivity
value is 90 or greater as the expected payment from application is less than 90 and the certain
payment from not applying is at least 90. It is also irrational to not apply for a job if one's drawn
productivity value is less than 0 as this would guarantee a negative payment versus a positive
expected payment from applying.

In total, 39 (15.23%) individuals violate these rationality rules at least once, however, after
round 1, only 9 (3.52%) do so. Moreover, of the observations in which the drawn productivity
value is outside of the range [0,90), merely 6.23% behave irrationally. Importantly, the prevalence
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Figure 4: Cumulative distribution of subjective probabilities that the employer is type A,
by favouritism levels

Note:This graph shows the cumulative distributions of the subjective probability that the employer is type
A � the taste-based discriminator � at di�erent clusters of hiring histories. "Greens favoured" refers to the
occasions where more than 2/3 of the past hiring decisions have been to green workers. "No discrim" refers
to occasions where this cumulative average shows that the share of past hiring decisions in favour of purple
workers has been between 1/3 and 2/3. "Purples favoured" refers to the occasions where 2/3 or more of the
past hiring decisions have been to purple workers. The horizontal line represents the Bayesian benchmark
belief when greens are not favoured.

of irrational decisions does not di�er by the favouritism of the hiring decisions as is shown in
Figure D.2 (joint F-testp = 0:813). I report robustness tests which exclude participants who
violate the rationality rules.

Beliefs of employer typeTo test whether participants misattribute the source of discrimination,
I report the average subjective probability that the employer is type A � a taste-based discrim-
inator � when subjects face the expected discrimination: a hiring history in which purples are
favoured. One of the key interpretations of Proposition 4 is that, at any given level of discrimi-
nation in the expected direction (against green workers), the identi�cation problem persists: one
cannot attribute taste-based discrimination from statistical discrimination. Therefore, I compare
the subjective probability to a Bayesian benchmark of 50%. Figure4 presents the cumulative dis-
tributions of beliefs at di�erent clusters of hiring histories which are signi�cantly distinguishable
from each other (all pair-wise Kolmogorov-Smirno� testsp < 0:001).

On average, subjects experiencing hiring histories that favour purple applicants believe that
the probability of the employer is of type A is 57.0%. This is signi�cantly above the Bayesian
benchmark of 50% as shown in Figure5 (Wilcoxon signed-rank testz = 7:78 p < 0:001). This
result is robust to the exclusion of observations from round 1 (average belief 54.8%; Wilcoxon
signed-rank test vs. 50%z = 5:16p < 0:001).20

20I separate this analysis by round in FigureD.3. In all rounds where purples are favoured, the average
belief is above the Bayesian benchmark of 50%. I am not powered to test the statistical signi�cance of the
di�erence for each individual round.
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Figure 5: Average subjective probability that the employer is type A by discrimination
incidence

Note: This graph shows the average subjective probability that the employer is type A (the taste-based
discriminator) is in use by individuals experiencing di�erent levels of discrimination (proxied by the cumu-
lative average share of hires for purple). Purples (Greens) favoured refers to the case where the cumulative
average share of purple (green) hires is at least 2. No discrimination refers to cases in between these bounds.
Average beliefs are shown for all rounds and those excluding round 1. Error bars show 95% con�dence in-
tervals.

Econometric analysis In the above, the de�nition of favouritism and thus discrimination is ar-
bitrary. To test if the cumulative share of hires going to purple workers a�ects the subjective
probability of employer type, I estimate a linear probability model of the subjective probability
that the employer is type A on the cumulative average share of hires going to purple participants.
The estimates are presented in Table1. In these regressions, the more in favour a hiring history is
towards purple workers, the higher the subjective probability that the employer is type A. When
including session, individual and round �xed e�ects, a 10 percentage point increase in share of
historical hires that are in favour of purple increases the average subjective probability of the em-
ployer being type A by 8.54 percentage points. This coe�cient estimate is signi�cant at the 1%
level of signi�cance.21 Thus, the result can be summarised below.

Result 1: Participants who experience discrimination misattribute the source of discrimination
to a taste-based discriminator. The magnitude of misattribution increases with the intensity of the
discrimination.

4b Misattribution directly perpetuates discrimination

In this subsection, I test the main hypothesis derived from the theoretical model: that participants
who misattribute the source of discrimination are more likely to make application behaviour con-
gruent with a discriminatory equilibrium. To do so, I restrict my sample to observations wherein
the participant draws a productivity value in the interval[0; 90/. This is to ensure that participants

21This result is robust to the exclusion of round 1 estimates (see TableD.1), irrational decision makers
(see TableD.2) and to the analysis of round pairings in isolation (see TableD.3).
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Table 1: Misattribution: E�ect of cumulative average share of purple hires on believed
probability of the employer being type A

Dependent Variable: Subjective probability that
employer is type A

(1) (2) (3) (4)

Share of hires purple 0.607<<< 0.692<<< 0.850<<< 0.854<<<

(0.080) (0.069) (0.100) (0.120)

Session FEs ‚ ‚ ‚
Individual FEs ‚ ‚
Round FEs ‚

Baseline mean 0.474 0.474 0.474 0.474
Observations 1536 1536 1536 1536
R2 0.200 0.243 0.561 0.565

Notes:Linear �xed e�ects model estimation of the subjective probability that the employer is type A, the
taste-based discriminator, on the cumulative share of previous hires that go to purple candidates. Sample
includes the baseline treatment and �rst four rounds ofrevealedtreatment. Baseline mean is the average
subjective probability the employer is type A over the whole sample included where the average share of
hires going to purple candidates was 60.5%. Standard errors displayed below the coe�cient estimates are
clustered at the society level. *p<0.10, **p<0.05, ***p<0.01

included in the analysis may rationally choose either application action depending on their belief
of the hiring threshold.22

In this subsample, some individuals are only observed in a small number of rounds leaving
insu�cient within-person variation for the individual �xed-e�ects estimator to identify their con-
tribution. Instead, I employ a pre-speci�ed bank of control variables that are collected in the exper-
iment including gender, age, education level, student status, economic and social political leaning
and risk preference. As my dependent variable of interest is a binary action, I estimate a logistic
�xed e�ects model of the application decision on the previous round's stated subjective proba-
bility of the employer being type A. Using this model, I can test whether misattribution distorts
application decisions conditional on some level of discrimination observed and current produc-
tivity.23 The e�ect on application leads to sustained discrimination if the impact of misattribution
is heterogeneous across productivity values. Speci�cally, one would expect that the largest di�er-
ence in application behaviour responses to misattribution to be for individuals with productivity
values in the middle of the included set. To test for this heterogeneous e�ect, I therefore include a
quadratic term for productivity value draws in the regression model.

Table2 shows the estimated coe�cients from this model. The results show that the higher the
stated subjective probability that the employer is type A from the previous round, the less likely
green participants are to apply and the more likely purple participants are to apply in the current
round. Computing the average marginal e�ects using speci�cation 4, a 10 percentage point in-

22The previous result is not a�ected by this restriction. On average, participants in this sample believe the
probability that the employer is type A is 55.3% (vs. 50% Wilcoxon signed-rank testz = 15:6 p < 0:001).
See TableD.4 for a replication of Table1 using this restricted data.

23As the independent variable is endogenous, the results from this section should not be interpreted as
causal claims. To study causality, a larger sample will be necessary to study the treatment e�ect in round 5
of the exogenous variation in beliefs on application propensity.
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Table 2: Misattribution perpetuates discrimination: E�ect of subjective probability of the
employer being type A

Dependent Variable: Application decision

(1) (2) (3) (4)

Subj. prob of type A -1.420< -1.802<< -2.005<< -2.068<<

(Previous round) (0.736) (0.739) (0.854) (0.849)

Purple -1.384<< -1.483<< -1.484<< -1.504<<<

(0.546) (0.592) (0.586) (0.554)

Purple• Subj. prob of type 2.660<< 2.884<< 3.294<< 3.402<<

A (Previous round) (1.172) (1.284) (1.402) (1.357)

E�ect of belief on purple 1.240< 1.082 1.289< 1.334<<

Session FEs ‚ ‚ ‚
Individual Controls ‚ ‚
Round FEs ‚

Baseline mean 0.539 0.539 0.539 0.539
Observations 381 381 381 381
R2 0.147 0.181 0.229 0.241

Notes:Logistic �xed e�ects models of the propensity of application on the subjective probability that the
employer is type A. The independent variable is interacted with an indicator of whether the participant is
purple colour to show the heterogeneous e�ects on application for each colour. All speci�cations include
a quadratic control for productivity level and a linear control for the cumulative share of hires going to
purple workers from the previous round (the hiring history observable when the participant makes their
application decision). Sample is restricted to participants who draw a round productivity value in the interval
[0; 90/. Individual level controls are age, gender, education level (proxied by whether one is studying for
or has achieved a degree higher than a Bachelor's), student status, 5-point Likert scales on economic and
social political leaning, and risk preferences as proxied for by aGneezy and Potters(1997)-style investment
game. Standard errors displayed below the coe�cient estimates are clustered at the society level. *p<0.10,
**p<0.05, ***p<0.01

crease in the subjective probability that the employer is type A leads to a 3.5 percentage point
decrease in the probability that a green worker with productivity in the range[0;90/ will apply
to the job and a 2.4 percentage point increase in the probability that a purple worker with pro-
ductivity in this range will apply.24 This demonstrates that the higher the subjective probability
that the employer is a taste-based discriminator, the di�erence between application propensities
of discriminated and favoured workers increases creating grounds for statistical discrimination.

This behavioural e�ect is likely heterogeneous across participants with di�erent productivity
values as the relative attractiveness of each application action varies according to this draw. Sub-
jects with productivity values close to the boundaries of the set[0; 90/are unlikely to be responsive
to their belief of employer type in their application decision. Those with low productivity values
are likely to always apply to the job as their certain payment from not applying is small compared

24This e�ect is robust to the exclusion of the �rst decision following a hiring history feedback (see Table
D.5 columns 1-4). When excluding the �nal four rounds to account for learning, the estimated coe�cients
are in the same direction as the full speci�cation but are no longer statistically signi�cant due to power
limitations (see TableD.5 columns 5-8).
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Figure 6: Marginal e�ect of believed probability of the employer being type A on absolute
probability of application at di�erent productivity values

Note: This graph shows the marginal e�ect of believed probability of the employer being type A on the
propensity of a participant to apply for di�erent values of productivity for each participant colour. Compu-
tations are based on speci�cation (4) from Table2. Con�dence intervals are at the 95% level of signi�cance.

to the expected value from applying. Moreover, those with high productivity values are unlikely
to apply to the job regardless of their belief since their certain payment from not applying is rel-
atively attractive. As outlined in Section2, the mechanism through which discrimination persists
is that which sustains a di�erence in the distributions of productivity among the green and purple
applicants. Accordingly, that misattribution directly leads to sustained discrimination relies on the
e�ect identi�ed above to be heterogeneous across productivity values.

Figure6 shows that the marginal e�ect of the subjective probability of a type A employer on
the propensity to apply is strongest for workers with productivity values around 45. In fact, there
is no signi�cant marginal e�ect for those with productivity values of0. Using the estimated aver-
age marginal e�ects, for a green (purple) worker of productivity value 45, a 10 percentage point
increase in the believed probability of a taste-based discriminator being used leads to a decrease
(increase) in their probability of applying by approximately 4.1 (2.8) percentage points.25 An in-
terpretation of this result is that the more probable participants perceive the employer to be type A,
the lower the expected productivity of a green applicant and the higher the expected productivity
of a purple applicant.

Result 2: Misattribution perpetuates statistical discrimination by reducing the probability of ap-
plication for the discriminated group and increasing that for the favoured group.

25I plot the adjusted predicted probabilities of application at 2 di�erent levels of attribution for each
colour in FigureD.4: a certain attribution of employer type A and a certain attribution of employer type B.
For green workers (panel (i)), the less probable the employer is type A the more likely is an application. The
reverse is true for purple workers (panel (ii)). For both colour groups, the e�ect is strongest for participants
who draw productivity values around 50.
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Figure 7: Fairness perecpetion of hiring process after round 4

Note: This graph shows the average response to the questionTo what extent do you consider the hiring
procedure has been fair thus far?asked after round 4. Responses are coded to a 5-point Likert scale where 1
isvery unfairand 5 isvery fair. Individuals are asked this question after being informed of the true employer
type, if in revealedtreatment. Error bars show 95% con�dence intervals. Stars show the signi�cance of the
di�erence computed from a two-sided t-test: *p<0.10, **p<0.05, ***p<0.01.

4c Misattribution indirectly perpetuates discrimination

In the treatment arm,revealed, participants were informed that the true employer type was B after
round 4. At this point in all sessions, a midline survey was implemented to test for indirect e�ects
of misattribution on the persistence of discrimination. Speci�cally, this survey measured subjects'
perception of the fairness of the experimental labour market and their demand and perceived e�-
cacy of a temporary a�rmative action.

Fairness views Subjects reported to what extent, on a 5-point Likert scale, they considered the
hiring procedure to be fair thus far. At the end of the experiment, I repeated the fairness question
once more. It has been shown that workers maybacklashdue to perceived unfairness in the labour
market through withdrawing their e�ort or labour supply (Charness and Levine, 2000; O�erman,
2002; Abeler et al., 2010; Breza et al., 2018). Particularly, this question is motivated by the results
of Kuhn et al.(forthcoming) who do not �nd average di�erences between the perceived fairness
of taste-based and statistical discrimination but do �nd that the perceived justi�cation of the dis-
crimination matters. Applied to my setting, taste-based discrimination is parametrised according
to an inherent bias within the model, the least fair version of taste-based discrimination found by
Kuhn et al.(forthcoming). Meanwhile, the statistical discrimination is established by session-wide
behaviours, the largest attainable within the experimental labour market and so the most fair ver-
sion possible according to the authors' �ndings. If misperceiving the statistical discrimination as
taste-based discrimination increases perceptions of market unfairness, an indirect e�ect of such
could be that participants are less likely to apply to a job. This would be particularly problematic in
my setting if the discriminated group perceives the market as more unfair than the favoured group
at a given level of discrimination and beliefs.

Comparing the baseline andrevealedtreatments reveals that subjects perceived the hiring
process to be more fair when they knew the employer type was type B than when they were unsure
of the employer type. The average response on the Likert scale was 2.805 in the baseline treatment
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Table 3: E�ect of misattribution on fairness perceptions

Dependent Variable: Fairness view of hiring process at midline
(5-point Likert scale, 1 = Very Unfair and 5 = Very Fair)

Baseline Baseline + Revealed

(1) (2) (3) (4) (5) (6)

Subj. prob. of type A -1.288<< -1.290<< -1.053< -1.369<<< -1.232<< -1.209<<

(0.392) (0.493) (0.446) (0.238) (0.446) (0.430)

Purple -0.447 -0.566 -0.391 -0.309< -0.330< -0.284
(0.357) (0.373) (0.317) (0.155) (0.159) (0.167)

Purple• Subj. prob. 0.794 1.056 0.925 0.587 0.675 0.692
of type A (0.641) (0.721) (0.636) (0.435) (0.463) (0.474)

E�ect of belief on purple -0.495 -0.234 -0.127 -0.782<< -0.557 -0.517

Session FEs ‚ ‚ ‚ ‚
Individual Controls ‚ ‚

Baseline mean 2.805 2.805 2.805 3.407 3.407 3.407
Observations 128 128 128 256 256 256
R2 0.105 0.165 0.235 0.113 0.160 0.193

Notes:Linear �xed e�ects model estimation of the e�ect of the belief of employer being type A, the taste-
based discriminator, on respondent's fairness views of the hiring procedure after round 4. All speci�cations
include controls for the cumulative average share of hires that are purple by round 4. Speci�cations 4-6
include a treatment dummy. Individual level controls are age, gender, education level (proxied by whether
one is studying for or has achieved a degree higher than a Bachelor's), student status, 5-point Likert scales on
economic and social political leaning, and risk preferences as proxied for by aGneezy and Potters(1997)-
style investment game. Baseline mean is the average reported fairness of the included sample from an
average subjective probability of the employer being type A of 44.4% (columns 1-3) and 22.2% (columns 4-
6) where the subjective probability is hard-coded to be 0% for therevealedtreatment participants. Standard
errors clustered at the society level. *p<0.10, **p<0.05, ***p<0.01

and 3.289 in therevealedtreatment. The di�erence between these is statistically signi�cant at the
1% level (two-sided t-testt = 3:328 p = 0:001). As demonstrated in Figure7, this di�erence
is observable among both colour identities, which suggests that both victims and bene�ciaries
perceive taste-based discrimination to be more unfair than statistical discrimination. This result is
more striking when analysing participants' response to the same question in an �nal survey after
all rounds are completed as shown in FigureD.5.

To analyse whether this is driven by beliefs of employer type or other treatment related di�er-
ences, I run a linear regression model of participant responses to the midway fairness question on
their subjective probability that the employer is type A. As the dependent variable is measured at
one instance, I include session �xed e�ects and individual controls. I control for the hiring history
to analyse how do beliefs of the source of discrimination a�ect fairness perceptions given a level
of realised inequality.

I present the results of this estimation in Table3. In columns 1 to 3, I include participants
only from the baseline treatment arm. By the estimated coe�cients, conditional on a level of
discrimination, subjects perceived the hiring process as less fair the more likely they perceived the
employer to be a taste-based discriminator. However, the marginal e�ect of the belief of employer
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type is only signi�cant for green workers where the estimated e�ect size is eight times as large as
that among purple workers. Interpreting the coe�cient in speci�cation 3, transitioning from the
Bayesian benchmark perceived probability of the employer being type A of 50% to 100% reduces
perceived fairness by 0.527 points on the 5-point Likert scale or by 0.458 of a standard deviation.

By hard coding the perceived probability that the employer is type A to be 0% in therevealed
treatment, I include observations from this arm in speci�cations 4 through 6. In this case, the ef-
fect of beliefs on green subjects on the perceived fairness of the labour market remains negative
and strongly signi�cant whereas the e�ect is not distinguishable from zero for purple participants
when including session �xed e�ects and individual controls. This result is robust to using the same
elicitation at the end of the experiment (see TableD.6).

Result 3: The more probable an individual from a discriminated group believes the outcome is
due to taste-based discrimination, the more unfair they perceive the labour market, conditional on
a level of discrimination observed.

Temporary a�rmative action demand and perceived e�cacyI investigated if individual's will-
ingness to pay for one-round of a�rmative action was impacted by the type of employer potential
applicants believed they were facing. I explained to participants that in round �ve, an a�rmative
action policy in which hiring decisions would be ex-ante colour blind may be implemented. The
willingness to pay elicitation followed a modi�ed Becker-DeGroot-Marschak mechanism (1964)
where participants could bid a number of tokens between 0 and 20 for the policy to be enacted.
One participant in a society was then randomly chosen as the decision maker and a random num-
ber between 0 and 20 was drawn. If the decision maker placed a bid below the random number
then the a�rmative action policy was not enacted. If the decision maker's bid was at or above the
random number then the policy was enacted in round �ve and the decision maker was deducted a
number of tokens equal to the random number.

After submitting their bid, participants were asked to report how likely they perceived such
a policy, if enacted, to increase the share of green hires after the round 5. At the end of the ex-
periment, I also asked participants to report how e�ective they believed the temporary a�rmative
action would have been in (i) increasing the share of green hires and (ii) increasing the share of
green applicants in rounds 6 through 8.

The temporary policy would be an e�ective re-coordination tool for participants: it would me-
chanically level the playing �eld for all workers and as such could nudge participants to play a
pooling application strategy. The perceived long-term e�cacy of such crucially depends on the
belief of the type of employer one is faced with. If the employer is believed to be a taste-based
discriminator, one would believe that the bene�ts of such policy will be short-lived and the econ-
omy would revert to the non-discriminatory equilibrium afterwards. However, if the employer is
perceived to be a statistical discriminator, then the bene�ts may outlast the policy: re-coordinating
application strategies to the pooling equilibrium will erase any discrimination in the long-run.

In each of the baseline andrevealedtreatment arms, the quota was enacted in one society. As
shown in Figure8, there was no di�erence in average bids for the quota between the baseline and
revealedtreatments (6.898 vs 6.835 respectively, two-sided t-testt = 0:081p = 0:936). Addition-
ally, there was no di�erence between treatments when looking at participants by their coloured
identity. Comparing the bids of di�erent colours between treatments, there is a signi�cant di�er-
ence between bids of each colour in the baseline treatment when the employer type is ambiguous
(8.031 (green) vs. 5.766 (purple), two-sided t-testt = 2:023p = 0:045). However, in therevealed
treatment in which the employer is known to be type B, this di�erence is no longer signi�cant
(6.719 (green) vs. 6.953 (purple), two-sided t-testt = *0 :221p = 0:825). This suggests that when
the employer may be a taste-based discriminator, the discriminated group places a higher value on
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Figure 8: Demand for temporary a�rmative action policy by colour and treatment

Note: This graph shows the average bid for one period of a�rmative policy to be enacted in round 5.
Participants could bid between 0 and 20 tokens and place their bid after being informed of the true employer
type, if in revealedtreatment. Error bars show 95% con�dence intervals. Stars show the signi�cance of the
di�erence computed from a two-sided t-test: *p<0.10, **p<0.05, ***p<0.01.

temporary a�rmative action than the favoured group.26 FigureD.7shows that this e�ect is driven
mostly by the extensive margin: in the baseline treatment, green participants are more likely to bid
a positive amount for the policy then purple participants, however, conditional on bidding above
0, there is no di�erence on the average bid.

This result can be interpreted as a self-serving bias: green participants would bene�t more
from a quota than purple participants, and so place a higher value on its implementation. I repeat
the above exercise with only participants in societies that observe a hiring history where at least
50% of previous hires go to purple; the di�erences become more extreme, as shown in Figure
D.8. Notably, when the employer type is ambiguous, there is a strong self-serving bias in that
green workers bid signi�cantly more than purple workers in the baseline treatment (8.667 vs.
4.938 two-sided t-testt = 2:920p = 0:004). Purple workers bid more in therevealedtreatment
than in the baseline (7.021 vs. 4.938 two-sided t-testt = *1 :691p = 0:0:094). This may be due
to purple workers in therevealedtreatment being aware that there is no �xed bias causing their
relative favour in the labour market, and so the subjective value of a policy that may protect their
favour is higher than in the baseline. In support of this interpretation, FigureD.9 demonstrates
that, in the baseline treatment where the employer type is ambiguous, bids are slightly increasing
in green's subjective probability of the employer being type A whereas they are decreasing for
purple workers.27 In other words, the favoured group places a higher value on the policy the more
likely they believe that their status is precarious; the discriminated group does not respond to this
belief.

These results show that the subjective probability of the employer being type A plays a sig-

26At the mid-line survey, the average response to the ex-ante perceived e�cacy of a one-round quota
does not di�er by treatment arm on any of the samples quoted above (see FigureD.6).

27FigureD.10shows that this relationship does not hold as strongly when analysing the correlation be-
tween round 4's reported probability of the employer being type A on the bid for participants in therevealed
treatment.
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Table 4: E�ect of misattribution on demand for temporary a�rmative action

Dependent Variable: Bid for one period of quota

Baseline Baseline + Revealed

(1) (2) (3) (4) (5) (6)

Subj. prob. of type A 2.063 1.711 1.159 1.267 0.780 0.906
(2.822) (3.202) (2.498) (2.272) (2.563) (2.149)

Purple 1.634 1.950 0.924 0.567 0.632 -0.021
(3.136) (3.169) (2.827) (1.163) (1.182) (1.003)

Purple• Subj. Prob -8.710 -9.397 -8.797 -7.058<< -7.328<< -7.095<<<

of type A (5.487) (5.412) (4.781) (2.832) (2.689) (2.401)

E�ect of belief on purple -6.647 -7.686< -7.638<< -5.791<< -6.548<<< -6.189<<<

Session FEs ‚ ‚ ‚ ‚
Individual Controls ‚ ‚

Baseline mean 6.898 6.898 6.898 6.867 6.867 6.867
Observations 128 128 128 256 256 256
R2 0.085 0.155 0.276 0.054 0.135 0.242

Notes:Linear �xed e�ects model estimation of the e�ect of the subjective probability of employer being
type A, the taste-based discriminator, on respondent's bid for one period of a�rmative action. Columns
1-3 use only baseline data while columns 4-6 include therevealedtreatment adding a dummy control for
the treatment condition. All speci�cations include controls for the cumulative average share of hires that
are purple by round 4. Individual level controls are age, gender, education level (proxied by whether one
is studying for or has achieved a degree higher than a Bachelor's), student status, 5-point Likert scales on
economic and social political leaning, and risk preferences as proxied for by aGneezy and Potters(1997)-
style investment game. Baseline mean is the average reported fairness of the included sample from an
average subjective probability of the employer being type A of 44.4% (columns 1-3) and 22.2% (columns 4-
6) where the subjective probability is hard-coded to be 0% for therevealedtreatment participants. Standard
errors clustered at the society level. *p<0.10, **p<0.05, ***p<0.01

ni�cant role in demand for a�rmative action, particularly for the favoured group. Using all par-
ticipants from the baseline andrevealedtreatment, I estimate a series of linear regression models
of participants' bid on their subjective probability that the employer is type A, controlling for the
level of discrimination in their society. The results are displayed in Table4. When including ses-
sion �xed e�ects and individual controls, I �nd that, conditional on a hiring history, misattribution
leads to lower demand for temporary a�rmative action among the favoured group. As the policy is
only perceived to have lasting bene�ts if the employer is perceived to be a statistical discriminator,
this can be interpreted as evidence of the self-serving bias discussed above.

I analyse the e�ect of beliefs of employer type on demand for the extensive and intensive
margins in TablesD.8 andD.9 respectively. While statistically insigni�cant, the stronger the dis-
criminated group believes the employer is type A, the more likely they are to make a non-zero
bid. However, this e�ect reverses for the non-favoured identity. Conditional on making a non-zero
bid, the higher the subjective probability of the employer being type A, the lower the bid among
both the discriminated and favoured groups. This e�ect is statistically signi�cant for the favoured
group.28

28On inspecting the results of the survey at the end of the experiment. Participants in therevealedtreat-
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Result 4: Conditional on the level of discrimination, the more probable the outcome is believed
to be due to taste-based discrimination, the lower the willingness to pay for temporary a�rmative
action among the favoured group.

5 Discussion
Section4 demonstrates that, upon observing discrimination, subjects overestimate the probability
that such comes from preferences over accurate beliefs, compared to a Bayesian benchmark. Mis-
attribution of the source of discrimination increases the likelihood that labour supply strategies
in a job-application game diverge according to identity, a mechanism which sustains the underly-
ing statistical discrimination that is misperceived. This result con�rms the theoretical predictions
of the model. In the remainder of this section, I discuss elements of the experiment which are
not precisely predicted by the model: the indirect e�ects of misattribution on the stability of dis-
crimination and the underlying misperceptions leading to misattribution; connecting this to policy
recommendations, and highlighting the scope of these claims.

The experiment reveals two indirect channels through which misattribution increases friction
in re-coordinating the market. First, participants perceived discrimination as more unfair when
they believed it more likely caused by prejudice than by statistics. Since fairness views of labour
markets have been shown to in�uence labour supply decisions, this suggests additional frictions
in attracting candidates from previously under-represented groups when discrimination is misat-
tributed (Charness and Levine, 2000). An alternative interpretation is that this result re�ects a
broader preference for meritocratic process, a common �nding across settings (Almås et al., 2024,
2025). Either way, beliefs about the source of discrimination may feed back into labour supply:
individuals may withdraw their labour if they perceive a market, or a particular employer, as un-
fair, which would in turn reinforce the underlying statistical discrimination (Gagnon et al., 2025;
Bracha et al., 2015).

Second, misattribution reduced the perceived e�cacy of and willingness to pay for temporary
a�rmative action, particularly among the favoured group. From a policy perspective, a tempo-
rary quota is e�ective precisely because it re-coordinates application strategies toward the non-
discriminatory equilibrium, with lasting e�ects after it is lifted (Gupta, 2024). However, those
misattributing the source of discrimination would perceive discrimination as an inevitability rather
than a correctable coordination failure, and would expect inequality to return once the quota ex-
pires. That misattribution reduces demand for a�rmative action particularly among the favoured
group is indicative of self-serving preferences if future e�ects of the policy are not internalised
(Bohren et al., 2025). As the discriminated group is less sensitive to the perceived employer type
in their demand for a�rmative action, it appears that participants underestimated the potential for
strategic responses to this policy. Disconcertingly, since the favoured group is often the one with
the majority of political capital, misattribution may reduce the scope for a�rmative action enact-
ment. In applying this result to the political discourse on a�rmative action implementation, the
framing of a�rmative action, as a correction for market mis-coordination or as a compensation
for entrenched bias, may be as consequential as its design.

To generate the speci�c self-con�rming structure of the model, I require negative selection of

ment who did not experience a quota stated that they believed the quota would have been more e�ective in
increasing the share of green applicants and hires than those in the baseline (see FigureD.11). This e�ect
is statistically signi�cant at the 5% level for purple participants regarding the application rate and at the
10% level for green participants for the hiring rate. Thus, there appears to be some evidence for treatment
di�erences in ex-post perceptions of the e�cacy of a�rmative action.
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applicants and the initial opacity of productivity. However, the core mechanism, that misattribu-
tion eliminates perceived scope for re-coordination, does not necessarily depend on these features.
The conditions required are that multiple equilibria exist under correct attribution, that only the
discriminatory equilibrium survives misattribution, and that the two attributions produce observa-
tionally equivalent outcomes for agents. Thus, other models of self-con�rming discrimination in,
for instance, human capital investment also satisfy these criteria. Extending the mechanism to set-
tings with performance-based pay or multiple competing employers is the subject of my ongoing
work.

Nonetheless, the external validity of my results is limited by three noteworthy factors. First, the
model treats misattribution as static. Although the experiment suggests that it is self-reinforcing
and consistent with a path-dependent belief dynamic, a fully dynamic model would formalise this.
Second, the laboratory experiment is bene�cial for internal validity as I can control for the true
employer type, however this is not straightforward in other environments. For instance, an identi�-
cation challenge using observational data is that traditional approaches cannot convincingly disen-
tangle taste-based from statistical discrimination (Guryan and Charles, 2013; Canay et al., 2024;
Bohren et al., 2025). In addition, social desirability bias may thwart the accurate measurement of
participant type if it is perceived undesirable as to portray taste-based discrimination traits (Bursz-
tyn et al., 2025; Listo et al., 2025). Finally, my framework does not intend to model all corners
of the labour market. In cases where wages are e�ort-dependent or outside options carry inherent
risk, the required negative selection may not be valid. That being said, my setting is applicable to
the many instances in which employers o�er �xed, often minimum, wages for work that may be
conducted in formal employment or as a sole-trader.

A natural line of inquiry following these results asks what underlying misperceptions lead to
the misattribution of discrimination source. In the theoretical model, I propose that cursedness,
the misperception of other agents' strategies, is a candidate cause of misattribution. In Appendix
F, I report results from an experimental treatment arm which alleviates participants of the strategic
uncertainty by informing them of the application strategies of others in their society. I show that
subjects did not systematically believe in pooling application strategies nor did the treatment alle-
viating strategic uncertainty relieve them of their attribution bias. This leaves an open question as
to why participants misperceived the source of discrimination.Enke(2020) suggests that this may
be a matter of complexity: agents may misperceive the mapping of separating application strategies
to rational discrimination. This is compelling since a large portion of my sample who misattribute
the source state they form their beliefs looking solely at the hiring histories, even though they
correctly perceive separating application strategies. If true then, participants may attribute dis-
crimination to taste-based sources as this justi�cation o�ers the path of least mental resistance.
Another explanation could be signal neglect (Giglio and Shue, 2014; Araujo et al., 2021; Graeber,
2023; Barron et al., 2024). Individuals may not account for the fact that they do not observe the
true qualities of applicants and thus the possible distribution of hiring histories from which they
may observe. Finally, individuals may employ representativeness heuristics in updating their be-
liefs on the probable cause of discriminatory outcomes (Bordalo et al., 2021, 2026). In doing so,
individuals see that discrimination is more representative of the taste-based discriminator and so
assign a higher probability to that being the cause of the inequality. I leave this investigation to
that of future research.

6 Conclusion
A number of authors have demonstrated the theoretical existence of self-con�rming discrimination
across various domains. In this equilibrium, discrimination represents a coordination error. How-
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ever, little is known about how such coordination errors arise and persist. This paper argues that
the answer lies just not in whether people anticipated about discrimination, but also in what they
believe causes it: misattributing statistical to taste-based discrimination leads to stickier inequality.

The present theoretical model applies the self-con�rming discrimination framework ofCoate
and Loury(1993) to the job search model ofLucas(1978). When workers correctly attribute the
discrimination to an informationally constrained unbiased employer, they foresee the outcome
as a coordination failure: they could reach a non-discriminatory equilibrium with an organised
shift in strategies. When workers instead misattribute the source of discrimination to prejudicial
preferences, discrimination becomes stickier. The non-discriminatory equilibrium is perceived as
attainable and so re-coordination is undervalued. Moreover, the outcomes do not challenge beliefs
and so misattribution can be stable.

A pre-registered laboratory experiment supports both the assumptions and the predictions of
this model. Facing a discriminatory hiring history, subjects assign a 57% probability to a taste-
based employer, signi�cantly above the 50% Bayesian benchmark, and this error is not benign: a
higher subjective probability of taste-based discrimination lowers predicted application rates for
the discriminated group and raises them for the favoured group. This e�ect concentrated exactly
where the model predicts it should be sharpest, among workers on the margin of applying. More-
over, I �nd that subjects who exhibit misattribution express an increased sense of market unfairness
when in the discriminated group and a lower willingness to pay for an a�rmative action policy
when in the favoured group. Both of these e�ects may have profound consequences in the ability
to re-coordinate the market to an outcome presenting less discrimination.

To conclude, the evidence presented in this paper paints a compelling story explaining the
emergence and persistence of discrimination traps. As the true prevalence of prejudiced employers
has fallen, the belief in them has not kept pace, and that misperception alone is enough to sustain
inequality, distort labour supply, and block the policies that would restore coordination. That gap
between reality and belief, this paper argues, is where discrimination hides.
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A Survey
Over the last century, the prevalence of prejudicial preferences has changed markedly. According to
the Gallup World Poll (2025), 94% of surveyed Americans disapproved of interracial marriages in
1958 whereas in 2021, the share disapproving had fallen to 4%. In a similar light, 64% of American
respondents stated that they would not vote for a well-quali�ed female presidential nominee from
their party in 1937. In 2024, only 5% stated that they would not vote for such a candidate. These
questions have been used as proxies for distaste against minority groups (see e.g.,Charles and
Guryan, 2008). In this section, I establish that individuals systemically misperceive the degree to
which these preferences are distributed today.

To measure such misperceptions directly, I conducted a survey in September 2025 using a sam-
ple of 401 participants based in the United States. The sample was representative of age, gender,
ethnicity and political a�liation. Participants were asked two questions on whether they person-
ally (i) support marriage between black and white people, and (ii) would vote for a well-quali�ed
female presidential candidate from their own party. These questions were chosen since they are
well-established in the Gallup World Poll and closely resemble dimensions of taste-based dis-
crimination. Respondents then stated their belief about the share of the other 400 respondents
who responded negatively to these questions.29

Responses to the personal views closely match the latest results from the Gallup World Poll
(2025). As presented in TableA.5, 4.0% of my respondents stated that they disapproved of interra-
cial marriage and 5.5% of my sample would not vote for the female candidate. For both questions,
respondents overestimated the share of others responding negatively by almost 500%. For interra-
cial marriage, the believed share disapproving was 22.2% while for female presidential candidate
support, the believed share stating they would not vote was 30.2%. Both of these are signi�cantly
greater than the true values (two-sided t-testsp < 0:001).

Even though private preferences have improved in accepting and supporting minorities, soci-
etal views of the preferences of the average individual are sticky. In the next section, I present a
theoretical model which establishes how such sticky preferences may sustain discrimination and
thus inequality.

29These beliefs were incentivised: for each question, participants who stated a belief closest to the true
value were entered into a draw to win $20. This was on top of the $0.68 each respondent received for
participating. The survey was coded in oTree (Chen et al., 2016) and respondents were recruited using
Proli�c.
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Table A.5: Overestimation of prevalence of prejudicial preferences

Share responding
negatively

Believed share
responding negatively

T-test mean
di�erence

(1) (2) (3)

Q1: Interracial 4.0 22.2 -18.2<<<

Marriage (0.010) (0.010) (0.013)

Q2: Vote for Female 5.5 30.2 -24.8<<<

Candidate (0.011) (0.010) (0.014)

Notes:Survey questions asked to a representative sample of 401 US participants on Proli�c. Representation
was computed according to age, gender, ethnicity and political a�liation of the general population. Question
1 askedDo you approve or disapprove of marriage between black people and white people?and question
2 askedWould you vote for a well-quali�ed presidential candidate from your own political party if that
person happened to be a female?Standard errors are presented in parentheses. Stars from two-sided t-test
< p < 0:1, << p < 0:05, <<< p < 0:01.
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B Proofs

Lemma 1

An individual i from groupg with ability qi is indi�erent to applying to the job when

qi =
!
2

H

1 + erf

Hu
�
2

.qi * ‚sg/

II

’ y.qi ; ‚sg/: (9)

De�ne �.q/ = y.q; ‚sg/ * q. As q ™ *Ø , erf.
ù

� _2.q * ‚sg// ™ *1 , soy ™ 0, and thus�.q/ =

y * q ™ +Ø .30 As q ™ +Ø , y ™ ! , so �.q/ ™ ! * Ø < 0. As �.q/ is continuous onq, the
intermediate value theorem guarantees at least one root i.e. one �xed point ofy.

For uniqueness, note that the derivative ofy with respect toq is

)y
)q

= !

u
�

2�
e* �

2
.q* ‚sg/2

: (10)

This is maximised atq = ‚sg, where the RHS equals!
ù

� _2� . Under Assumption 1,! f
ù

2� _� ,
so )y_)q f 1 for all q Ë R. Therefore�¨.q/ = )y_)q * 1 f 0 for all q with strict inequality
except possibly at the bound ifq = ‚sg. Since�¨.q/ = 0 holds at most at the single pointq = ‚sg and
�¨.q/ < 0 everywhere else,� is strictly decreasing onR and crosses zero exactly once.·

Corollary 1

By Lemma 1, the unique �xed point„qg satis�es „qg = y. „qg; ‚sg/. Since the range ofy.; �; ; ‚sg/ is
.0; ! /, it follows immediately that„qg Ë .0; ! /. ·

Lemma 2

Suppose for contradiction that the employer believes‚„qA = ‚„qB = ‚„q and sets, without loss of gener-
ality, sA > sB . Since both groups are believed to play the same cut-o� strategy‚„q, the distribution
of productivity conditional on application is identical across the two groups. By equation (7), the
posterior expected productivity of an applicant from groupg with signals is

E[qðs; q f ‚„q] =
t. ‚„q/ � u. ‚„q/ + �s

t. ‚„q/ + �

which does not depend ong. For any signals Ë [sB ; sA/, a groupB applicant is hired while a
groupA applicant with the same signal is rejected, yet both yield identical expected pro�t to the
employer. Since expected pro�t is strictly increasing ins, the employer would strictly prefer to
replace any hired groupB worker at signals Ë [sB ; sA/ with a rejected groupA applicant yielding
a slightly higher signals¨ Ë .sB ; sA/.

RaisingsB by any� B > 0 while decreasingsA by some� A > 0 such that the expected pro�ts
from hiring are unchanged, and continuing this untilsA = sB is weakly preferred. Therefore, any
sA = sB dominatessA ‘ sB , contradicting the optimality ofsA > sB .·

30The error function, erf, is used throughout the proofs. The function arises from the cumulative distri-
bution function of the normal distribution.
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Proposition 1

By Lemma 2, the belief„qA = „qB require hiring thresholdssA = sB to satisfy optimality.
By Lemma 1, at any belief‚sg, there exists a unique cut-o�„qg which solves (1) with equality.

Since� í N .0;1_� /, the signals = q + � satis�essðq í N .q;1_� /, so

P r.s g sðq/ =
1
2

L

1 * erf

Hu
�
2

.s * q/

IM

:

Substituting this in to the indi�erence condition atq = „q and inverting the error function gives the
hiring threshold as an explicit function of the cuto�:

s. „q/ = „q *

u
2
�

erf*1
0

2„q
!

* 1
1

:

This is well-de�ned for „q Ë .0; ! / since erf*1 has domain.*1 ;1/, con�rmed by Corollary 1. Under
pooling, „qA = „qB = „q andsA = sB = s. „q/, the satiation condition (6) can be rewritten as

� =
É

g

ng� g.h.�;  ; m; „q /; „q/ ’
É

g

ng Ê

„q

*Ø
P r

�
e g s. „q/ * qðq

�
f .q/dq ’ R. „q/: (11)

Substituting fors. „q/, (11) reduces to the following

� =
Ê

„q

*Ø
P r

0
e g „q * q *

u
2
�

erf*1
0

2„q
!

* 1
1

ðq
1

f .q/dq: (12)

Now, I derive the boundary values ofR. „q/:

1. At „q ™ 0+ : Since erf*1 .*1/ = *Ø , the threshold satis�ess. „q/ ™ +Ø . This means that
P r.� g s. „q/ * qðq/ ™ 0 for all �nite q as suchR. „q/ ™ 0.

2. At „q ™ ! * :Since erf*1 .1/ = +Ø , the threshold satis�ess. „q/ ™ *Ø . ThereforeP r.� g
s. „q/ * qðq/ ™ 1 for all q, andR. „q/ ™ ” !

*Ø f .q/dq = F .! /.

Applying the Leibniz rule to di�erentiateR. „q/, we get

R¨. „q/ = P r.s g s. „q/ * qðq = „q/f . „q/ +
Ê

„q

*Ø

)
) „q

P r.s g s. „q/ * qðq/f .q/dq:

The �rst term is strictly positive sincef q. „q/ > 0, probabilities are non-negative andq has full
support. For the second term, let�. „q; q/ = s. „q/ * q denote the net threshold. Then

)
) „q

P r.s g � ðq/ = * E� � s¨. „q/;

whereE� is the density of� . Di�erentiating the optimal signal threshold gives

s¨. „q/ = 1 *
1
!

u
2�
�

e[erf*1 . 2„q
!

*1/] 2
:

By Assumption 1,! f
ù

2� _� , and since the exponential factor is at least 1, it follows that
s¨. „q/ f 0. Therefore* eE� � s¨. „q/ g 0, and so the integrand in the second term is non-negative.
HenceR¨. „q/ > 0 for all „q Ë .0; ! /.

Given thatR. „q/ is continuous and strictly increasing on.0; ! / with R.0/ = 0 andR.! / =
F .! /, the intermediate value theorem implies that for any� Ë [0; F .! /] , there exists some„q< Ë
.0; ! / such thatR. „q</ = �: Moreover, this means that„q< is increasing in� .

Setting „qA = „qB = „q< andsA = sB = s. „q</ satis�es:
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ˆ Belief consistency(4): beliefs are self-con�rming since„q< is the unique best response to
s. „q</.

ˆ Optimality (5): follows from Lemma 2.

ˆ Satiation (6): holds by construction sinceR. „q</ = � .

This constitutes a non-discriminatory Perfect Bayesian Equilibrium.·

Proposition 2

Substituting (1) into (7), for self-con�rming beliefs to be pro�t maximising, this must satisfy the
following condition,

� . „qA/ = � . „qB / where � .q/ =
q + x.q/ +

t
2
�
erf*1

�
1 * 2q

!

�

t.q/ + �
(13)

wherex.q/ = t.q/u.q/_� . The proof proceeds in two steps. First, I show that if Assumption 1
holds, then there are some values of wages and productivity distributions such that� .q/ is convex
for someq Ë ƒQ where ƒQ Ï .0; ! /.

Claim I: If Assumption 1 holds, there are non-empty setsM Ï .0;Ø/ and
 Ï R++ such that if
� Ë M, there is some wage! Ë 
 such that� .q/ is strictly convex forq Ë ƒQ Ï .0; ! /.

Proof. To prove this claim, I �rst compute the derivative of� .q/ and then show by construction
that there are values ofq Ë .0; ! / such that this derivative is positive.

The domain of� .�/ is determined by the domain of the (�nite) inverse error function which is
.*1 ;1/. Thus the domain of� .�/ is .0; ! / which is the set laid out in Corollary 1.

Given the domain of� .�/, the bounds of the range are de�ned by� .0/ = Ø and� .! / = *Ø .
Since this function is continuous over this interval, it must be a decreasing function. The function
is strictly convex forq Ë Q Ï .0; ! / if there exists two turning points in the function. As the
function is locally decreasing at least over some of the domain.0; ! /, it su�ces to show that there
is someq Ë .0; ! / such that� ¨.q/ > 0. The derivative of the inverse error function with respect
to its input is the lowest when the input is equal to zero i.e. whenq = ! _2. It therefore su�ces to
show� ¨.! _2/ > 0.

The derivative of� .q/ is the following,

� ¨.q/ =
.� + t.q//

�
1 + x¨.q/ * 1

!

t
2�
�

e.erf*1 .1* 2q
!

//2
�

* t¨.q/
�

q + x.q/ +
t

2
�
erf*1 .1 * 2q

!
/
�

.� + t.q//2
:

Substitutingq = ! _2 and usingt = t.! _2/ andu = u.! _2/ for convenience, the derivative
can be evaluated at this point,

� ¨.! _2/ =
1 * 1

!

t
2�
�

t + �
+

u¨t + u¨ t2

�
+ t¨u * t¨ !

2

.t + � /2
:

Therefore, a su�cient condition for strict convexity on someƒQ is that� .! _2/ > 0 which requires

.t + � /
0

1 *
1
!

u
2�
�

1
> t ¨

� !
2

* u
�

* u¨t
0

1 +
t
�

1
: (14)
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Letting ! equal its upper bound from Assumption 1,! =
ù

2� _� and thus the LHS of (14) is
equal to 0. To compute the RHS, I need to de�ne theu¨ andt¨.

The described mean of the normal distributionN .�; 1_� / truncated from above ata is

‚� .a/ = � *
� .z.a//

ù
�

(15)

where

z.a/ =
ù

� .a * � /; � .x/ =
	. x/
c.x/

; 	. x/ ’
1

ù
2�

e* x2

2 ; c.x/ ’
1
2

L

1 + erf

H
x

ù
2

IM

:

Using the functional forms of	. �/ andc.�/, I can �nd their derivatives	 ¨.z.a// = * z.a/	. z.a//
andc¨.z.a// = 	. z.a// . Therefore, it must be that� ¨.z.a// = * z.a/� .z.a// * � .z.a//2. Di�erenti-
ating ‚� .a/ with respect toa gets

d ‚� .a/
da

= *
� ¨.z.a// dz.a/

da
ù

�
= * � ¨.z.a// = � .z.a// [z.a/ + � .z.a// ]

Since the mean of a distributed truncated above ata is strictly less thana, it must be that
� .z.a// > * z.a/. Thus, the term inside the brackets above must be greater than zero and as such
‚� ¨.a/ > 0 for all a.

Substitutingz = z.! _2/ and� = � .z/, the concentration of the normal distributionN .�; 1_� /
truncated from above at! _2 is

t =
�

1 * � 2 * z�
: (16)

The derivative of this with respect to the truncation point can be written as,

t

ù
�� * . z + 2� /.z� + � 2/

1 * � 2 * z�
(17)

Substituting these back into (14) with the condition that! =
ù

2� _� , we get

0 >
� !

2
* u

� ù
�� * . z + 2� /.z� + � 2/

1 * � 2 * z�
* � .z + � /

0
1 +

t
�

1
:

Sincez =
ù

� .! _2 * � /, then! _2 * u = ! _2 * � + � _
ù

� = . z + � /_
ù

� . Using this substitution,
the RHS can be simpli�ed to

� .z + � /

L
1 * .1_

ù
� /.z + 2� /.z + � /

1 * � 2 * z�
*

0
1 +

t
�

1 M

:

As 1 + t_� > 0 by de�nition, we need to show that there are some values of! where the fraction
inside the brackets is negative. This condition can be written as

ù
� < .z + 2� /.z + � /: (18)

At ! = 2� , z = 0 and� =
ù

2_� , the RHS of (18) becomes4_� which, given that� f 1, satis�es
this condition. Given the continuity of the expression, at this level of! , there are some values of�
such that the condition still holds. Thus, this shows that by setting! at its upper bound, there are
some values of� such that (14) holds. As the RHS of (14) is strictly a function ofz, I can decrease
! and� by some amounts such thatz and therefore the whole RHS of (14) remains unchanged.
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Therefore, for some setM Ï .0;Ø/ , there are some� Ë M such that there are some wages
! such that� ¨.! _2/ > 0 and thus there is a setƒQ Ï .0; ! / such that� .q/ is strictly convex for
q Ë ƒQ.·

Given Claim I, � .q/ is strictly convex over someƒQ = . qm; qm/ Ï .0; ! /. Since� is continu-
ous and decreasing over some of the domain.0; ! /, strict convexity onƒQ implies that� ¨ changes
sign twice on ƒQ: there existq1 < q2 in ƒQ such that� ¨.q1/ = 0 and� ¨.q2/ = 0, with � ¨.q/ > 0 for
q Ë .q1; q2/. Thusq1 is a local minimum of� andq2 is a local maximum, with� .q1/ < � .q2/.

Now pick any target value� Ë .� .q1/; � .q2// . We apply the intermediate value theorem (IVT)
three times to the continuous function� :

1. On .0; q1/: since� .0+ / = +Ø > � > � .q1/, by the IVT there exists„q.1/ Ë .0; q1/ such that
� . „q.1/ / = � .

2. On .q1; q2/: since� .q1/ < � < � .q2/, by the IVT there exists„q.2/ Ë .q1; q2/ such that
� . „q.2/ / = � .

3. On .q2; ! /: since� .q2/ > � > � .! * / = *Ø , by the IVT there exists„q.3/ Ë .q2; ! / such
that� . „q.3/ / = � .

Since� is strictly monotone on each of the three sub-intervals.qm; q1/, .q1; q2/, and.q2; qm/,
these three solutions are unique within their respective intervals and mutually distinct.

Let „q.2/ be application strategies de�ned by the non-discriminatory equilibrium established
in Proposition 1. Tthen the condition (13) requires� . „qA/ = � . „qB /, and the three solutions above
correspond to: (i) the non-discriminatory equilibrium in which„qA = „qB = „q.2/ , and (ii) two
discriminatory equilibria. „qA; „qB / where „qA ‘ „qB . Therefore, if the condition in Lemma 1 holds,
as long as the non-discriminatory equilibrium exists by Proposition 1 and it lies in.q1; q2/, there
are two discriminatory equilibria.

The value of the non-discriminatory equilibrium is determined by the value of� and must lie
in some subset of.0; F .! // . As (6) is continuous in� , if claim 1 holds andq1 < q2, it must be that
there is some set of� in � Ï .0; F .! // such that the non-discriminatory equilibrium is de�ned by
„q.2/ Ë .q1; q2/. Since� is only restricted by an upper bound in Assumption 2, it must be that„q.2/

is a non-discriminatory equilibrium de�ned by a� which is less thanF .! / where! f
ù

2� _� .
As F .x/ is increasing inx, it must be that if„q.2/ is the non-discriminatory equilibrium, it must be
de�ned by some� < F .

ù
2� _� /.

To show that there are conditions under which these equilibria conditions are satis�ed with my
parameter restrictions from Assumptions 1 and 2, suppose that� = ! _2. By Claim I and the IVT
argument above, (5) has multiple solutions for some values of„qand this is satis�ed when„q = ! _2
since this implies thatz.! _2/ = 0 such that� ¨.! _2/ > 0 and therefore! _2 Ë .q1; q2/. Also set
! =

ù
2� _� such that Assumption 1 is binding, and� = � . Then Assumption 2 de�nes an upper

bound to� which is F .! / = 1_2.1 + erf.
ù

� _2//. It remains to show that the� which de�nes
the non-discriminatory equilibrium at„q.2/ = ! _2 is below this upper bound such that multiple
discriminatory equilibria also exist at this value of� .

Substituting these parameters values into (12), we get

� =
Ê

! _2

*Ø
P r.� g

!
2

* qðq/f .q/dq:

Using the substitutionv =
ù

� .q * ! _2/ such thatv í N .0;1/ thenf .q/dq = ƒ .v/dv = d ƒc.v/
whereƒ is the standard density function andƒcis the standard distribution. The upper limitq = ! _2
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maps tov = 0. Since� í N .0;1_� / independently ofq, we have
ù

�� í N .0;1/ and as such

P r.� g
!
2

* qðq/ = P r.
ù

�� g * v/ = ƒc.v/:

Therefore

� =
Ê

0

*Ø
ƒc.v/d ƒc.v/ =

4
ƒc.v/2

2

50

*Ø
=

1
8

which is less than the upper bound de�ned above. In this case, all equilibrium conditions and
assumptions are satis�ed.·

Corollary 2

The expected payo� to workers given an equilibrium cut-o� application strategy is

EU . „q/ =
!
2 Ê

„q

*Ø

H

1 + erf

Hu
�
2

0
q * „q +

u
2
�

erf*1
0

2„q
!

* 1
11 II

«­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­¯­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­­¬
.I /

dq+
Ê

Ø

„q
qf .q/dq

«­­­­­̄ ­­­­­¬
.I I /

(19)

where (I) is the probability of being hired in an equilibrium givens is self-con�rming, and (II) is
the income from entrepreneurship. To di�erentiate this with respect to the maximum productivity
value of application,„q, I must employ the Leibniz rule to each component. Beginning with (II)
�rst, the derivative of this with respect to„q is * „q.

Moving to (I), whenq = „q, the expression becomes2„q_! . Substitutingk = erf*1 .2 „q_! * 1/ ,

 =

ù
2_� � k, andZ =

ù
� _2.q * „q + 
 /, then we can write.I / as1 + erf.Z /. For the Leibniz

rule, I need to compute the derivative of this with respect to„q which can be written as

)
) „q

� .1 + erf.Z // =
)Z
) „q

�
2

ù
�

e* Z 2

where)Z _) „q =
ù

� _2.*1 + )
 _) „q/. Therefore, the derivative of (I) applying the Leibniz rule
can be written as

2„q
!

+
0

d

d „q

* 1
1

Ê

„q

*Ø

2
ù

�

u
�
2

e* Z 2
dq:

Applying the substitution of� = Z , this means thatdq =
ù

2_� � d� and� ðq= „q = k. Therefore,
the above can be rewritten as

2„q
!

+
0

d

d „q

* 1
1

Ê

k

*Ø

2
ù

�
e* � 2

d�:

The integral is therefore equal to1 + erf.k/ which is evaluated to be to2 „q_! . Moreover, we can
computed
 _d „q as

ù
2� _� .ek2

_! /. Therefore, the derivative of (19) is the following

dEU. „q/
d „q

=
!
2

4
2„q
!

+
2 „q
!

0 u
2�
�

ek2

!
* 1

15
* „q: (20)

This can be simpli�ed to
dEU. „q/

d „q
= „q

4u
2�
�

ek2

!
* 1

5
: (21)

Given Assumption 1 and thatek2
g 1, the expression inside the brackets is always positive. Given

that „q Ë .0; ! /, this derivative is always positive demonstrating that as the equilibrium cut-o�
productivity value increases, the aggregate earnings of any worker group increase with their equi-
librium cut-o� „qg. ·
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Proposition 3

The employer's problem is unchanged, so, given Assumptions 1 and 2 hold, the employer's op-
timal hiring strategy is unchanged from Proposition 1. It therefore su�ces to show that pooling
application strategies cannot constitute a best response when‚m < 0.

From (1), the application strategies of workers are only pooling if they believe that the sig-
nal thresholds are equal. However, if the employer is perceived to be biased‚m < 0, then their
optimality condition is perceived to be

E[qðsA; A; q f „qA] = E[qðsB ; B; q f „qB ] * ‚m:

Since ‚m < 0, this requires the employer to set a higher expected productivity threshold for group
A. By Lemma 2,„qA = „qB = „q implies identical posterior distributions across groups. However,
the optimality condition under‚m < 0 requiresE[qðsA; A; q f „q] > E[qðsB ; B; q f „q] which, by
strict monotonicity of the posterior, implies thatsA > sB . From (1), workers' cut-o� application
strategies depend only on the perceived thresholds, and unequal perceived thresholds generate
unequal cut-o�s by the uniqueness result in Lemma 1. Thus workers cannot perceive pooling
strategies as a best response when‚m < 0, so the non-discriminatory equilibrium is not a Bayesian
Nash Equilibrium under De�nition 2.·

Proposition 4

Under ‚ = 0 and ‚m < 0, workers believe the employer sets hiring thresholds satisfying‚m =
sB * sA. Substituting the threshold functions. „q/ derived above gives the perceived optimality
locus

‚m =
0

„qB *

u
2
�

erf*1
0

2„qB

!
* 1

11
*

0
„qA *

u
2
�

erf*1
0

2„qA

!
* 1

11
: (22)

Sinces. „q/ is strictly decreasing in„q, the condition that‚m < 0 requiressA > sB , which in turn
requires„qA < „qB . Thus, the locus de�ned by (22) is strictly above the 45 degree line on the. „qA; „qB /
plane.

Fixing „qB , a lower ‚m requires a highersA which, by strict monotonicity ofs, requires a lower
„qA. Thus, for any �xed„qB , the corresponding„qA is strictly increasing in‚m.

By the de�nition of the satiation condition, (11), as „qA decreases,„qB must increase to satisfy
the condition. Therefore, if the non-discriminatory equilibrium exists, then the satiation locus (11)
is decreasing on the. „qA; „qB / plane and crosses the 45 degree line at the non-discriminatory equi-
librium „q<. For ‚m = 0, the perceived optimality locus (22) is the 45 degree line so the two loci
intersect at„q<. Given the continuity of (22) in ‚m, (22) approaches the 45-degree line asymptotically
as ‚m ™ 0.

As s. „qA/ ™ +Ø , „qA ™ 0, so the conditions. „qB / = ‚m + s. „qA/ requiress. „qB / ™ +Ø , hence
„qB ™ 0. (22) therefore approaches the origin in the limit.

At the upper limit, ass. „qA/ ™ *Ø , „qA ™ ! , so the conditions. „qB / = ‚m + s. „qA/ requires
s. „qB / ™ *Ø which requires„qB ™ ! . Thus, (22) approaches.!; ! / in the upper limit. However,
given that„q Ë .0; ! /, the locus cannot intersect either of these limiting points.

Given the above, the locus prescribed by (22) lies between.0;0/ and.!; ! /, touching neither
point, above the 45-degree line when‚m < 0. Moreover, at intermediate values of„qB Ë .0; ! /,
the prescribed value of„qA is increases with‚m. In the limit of ‚m ™ *Ø , for any prescribed„qB ,
it must be thats. „qA/ = Ø which implies that for any„qB below! , the corresponding value of„qA
must be0. As s. „q/ is a continuous function in„q and (22) is continuous in‚m, the intersection point
of the satiation locus, (11), and the perceived optimality constraint, (22), moves further from the
45-degree line as‚m decreases until it intersects at some point.0; „q£

B / when ‚m = *Ø . Therefore,
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as the non-discriminatory equilibrium de�ned by Proposition 2 lies along the satiation locus, (11),
between the 45-degree line and the bound.0; „q£

B /, by the intermediate value theorem, there must
be some value of‚m < 0 such that (22) and (11) intersect at the non-discriminatory equilibrium
de�ned by Proposition 2.·

Proposition 5

Under ‚ = 1 and the cursedness assumption‚„qA = ‚„qB = ‚„q, workers believe the employer is sophis-
ticated but perceive both groups as playing the same cut-o� strategy. By Lemma 2, a sophisticated
employer facing equal perceived application strategies sets equal signal thresholds absent any bias,
i.e. ‚sA = ‚sB when ‚m = 0. Under perceived bias‚m < 0, the sophisticated employer's optimality
condition requires

E[qðsA; A; q f „qA] = E[qðsB ; B; q f „qB ] * ‚m:

Since workers believe that‚qA = ‚qB , the posterior distributions are perceived identical across
groups. By the strict monotonicity of the posterior in the signal, this requires‚sA = ‚sB * ‚m, which
is exactly the perceived relationship under‚ = 0 in Proposition 4. The remainder of the proof:
that the satiation and perceived optimality loci intersect at the discriminatory equilibrium from
Proposition 2 for some‚m < 0, then follows by the argument of Proposition 4.·
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C Practical procedure of the employer's updating
In practise, employer type B conducted two sets of Bayesian inference. In each round, it �rst
predicted the underlying productivity values of applicants given their colour, productivity value
and its belief of participant strategies: the maximum productivity value at which participants from
each colour would apply. Second, it would then update its belief of strategies using the distribution
of signals observed from each colour.

Type B assumes that a participants from groupg adopt a cuto� application strategy and only
apply if their productivity value is below some productivity value threshold„qg. The Bayesian type
predicts the underlying productivity value using its prior belief of„qg, the observed signal, the
known concentration� of productivity and signal precision� just as in the theoretical model.

After observing a full round's signals for a given group, type B updates its belief about that
colour's application threshold„qg. This is treated as a Bayesian updating problem over a discretised
grid of candidate threshold values. Employer B holds a prior belief„qg í N .mg; v2

g/, calibrated
separately for each group and carried forward from the previous round's posterior.

For each candidate value of„qg on the grid, the model computed the implied truncated-normal
moments.� trunc. „qg/; � trunc. „qg// where� trunc. „qg/ is the mean value ofq given a truncation at candi-
date value„qg and� trunc. „qg/ is the corresponding concentration. It then evaluated the likelihood of
that round's observed signals under a normal distribution with mean� trunc. „qg/ and concentration
1_� trunc. „qg/ + 1_� . Critically, this likelihood is a joint likelihood across all signals observed from
that group in the round, not for each signal individually,

LogL . „qg/ =
KÉ

i=1

log
 .sið� trunc. „qG/; 1_� . „qg/ + 1_� / (23)

whereK is the number of applicants from groupg in the round. Combining this with the log-prior
carried forward and normalising numerically using a trapezoidal integration over the grid, yields
the full posterior distribution over„qg from which type B extracts a posterior mean and standard
deviation,.mg; vg/. This posterior mean becomes the prior mean for the group entering the next
round.

To calibrate updating, I simulated experimental data to ensure that the employer's belief of
strategies could converge promptly to either equilibria should participants converge their strate-
gies to such while permitting some lag to allow participant learning. Thus, I set the standard devi-
ation of this initial belief to be 15. FiguresC.1andC.2show simulations of this procedure when
the economy remains in a discriminatory and non-discriminatory equilibrium respectively. These
simulations were conducted prior to the �rst session in which it was determined that for �nancial
reasons, only 8 rounds could be conducted instead of the intended 12. Due to time constraints
with the laboratory, this amendment had to be made overnight and so further simulations were not
possible.

Robustness of the procedure to shocks

A shock that may occur in the updating process concerns the introduction of a quota. FiguresC.3
andC.4 present simulations of the updating procedure after a successful and unsuccessful quota
respectively. A successful quota refers to one in which participants successfully converge to non-
discriminatory application strategies following the quota's removal. As evidenced, the updating
procedure is sensitive to such a coordinated shift in strategies.

A natural concern with the updating procedure is whether a single participant's atypical be-
haviour, for instance, one participant applying with an unusually high productivity value contrary
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Figure C.1: Discriminatory equilibrium

Note:Simulated experiment outcomes with starting point outlined in Figure 3 and prior standard deviation
15. Simulated application strategy is congruent with DE1 where green workers apply if and only if their
productivity value is less than or equal to 1 and purple workers apply if and only if their productivity value
is less than or equal to 58. Upper graph shows the simulated average rate of hiring green and purple workers.
Lower graph shows the simulations of posterior means of participant application strategies by colour. Thick
lines are the average over simulations.

to the rational strategy, could disproportionately distort type B's belief about the entire group.
Three features of the procedure jointly mitigate this risk.

First, since the likelihood function in equation (23) aggregates log-densities across all signals
observed from a group in a given round, one atypical signal is evaluated jointly alongside the
remaining signals from co-applicants, rather than driving the update in isolation. Therefore, the
in�uence of the atypical signal is diluted by however many other applicants from that group appear
in the same round.

Second, the prior beliefN .mg; v2
g/ carried over from the previous round acts as an anchor.

Since the posterior is proportional to the product of the prior and the likelihood, a moderately in-
formative prior exerts continued pull toward the previous round's belief. This means that evidence
from a single round, however extreme, cannot move the posterior arbitrarily far.

Third, the signal-generating process itself embeds substantial idiosyncratic noise: with my
parametrisation, the signal noise precision implies a standard deviation of 81.85. Since the noise
term enters the likelihood's variance directly, individual signals are inherently unreliable evidence
about the underlying threshold. This also limits the incentive for atypical behaviour in an e�ort to
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Figure C.2: Non-discriminatory equilibrium

Note:Simulated experiment outcomes with starting point outlined in Figure 3 and prior standard deviation
15. Simulated application strategy is congruent with NE where both groups of workers apply if and only if
their productivity value is less than or equal to 38. Upper graph shows the simulated average rate of hiring
green and purple workers. Lower graph shows the simulations of posterior means of participant application
strategies by colour. Thick lines are the average over simulations.

nudge the belief updating process: a participant cannot guarantee the production of a high signal
and cannot guarantee that next round they draw a productivity value su�cient to repeat the atypical
behaviour.
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Figure C.3: Successful Quota in round 7

Note:Simulated experiment outcomes with starting point outlined in Figure 3 and prior standard deviation
15. Simulated application strategy is congruent with DE1 in the �rst 6 rounds and NE in the last 6 rounds.
This is akin to a quota being enforced in round 7 and thereafter strategies converge to the non-discrimination
equilibrium. Upper graph shows the simulated average rate of hiring green and purple workers. Lower graph
shows the simulations of posterior means of participant application strategies by colour. Thick lines are the
average over simulations.
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Figure C.4: Unsuccessful Quota in round 7

Note:Simulated experiment outcomes with starting point outlined in Figure 3 and prior standard deviation
15. Simulated application strategy is congruent with DE1 except in round 7 where a quota is implemented
and NE is enforced. Upper graph shows the simulated average rate of hiring green and purple workers. Lower
graph shows the simulations of posterior means of participant application strategies by colour. Thick lines
are the average over simulations.
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D Additional results referenced in text

Figures

Figure D.1: Distribution of random draws across treatments

Note:This graph shows the distribution of (i) productivity values and (ii) noise across treatments. All rounds
are pooled together. P-values are computed by joint F-test of mean di�erence.
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Figure D.2: Share of decisions that are irrational according to the favouritisim implied by
hiring decisions

Note:Irrational decisions refer to instances in which a participant draws a productivity value of 90 or more
and applies for a job or one of less than 0 and does not apply. "Greens favoured" refers to the occasions where
more than 2/3 of the past hiring decisions have been to green workers. "No discrim" refers to occasions
where this cumulative average shows that the share of past hiring decisions in favour of purple workers has
been between 1/3 and 2/3. "Purples favoured" refers to the occasions where 2/3 or more of the past hiring
decisions have been to purple workers. 95% con�dence intervals presented.

Figure D.3: Average subjective probability that the employer is type A by round when
purple workers are favoured in the hiring history

Note:This graph shows the average believed probability that the employer is type A (the taste-based dis-
criminator) is in use by individuals observing a hiring history in which at least 2/3 of the hires are purple.
Error bars show 95% con�dence intervals.
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(i) Green workers (ii) Purple workers

Figure D.4: Predicted probability of application at alternative attributions

Note: Each curve plots the average adjusted predicted probability of application,‚P.apply = 1 Ýprod =
q; belief = b/, for each colour group of workers, computed from a logit model estimated using participants
in rounds they draw a productivity value in the set[0; 90/. Predicted probabilities are evaluated over a grid of
productivity values in this range (step= 5) at two �xed values of the participant's subjective belief that the
employer is type Â 0;1`. The logit model includes controls for previous round's subjective probability of
the employer being type A, a linear and quadratic term for productivity value, session and round �xed e�ects
as well as individual controls including age, gender, education level (proxied by whether one is studying
for or has achieved a degree higher than a Bachelors), student status, 5-point Likert scales on economic
and social political leaning, and risk preferences as proxied for by aGneezy and Potters(1997) investment
game. Shaded bands denote 95% con�dence intervals based on standard errors clustered at the society level.
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Figure D.5: Fairness perception of hiring process after round 4

Note: This graph shows the average response to the questionTo what extent do you consider the hiring
procedure has been fair thus far?asked after round 8. Responses are coded to a 5-point Likert scale where
1 is very unfair and 5 isvery fair. Individuals are asked this question after being informed of the true
employer type, if inrevealedtreatment. Error bars show 95% con�dence intervals.

Figure D.6: Ex-ante perceived likelihood of temporary a�rmative action e�cacy

Note:This graph shows the perceived likelihood of the quota being e�ective in increasing the share of green
hires as elicited in the midline survey. Responses are recorded using a 5-point Likert scale in which 1 is
equal to very unlikely and 5 is equal to very likely. Error bars show 95% con�dence intervals.
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(i) Extensive margin (ii) Intensive margin

Figure D.7: Extensive and Intensive margins of demand for a quota

Note:These graphs show the demand for one round of a quota as described by the bid on the (i) extensive
and (ii) intensive margins. Panel (i) shows the proportion of participants with a non-zero bid for the quota
and panel (ii) shows the average bid for the quota conditional on the bid not being 0. Error bars show
95% con�dence intervals. Stars show the signi�cance of the di�erence computed from a two-sided t-test:
*p<0.10, **p<0.05, ***p<0.01.

Figure D.8: Demand for temporary a�rmative action conditional on hiring history

Note:This graph shows the average bid for one period of a�rmative policy to be enacted in round 5 con-
ditional on the hiring history observed at round 4 showing at least 50% of previous hires going to purple
workers. Participants could bid between 0 and 20 tokens and place their bid after being informed of the true
employer type, if inrevealedtreatment. Error bars show 95% con�dence intervals. Stars show the signi�-
cance of the di�erence computed from a two-sided t-test: *p<0.10, **p<0.05, ***p<0.01.
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Figure D.9: Bids for temporary a�rmative action by subjective probability of employer
being type A

Note:This graph plots the bids for one period of a quota by the subjective probability of the employer being
type A by colour for participants in the baseline treatment. A quadratic best �t line is imposed on the scatter
plot.

Figure D.10: Bids for temporary a�rmative action by subjective probability of employer
being type A (revealedtreatment)

Note:This graph plots the bids for one period of a quota by the subjective probability of the employer being
type A by colour for participants in therevealedtreatment. A quadratic best �t line is imposed on the scatter
plot.
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(i) Applicants (ii) Hires

Figure D.11: Ex-post perceived likelihood of temporary a�rmative action e�cacy, par-
ticipants who did not experience a quota

Note: This graph shows the perceived likelihood of the quota being e�ective in increasing the share of
green (i) hires and (ii) applicants as elicited in the �nal survey. Participants who experienced a quota are
excluded. Responses are recorded using a 5-point Likert scale in which 1 is equal to very unlikely and 5
is equal to very likely. N=112 for all participants in each treatment; N=56 for each colour of participants
in each treatment. Error bars show 95% con�dence intervals. Stars show the signi�cance of the di�erence
computed from a two-sided t-test: *p<0.10, **p<0.05, ***p<0.01.
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Tables

Table D.1: Misattribution: E�ect of cumulative average share of purple hires on believed
probability of the employer being type A (Rounds 2+)

Dependent Variable: Subjective probability that employer is type A

Rounds 2+

(1) (2) (3) (4)

Share of hires purple 0.640<<< 0.668<<< 0.996<<< 0.994<<<

(0.110) (0.089) (0.237) (0.241)

Session FEs ‚ ‚ ‚
Individual FEs ‚ ‚
Round FEs ‚

Baseline mean 0.458 0.458 0.458 0.458
Observations 1280 1280 1280 1280
R2 0.159 0.214 0.604 0.608

Notes:Linear �xed e�ects model estimation of the subjective probability that the employer is type A, the
taste-based discriminator, on the cumulative share of previous hires that go to purple candidates. Round 1
is excluded. Sample includes the baseline treatment and �rst four rounds ofrevealedtreatment. Baseline
mean is the average subjective probability that the employer is type A based of the whole included sample
where the average share of hires going to purple candidates was 58.5%. Standard errors displayed below
the coe�cient estimates are clustered at the society level. *p<0.10, **p<0.05, ***p<0.01
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Table D.2: Misattribution: E�ect of cumulative average share of purple hires on subjective probability of the employer being type A excluding
irrational decision makers

Dependent Variable: Subjective probability that employer is type A

All rounds Rounds 2+

(1) (2) (3) (4) (5) (6) (7) (8)

Share of hires purple 0.630<<< 0.718<<< 0.858<<< 0.864<<< 0.669<<< 0.711<<< 1.049<<< 1.043<<<

(0.077) (0.065) (0.102) (0.123) (0.104) (0.084) (0.232) (0.241)

Session FEs ‚ ‚ ‚ ‚ ‚ ‚
Individual FEs ‚ ‚ ‚ ‚
Round FEs ‚ ‚

Baseline mean 0.471 0.471 0.471 0.471 0.455 0.455 0.455 0.455
Observations 1479 1479 1479 1479 1232 1232 1232 1232
R2 0.217 0.260 0.563 0.567 0.174 0.230 0.610 0.615

Notes:Linear �xed e�ects model estimation of the subjective probability that the employer is type A on the cumulative share of hires that are purple. Participants who are
irrational in their application decision are excluded. Baseline mean is the average subjective probability that the employer is type A based of the whole included sample
where the average share of hires going to purple candidates was 60.5% (columns 1-4) and 58.5% (columns 5-8). Standard errors displayed below the coe�cient estimates
are clustered at the society level. *p<0.10, **p<0.05, ***p<0.01
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Table D.3: Misattribution: E�ect of cumulative average share of purple hires on subjective probability of the employer being type A excluding
by round pairings

Dependent Variable: Subjective probability that employer is type A

Rounds 1-2 Rounds 3-4 Rounds 5-6 Rounds 7-8

(1) (2) (3) (4) (5) (6) (7) (8)

Share of hires purple 0.698<<< 0.709<<< 0.523<< 0.565<< 3.049<< 3.049<< 1.632< 1.844<<

(0.072) (0.069) (0.190) (0.196) (0.960) (0.987) (0.720) (0.603)

Session FEs ‚ ‚ ‚ ‚ ‚ ‚ ‚ ‚
Individual Controls ‚ ‚ ‚ ‚

Baseline mean 0.495 0.491 0.477 0.477 0.461 0.461 0.438 0.438
Observations 512 512 512 512 256 256 256 256
R2 0.342 0.374 0.188 0.234 0.279 0.339 0.333 0.387

Notes:Linear �xed e�ects model estimation of the subjective probability that the employer is type A on the cumulative share of hires that are purple. Even columns
include individual level controls in place of individual �xed e�ects. These are age, gender, education level (proxied by whether one is studying for or has achieved a
degree higher than a Bachelor's), student status, 5-point Likert scales on economic and social political leaning, and risk preferences as proxied for by aGneezy and Potters
(1997)-style investment game. Baseline mean is the average subjective probability that the employer is type A based of the whole included sample where the average share
of hires going to purple candidates was 65.1% (columns 1-2), 59.5% (columns 3-4), 57.9% (columns 5-6), and 55.9% (columns 7-8). Standard errors displayed below the
coe�cient estimates are clustered at the society level. *p<0.10, **p<0.05, ***p<0.01
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Table D.4: Misattribution: E�ect of cumulative average share of purple hires on believed probability of the employer being type A, for
participants with productivity values in the set[0; 90/

Dependent Variable: Believed probability that employer is type A

All rounds Rounds 2+

(1) (2) (3) (4) (5) (6) (7) (8)

Share of hires purple 0.578<<< 0.739<<< 0.901<<< 0.879<<< 0.565<<< 0.686<<< 0.957<< 0.942<<

(0.070) (0.066) (0.140) (0.125) (0.108) (0.082) (0.344) (0.350)

Session FEs ‚ ‚ ‚ ‚ ‚ ‚
Individual FEs ‚ ‚ ‚ ‚
Round FEs ‚ ‚

Baseline mean 0.466 0.466 0.466 0.466 0.448 0.448 0.448 0.448
Observations 622 622 622 622 512 512 512 512
R2 0.193 0.246 0.671 0.675 0.130 0.197 0.705 0.710

Notes:Linear �xed e�ects model estimation of the subjective probability that the employer is type A on the cumulative share of hires that are purple. Participants who
are irrational in their application decision are excluded. Sample is restricted to observations at which the cumulative average share of purple hires was at least 50% and in
which a productivity value in the set[0; 90/ is drawn. Baseline mean is the average subjective probability that the employer is type A based of the whole included sample
where the average share of hires going to purple candidates was 60.4% (columns 1-4), and 58.3% (columns 5-8). Standard errors displayed below the coe�cient estimates
are clustered at the society level. *p<0.10, **p<0.05, ***p<0.01
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Table D.5: Misattribution perpetuates discrimination: E�ect of subjective probability of the employer being type A, by rounds

Dependent Variable: Application decision

Rounds 3-8 Rounds 2-4

(1) (2) (3) (4) (5) (6) (7) (8)

Subj. prob. of type A -1.211< -1.732<< -1.702<< -1.766<< -0.511 -1.062 -1.382 -1.444
(Previous round) (0.726) (0.713) (0.834) (0.816) (1.005) (1.115) (1.518) (1.512)

Purple -1.544<<< -1.729<<< -1.677<<< -1.717<<< -1.009< -1.227<< -1.316<< -1.300<<

(0.545) (0.599) (0.634) (0.606) (0.564) (0.583) (0.651) (0.652)

Purple• Subj. prob. of type 2.632<< 2.956<< 3.123<< 3.279<< 1.930 2.267 2.723< 2.754<

A (Previous round) (1.217) (1.330) (1.532) (1.491) (1.359) (1.447) (1.616) (1.608)

E�ect of belief on purple 1.454<< 1.267< 1.461 1.551< 1.419 1.204 1.341 1.310

Session FEs ‚ ‚ ‚ ‚ ‚ ‚
Individual Controls ‚ ‚ ‚ ‚
Round FEs ‚ ‚

Baseline mean 0.557 0.557 0.557 0.557 0.544 0.544 0.544 0.544
Observations 332 332 332 332 193 193 192 192
R2 0.139 0.179 0.221 0.236 0.175 0.234 0.291 0.293

Notes:Logistic �xed e�ects models of the propensity of application on the subjective probability that the employer is type A. The independent variable is interacted with
an indicator of whether the participant is purple colour to show the heterogeneous e�ects on application for each colour. Participants who are irrational in their application
decision are excluded. All speci�cations include a quadratic control for productivity level and a linear control for the cumulative share of hires going to purple workers
from the previous round (the hiring history observable when the participant makes their application decision). Sample is restricted to participants who draw a round
productivity value in the interval[0; 90/. Individual level controls are age, gender, education level (proxied by whether one is studying for or has achieved a degree higher
than a Bachelor's), student status, 5-point Likert scales on economic and social political leaning, and risk preferences as proxied for by aGneezy and Potters(1997)-style
investment game. Standard errors displayed below the coe�cient estimates are clustered at the society level. *p<0.10, **p<0.05, ***p<0.01
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Table D.6: E�ect of misattribution on fairness perceptions at endline survey

Dependent Variable: Fairness view of hiring process at endline
(5-point Likert scale, 1 = Very Unfair and 5 = Very Fair)

Baseline Baseline + Revealed

(1) (2) (3) (4) (5) (6)

Purple -0.348 -0.356 -0.306 0.026 0.025 0.040
(0.554) (0.541) (0.583) (0.187) (0.190) (0.204)

Subj. prob. of type A -0.009< -0.013<<< -0.010<< -0.007<< -0.010<< -0.008<<

(0.004) (0.002) (0.004) (0.003) (0.003) (0.003)

Purple• Subj. prob. 0.005 0.005 0.003 -0.001 -0.001 -0.002
of type A (0.009) (0.009) (0.010) (0.005) (0.005) (0.005)

Constant 4.791<< 11.588<<< 12.235<<< 4.283<<< 11.740<<< 11.138<<<

(1.576) (0.190) (2.659) (0.892) (0.213) (1.152)

E�ect of belief on purple -0.005 -0.008 -0.007 -0.008 -0.010 -0.010<

Session FEs ‚ ‚ ‚ ‚
Individual Controls ‚ ‚

Observations 96 96 96 176 176 176
R2 0.071 0.157 0.213 0.154 0.198 0.233

Notes:Linear �xed e�ects model estimation of the e�ect of the belief of employer being type A, the taste-
based discriminator, on respondent's fairness views of the hiring procedure after all rounds. Sample is
restricted to participants who observe a hiring history in round 8 of at least 50% of the hires going to purple
candidates. All speci�cations include controls for the cumulative average share of hires that are purple by
round 4. Speci�cations 4-6 include a treatment dummy. Individual level controls are age, gender, education
level (proxied by whether one is studying for or has achieved a degree higher than a Bachelor's), student
status, 5-point Likert scales on economic and social political leaning, and risk preferences as proxied for by
aGneezy and Potters(1997)-style investment game. Standard errors clustered at the society level. *p<0.10,
**p<0.05, ***p<0.01
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Table D.7: E�ect of misattribution on fairness perceptions across all treatments

Dependent Variable: Fairness view of hiring process
(5-point Likert scale, 1 = Very Unfair and 5 = Very Fair)

Midline Endline

(1) (2) (3) (4) (5) (6)

Purple -0.257 -0.250 -0.257 0.012 0.023 -0.008
(0.163) (0.173) (0.204) (0.150) (0.155) (0.177)

Subj. prob. of type A -0.018<<< -0.017<<< -0.018<<< -0.012<<< -0.013<<< -0.013<<<

(0.002) (0.003) (0.003) (0.003) (0.003) (0.003)

Purple• Subj. prob. 0.007< 0.007 0.007 -0.002 -0.002 -0.002
of type A (0.004) (0.004) (0.004) (0.004) (0.004) (0.005)

Constant 5.092<<< 5.036<<< 4.624<<< 4.810<<< 5.006<<< 4.528<<<

(0.247) (0.394) (0.699) (0.552) (0.495) (1.050)

E�ect of belief on purple -0.011<<< -0.011<< -0.011<< -0.014<<< -0.015<<< -0.015<<<

Session FEs ‚ ‚ ‚ ‚
Individual Controls ‚ ‚

Observations 288 288 288 272 272 272
R2 0.163 0.177 0.201 0.173 0.204 0.226

Notes:Linear �xed e�ects model estimation of the e�ect of the belief of employer being type A, the taste-
based discriminator, on respondent's fairness views of the hiring procedure after round 4. Sample is re-
stricted to participants who observe a hiring history in round 4 (columns 1-3) or round 8 (columns 4-6) of
at least 50% of the hires going to purple candidates. All speci�cations include controls for the cumulative
average share of hires that are purple by round 4/8 and treatment dummy variables. Individual level controls
are age, gender, education level (proxied by whether one is studying for or has achieved a degree higher
than a Bachelor's), student status, 5-point Likert scales on economic and social political leaning, and risk
preferences as proxied for by aGneezy and Potters(1997)-style investment game. Standard errors clustered
at the society level. *p<0.10, **p<0.05, ***p<0.01
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Table D.8: E�ect of misattribution on demand for temporary a�rmative action (extensive
margin)

Dependent Variable: Probability of making non-zero bid for quota

Baseline Baseline + Revealed

(1) (2) (3) (4) (5) (6)

Purple -0.032 0.006 -0.265 0.001 0.003 -0.192
(0.822) (0.822) (0.805) (0.371) (0.383) (0.384)

Subj. prob. of type A 1.471 1.343 1.827 1.211 1.428 1.647
(1.168) (1.372) (1.457) (0.941) (1.074) (1.087)

Purple• Subj. prob. -2.052 -2.285 -2.528 -2.119< -2.251< -2.424<<

(1.721) (1.767) (1.664) (1.098) (1.160) (1.065)

Avg. marginal e�ect on green 0.243 0.212 0.246 0.230 0.258 0.263
(0.194) (0.202) (0.181) (0.179) (0.186) (0.171)

Avg. marginal e�ect on purple -0.138 -0.207 -0.135 -0.205 -0.175 -0.153
(0.195) (0.172) (0.188) (0.205) (0.110) (0.097)

Session FEs ‚ ‚ ‚ ‚
Individual Controls ‚ ‚

Baseline mean 0.688 0.688 0.688 0.688 0.688 0.688
Observations 128 128 128 256 256 256
PsuedoR2 0.050 0.100 0.201 0.026 0.070 0.140

Notes:Logit �xed e�ects model estimation of the e�ect of the subjective probability of employer being
type A, the taste-based discriminator, on propensity of an individual to make a non-zero bid for one period
of a�rmative action. Columns 1-3 use only baseline data while columns 4-6 include therevealedtreatment
adding a dummy control for the treatment condition. All speci�cations include controls for the cumulative
average share of hires that are purple by round 4. Individual level controls are age, gender, education level
(proxied by whether one is studying for or has achieved a degree higher than a Bachelor's), student status, 5-
point Likert scales on economic and social political leaning, and risk preferences as proxied for by aGneezy
and Potters(1997)-style investment game. Average marginal e�ect is the estimated change in probability
from holding a subjective probability of 0% to 100% on the propensity to make a non-zero bid. Baseline
mean is the share of participants making a non-zero bid at a mean subjective probability of the employer
being type A of 44.4% (columns 1-3) and 22.2% (columns 4-6) where the subjective probability is hard-
coded to be 0% for participants in therevealedtreatment. Standard errors for coe�cients are clustered at the
society level. Standard error for the average marginal e�ect computed using the Delta-method. *p<0.10,
**p<0.05, ***p<0.01

65



Table D.9: E�ect of misattribution on demand for temporary a�rmative action (intensive
margin)

Dependent Variable: Bid for one period of quota

Baseline Baseline + Revealed

(1) (2) (3) (4) (5) (6)

Purple 2.568 2.077 0.719 0.910 0.731 -0.026
(2.876) (3.001) (2.710) (1.012) (1.104) (0.855)

Subj. prob. of type A -1.087 -2.031 -2.537 -1.275 -2.921 -2.690
(2.575) (3.345) (2.684) (2.077) (2.832) (2.278)

Purple• Subj. prob. -7.197 -6.362 -3.726 -4.642<< -4.434< -3.006<

of type A (4.544) (4.604) (3.708) (2.055) (2.081) (1.661)

E�ect of belief on purple -8.284< -8.392< -6.263< -5.917<< -7.355<< -5.696<<

Session FEs ‚ ‚ ‚ ‚
Individual Controls ‚ ‚

Baseline mean 10.034 10.034 10.034 9.989 9.989 9.989
Observations 88 88 88 176 256 176
R2 0.107 0.190 0.295 0.052 0.135 0.241

Notes:Linear �xed e�ects model estimation of the e�ect of the subjective probability of employer being
type A, the taste-based discriminator, on participants' bid for one period of a�rmative action, conditional
on the bid being greater than 0. Columns 1-3 use only baseline data while columns 4-6 include therevealed
treatment adding a dummy control for the treatment condition. All speci�cations include controls for the
cumulative average share of hires that are purple by round 4. Individual level controls are age, gender,
education level (proxied by whether one is studying for or has achieved a degree higher than a Bachelor's),
student status, 5-point Likert scales on economic and social political leaning, and risk preferences as proxied
for by aGneezy and Potters(1997)-style investment game. Standard errors clustered at the society level.
*p<0.10, **p<0.05, ***p<0.01
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Table D.10: Average guessed maximum productivity of applicants, by round

Round number

(1) (2) (3) (4) (5) (6) (7) (8)

Subjective max. productivity of
Green applicants 68.777 69.531 71.961 70.398 70.531 68.117 71.648 74.203

(3.183) (3.089) (3.310) (3.335) (5.014) (5.307) (5.058) (4.829)

Purple applicants 74.984 78.941 77.805 75.426 77.422 79.297 79.578 82.016
(3.105) (3.233) (3.231) (3.295) (3.295) (4.644) (4.926) (4.941)

Two-sided t-test
Di�erence -6.207<<< -9.410<<< -5.848<< -5.027 -6.891 -11.180<<< -7.930<< -7.813<<

(2.020) (2.799) (2.862) (3.189) (4.480) (4.131) (3.482) (3.282)

Share predicting pooling strategy 0.293 0.215 0.215 0.258 0.234 0.211 0.234 0.188

Observations 256 256 256 256 128 128 128 128
Notes:Average guesses of the maximum productivity value of green and purple applicants in one's society. Sample is full sample in the pooled baseline data including
baseline treatment and �rst 4 rounds ofrevealedtreatment. Standard deviations are displayed in parentheses. Standard errors are displayed in parentheses. Share predicting
pooling strategies maps the share of participant-round observations in which the reported maximum productivity of green and purple applicants are equivalent. Stars of
the di�erence correspond to the signi�cance of two-sided t-tests to test the equivalence of guesses about green and purple applicants: *p<0.10, **p<0.05, ***p<0.01.
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Table D.11: Average guessed maximum productivity of applicants, instrategictreatment

(1) (2) (3) (4)

Subjective max. productivity of
Green applicants 54.220 51.558 55.317 57.282

(1.347) (1.381) (1.769) (3.021)

Purple applicants 58.534 54.948 63.074 64.894
(1.331) (1.333) (1.531) (2.381)

Two-sided t-test
Di�erence -4.314<<< -3.390<< -7.757<<< -7.612<<

(1.469) (1.620) (1.487) (2.375)

Share predicting pooling strategy 0.154 0.143 0.160 0.102

Excludes round 1 ‚ ‚ ‚
Average purple hiresg 50% ‚ ‚
Believe type A > 50% ‚

Observations 1024 896 608 255
Notes:Average guesses of the maximum productivity value of green and purple applicants in one's society.
Full sample refers to all participants in thestrategictreatment arm. Column (2) excludes guesses made in
round 1. Column (3) excludes participants who observe a hiring history from the previous round in which
less than 50% of hires going to purple candidates. Column (4) includes only those whose previous round's
belief of the probability that the employer is type A was above 50%, the Bayesian benchmark. Standard
errors are displayed in parentheses. Share predicting pooling strategies maps the share of participant-round
observations in which the reported maximum productivity of green and purple applicants are equivalent.
Stars of the di�erence correspond to the signi�cance of two-sided t-tests to test the equivalence of guesses
about green and purple applicants: *p<0.10, **p<0.05, ***p<0.01.
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Table D.12: E�ect ofstrategictreatment information on misattribution

Dependent variable Subjective probability that employer is type A

(1) (2) (3) (4) (5) (6)

Share of hires purple (0-100) 56.755<<< 65.413<<< 67.436<<< 67.646<<< 97.381<<< 105.463<<<

(6.713) (6.217) (5.869) (5.703) (10.148) (15.781)

Strategic -1.360 1.294 1.667 2.164 5.910<< 10.077<

(2.966) (1.894) (1.843) (1.804) (2.143) (4.841)

Perceived distance 0.010 0.013 0.011 0.014 0.019 -0.004
(0.014) (0.012) (0.011) (0.011) (0.013) (0.023)

True distance 0.038<< 0.031<< 0.033<< 0.033<< 0.022 0.010
(0.015) (0.013) (0.013) (0.013) (0.017) (0.027)

Strategic• True distance -0.052<< -0.042<<< -0.042<<< -0.042<< -0.037< -0.029
(0.020) (0.015) (0.015) (0.015) (0.020) (0.055)

E�ect of True distance inStrategic -0.015 -0.011 -0.009 -0.009 -0.015 -0.019

Session FEs ‚ ‚ ‚ ‚ ‚
Individual controls ‚ ‚ ‚ ‚
Round FEs ‚ ‚ ‚
Excl. share of purple hires <50% ‚ ‚
True distance > perceived distance ‚

Baseline mean 45.495 45.495 45.495 45.495 50.521 52.396
Observations 2512 2512 2512 2512 1824 902
R2 0.170 0.208 0.237 0.242 0.190 0.204

Notes:Linear �xed e�ects models estimating the e�ect of thestrategictreatment on the subjective proba-
bility of the employer being type A controlling for current hiring histories and guesses of maximum pro-
ductivity values of green and purple applicants. The dependent variable is multiplied by 100 to represent
a percentage to aid the readability of coe�cients. True distance refers to the di�erence between the true
maximum productivity values of purple applicants and that of green applicants. Participants in society-
rounds for which no applicants from a speci�c group applied are excluded (N=48). The sample excludes
participants in therevealedtreatment after round 4. Speci�cations 4, 5 and 6 include individual controls
for age, gender, education level (proxied by whether one is studying for or has achieved a degree higher
than a Bachelor's), student status, 5-point Likert scales on economic and social political leaning, and risk
preferences as proxied for by aGneezy and Potters(1997)-style investment game. Speci�cations 5 and 6
excludes participants facing a hiring history in which the share of purple hires is less than 50%. Speci�-
cation 6 incudes only individuals who believe the di�erence between the maximum productivity of purple
and green applicants is less than the true di�erence. Baseline mean is the average subjective probability of
the employer being type A where the average share of hires going to purple candidates is 57.9% (columns
1-4), 66.8% (column 5) and 69.1% (column 6). Standard errors displayed below the coe�cient estimates
are clustered at the society level. *p<0.10, **p<0.05, ***p<0.01.
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E Deviations from the Pre-Analysis Plan
The analyses reported in this paper follow the pre-registered plan closely with the following ex-
ceptions.

Econometric speci�cation The pre-analysis plan speci�ed the use of individual and sessionran-
dome�ects in the primary regression analyses. Upon inspection of the data, I �nd that stable
individual-level heterogeneity in beliefs and application behaviour is substantial, motivating a
switch to�xed e�ects throughout the main speci�cations. Fixed e�ects are a more conservative
and robust approach in the presence of individual-level confounds, and I retain the pre-speci�ed
random e�ects speci�cation as a robustness check. Standard errors are clustered at the society
level in all speci�cations, as pre-speci�ed. I present a random e�ects model which tests for the
presence of misattribution in TableE.1. The conclusion from the �xed e�ects speci�cations are
robust to the use of random e�ects instead.

The pre-analysis plan remained agnostic on the correct method to model a potential time trend.
I pre-speci�ed four possibilities: �xed e�ects, linear, quadratic and logarithmic. The main speci-
�cation uses �xed e�ects; I present all four cases in TableE.2 for the presence of misattribution
and in TableE.3 for the direct e�ect of misattribution. The exact time trend used does not a�ect
the identi�cation of misattribution nor its direct consequences on application behaviour.

Testing for misattribution The key deviation from the speci�ed analysis is to accommodate for
the fact that not every society experienced discrimination that could be misattributed. This was
due to the random draws in the experiment. Therefore, I de�ned a discriminatory outcome as one
which favours purple workers: in which the cumulative average share of hires going to purple is
at least two thirds. In FigureE.1, I demonstrate that misattribution is robust to any de�nition of
discrimination where the minimum share of hires going to purple candidates is above 50%.

In the pre-analysis plan, I speci�ed to test whether participants' justi�cations for their sub-
jective probabilities were more representative of those that overestimate the probability of the
employer being type A compared to the Bayesian benchmark. I registered a prior that statistical
deduction would be most common among misattibrutors. This is con�rmed by the distribution of
responses in FigureE.2. I also registered the priors that the random and hunch justi�cations were
most frequent among subjective probabilities close to 50% while the hope justi�cation was most
common among subjective probabilities close to 0%. FigureE.3 provides evidence for the latter
while demonstrating low frequencies of random and hunch justi�cations among participants with
high �nal subjective probabilities.

Model for direct e�ects of misattribution The pre-analysis plan pre-speci�ed to plot application
decisions for participants over a number of belief bins. I separate participants into 3 bins of sub-
jective probabilities of the employer being type A and present the average application rate for each
colour in the pooled baseline data in FigureE.4. While not signi�cant, the application rate declines
for green workers and increases for purple workers as reported probabilities increase.

I pre-speci�ed a linear regression model with random e�ects for the analysis of application de-
cisions. I pre-speci�ed two separate speci�cations for each colour. However, restricting the sample
to participants in rounds for which they drew productivity values in the range[0;90/ resulted in a
smaller sample than anticipated and thus power concerns merited a combined analysis. Given the
marginal analysis which was executed, a non-linear estimation was more appropriate to identify
the non-linear e�ect of subjective probability on application propensity at di�erent productivity
levels.

Period groupings for robustness.The pre-analysis plan speci�ed that results would be reported
both excluding the �rst two rounds (to account for learning) and excluding the last four rounds
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(to account for fatigue). Upon examining the data, I �nd that the primary source of atypical be-
haviour is concentrated in round 1, consistent with a learning e�ect at the onset of the experiment.
I therefore report results both for the full sample and excluding round 1 only.

Testing for cause of misattributionThe pre-analysis plan outlined a three-stage mediation anal-
ysis to test whether the e�ect of the strategic treatment on application behaviour operates through
its e�ect on beliefs of employer type. Given that the treatment did not signi�cantly a�ect the sub-
jective probability of the employer being type A, a full three-stage mediation analysis would be
uninformative and is therefore not reported. Instead, I provide the two-stage analysis of treatment
e�ects on beliefs and application strategies separately, which is su�cient to characterise the null
result for the hypothesis that participants misattribute due to cursedness.
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Figures

Figure E.1: Average subjective probability that the employer is type A at di�erent thresh-
old values of hiring histories

Note: This graph shows the average subjective probability that the employer is type A (the taste-based
discriminator) among individuals who observe a hiring history of at least some share being purpose. Error
bars show 95% con�dence intervals.
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Figure E.2: Share of participants who use each justi�cation category by whether their �nal
subjective probability of the employer being type A is above 50%

Note:This graph shows the share of participants who justi�ed their �nal subjective probability of the em-
ployer being type A using (i) statistical reasoning referring to the hiring histories, (ii) randomisation in that
they were not certain of the true type, (iii) a hunch or intuition meaning they followed some heuristic, or
(iv) hope in that they expressed they believed it was a certain type because it would bring them utility. 173
of the 256 responses were successfully coded by Claude Sonnet 4.6 using the following prompt 'I would
like you to analyse a data �le. In this, I have observations of individuals coded by their id. I want you to
analyse the text in variable 'explanation'. Speci�cally, I would like you to code whether the text corresponds
to one or multiple or none of the following criteria and add a variable for each which is 1 or 0. The criteria
are 'Use of hiring data and/or statistical or probabilistic reasoning'. 'Explicit mention of randomising their
choice or uncertainty', 'Explicit mention of following a hunch, intuition or no idea', 'Explicit mention of
hope or any forward looking expression'. I hand-coded the remaining 83. Error bars show 95% con�dence
intervals.
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Figure E.3: Share of participants who use each justi�cation category by their �nal sub-
jective probability of the employer being type A

Note:This graph shows the share of participants who justi�ed their �nal subjective probability of the em-
ployer being type A using (i) statistical reasoning referring to the hiring histories, (ii) randomisation in that
they were not certain of the true type, (iii) a hunch or intuition meaning they followed some heuristic, or
(iv) hope in that they expressed they believed it was a certain type because it would bring them utility. 173
of the 256 responses were successfully coded by Claude Sonnet 4.6 using the following prompt 'I would
like you to analyse a data �le. In this, I have observations of individuals coded by their id. I want you to
analyse the text in variable 'explanation'. Speci�cally, I would like you to code whether the text corresponds
to one or multiple or none of the following criteria and add a variable for each which is 1 or 0. The criteria
are 'Use of hiring data and/or statistical or probabilistic reasoning'. 'Explicit mention of randomising their
choice or uncertainty', 'Explicit mention of following a hunch, intuition or no idea', 'Explicit mention of
hope or any forward looking expression'. I hand-coded the remaining 83. Error bars show 95% con�dence
intervals.
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Figure E.4: Share of participants with each bin of subjective probability applying to a job

Note:This graph shows the share of participants who applied to a job conditional on their reported prob-
ability that the employer is type A from the previous round. Sample includes baseline treatment and �rst
four rounds ofrevealedtreatment. Error bars show 95% con�dence intervals.
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Table E.1: Misattribution: E�ect of Cumulative Share of Purple Hires on Believed Probability of Employer Being Type A

Dependent Variable: Believed probability that employer is type A

All Rounds Rounds 2+

(1) (2) (3) (4) (5) (6) (7) (8)

Share of hires purple 0.607*** 0.710*** 0.804*** 0.804*** 0.640*** 0.734*** 0.899*** 0.899***
(0.080) (0.071) (0.040) (0.040) (0.110) (0.118) (0.064) (0.064)

Constant 0.117** 0.072 0.004 0.004 0.118 0.094 0.038 0.038
(0.049) (0.050) (0.044) (0.044) (0.068) (0.071) (0.056) (0.056)

Estimator OLS RE RE RE OLS RE RE RE
Individual REs ‚ ‚ ‚ ‚ ‚ ‚
Session REs ‚ ‚ ‚ ‚
Period REs ‚ ‚

Observations 1,536 1,536 1,536 1,536 1,280 1,280 1,280 1,280
Participants 256 256 256 256 256 256 256 256
Societies 12 12 12 12 12 12 12 12
R2 0.200 0.159
Wald statistic (� 2.1/) 100.18 397.24 397.24 38.84 195.74 195.74

Notes:Models (1) and (5) are OLS with standard errors clustered by society. Models (2) and (6) use individual-level random e�ects (xtreg, re ). Models (3)�(4) and
(7)�(8) use nested random e�ects (session> society> individual), estimated via REML (mixed); model (4) and (8) additionally include crossed period random e�ects.
The independent variable is the normalized cumulative average share of hires who are purple. Standard errors clustered at the society level in parentheses.<p < 0:10,
<<p < 0:05, <<<p < 0:01
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Table E.2: Misattribution: E�ect of cumulative average share of purple hires on believed probability of the employer being type A (di�erent
time trends)

Dependent Variable: Subjective probability that employer is type A

All rounds Rounds 2+

(1) (2) (3) (4) (5) (6) (7) (8)

Share of hires purple 0.854<<< 0.854<<< 0.859<<< 0.858<<< 0.994<<< 1.000<<< 0.997<<< 1.001<<<

(0.120) (0.111) (0.120) (0.118) (0.241) (0.242) (0.242) (0.243)

Session FEs ‚ ‚ ‚ ‚ ‚ ‚ ‚ ‚
Individual FEs ‚ ‚ ‚ ‚ ‚ ‚ ‚ ‚
Time trend FEs Linear Quad. Log. FEs Linear Quad. Log.

Baseline mean 0.474 0.474 0.474 0.474 0.458 0.458 0.458 0.458
Observations 1536 1536 1536 1536 1280 1280 1280 1280
R2 0.565 0.561 0.561 0.561 0.608 0.604 0.604 0.604

Notes:Linear �xed e�ects model estimation of the cumulative share of hires that are purple on the outcome variable of subjective probability that the employer is type
A, the taste-based discriminator. Columns 1 and 5 use the round �xed e�ects, columns 2 and 6 substitute these �xed e�ects for a linear time trend. Columns 3 and 7
include a quadratic time trend and columns 4 and 8 include a logarithmic time trend instead. Independent variable is then the normalised cumulative average share of
purple hires. Baseline mean is the average subjective probability that the employer is type A based of the whole included sample where the average share of hires going
to purple candidates was 60.5% (columns 1-4), and 58.5% (columns 5-8). Standard errors displayed below the coe�cient estimates are clustered at the society level.
*p<0.10, **p<0.05, ***p<0.01
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Table E.3: Misattribution perpetuates discrimination: E�ect of subjective probability of
the employer being type A

Dependent Variable: Application decision

(1) (2) (3) (4)

Subj. prob of type A -2.068<< -2.003<< -1.998<< -2.004<<

(Previous round) (0.849) (0.848) (0.851) (0.850)

Purple -1.504<<< -1.486<< -1.486<< -1.485<<

(0.554) (0.581) (0.582) (0.582)

Purple• Subj. prob of type 3.402<< 3.306<< 3.313<< 3.296<<

A (Previous round) (1.357) (1.400) (1.398) (1.398)

E�ect of belief on purple 1.334<< 1.303< 1.315< 1.291<

Session FEs ‚ ‚ ‚ ‚
Individual Controls ‚ ‚ ‚ ‚
Time trend FEs Linear Quad. Log.

Baseline 0.539 0.539 0.539 0.539
Observations 381 381 381 381
R2 0.241 0.231 0.231 0.230

Notes:Logistic �xed e�ects models of the propensity of application on the subjective probability that the
employer is type A. The independent variable is interacted with an indicator of whether the participant is
purple colour to show the heterogeneous e�ects on application for each colour. Column 1 uses the round
�xed e�ects, column 2 substitutes the �xed e�ects for a linear time trend. Column 3 includes a quadratic
time trend and column 4 include a logarithmic time trend instead. All speci�cations include a quadratic con-
trol for productivity level and a linear control for the cumulative share of hires going to purple workers from
the previous round (the hiring history observable when the participant makes their application decision).
Sample is restricted to participants who draw a round productivity value in the interval[0; 90/. Individual
level controls are age, gender, education level (proxied by whether one is studying for or has achieved a de-
gree higher than a Bachelor's), student status, 5-point Likert scales on economic and social political leaning,
and risk preferences as proxied for by aGneezy and Potters(1997)-style investment game. Standard errors
displayed below the coe�cient estimates are clustered at the society level. *p<0.10, **p<0.05, ***p<0.01
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F On the cause of misattribution
A key question stemming from the workers' identi�cation problem is what are the underlying be-
havioural misperceptions that cause one to misattribute the source of discrimination.Enke(2020)
proposes two potential mechanisms through which this may occur in the context of sample selec-
tion neglect. Applying this intuition to my experiment, a �rst explanation is that individuals may
be aware of the true strategies of others, but may struggle with the conceptual di�culty in correct-
ing for such selection. In other words, workers may not accurately predict the Bayesian response
to separating application strategies. Second, individuals may have an incorrect view of the data
generating process. In my case, this would mean that workers are unaware that the reason they do
not observe non-discrimination is because other workers play the same strategy as them leading
the fair sophisticated employer to statistically discriminate. In my framework, this is an instance
of the cursed equilibrium in which agents misperceive others' strategies (Eyster and Rabin, 2005).
In this section, I present evidence from the laboratory experiment that misattribution is not driven
by cursedness.

Baseline data In each round of the experiment, participants were asked to state their beliefs of the
maximum productivity value of green and purple applicants in their society. In the pooled baseline
data which includes the baseline treatment and the �rst four rounds of therevealedtreatment, the
average belief of green applicants' maximum productivity was 70.5 and that of purple applicants
was 77.7. These are signi�cantly above the true values of 57.6 and 66.1 respectively (two-sided
t-testsp < 0:001).31

The majority of participants believe that application strategies are colour-dependent. Table
F.1demonstrates that the di�erence between the average reported maximum productivity value of
green and purple applicants is statistically signi�cant and this di�erence remains when excluding
round 1 elicitations and those who observe hiring histories that favour green applicants. Impor-
tantly, the di�erence between average guesses increases when focusing only on participants who
misattribute the source of discrimination: those who report a subjective probability of the em-
ployer being type A above 50%.32 Moreover, a pooling strategy is predicted in only 23.6% of all
participant-round observations and in only 18% in the observations which encountered discrimi-
nation. This is evidence against cursedness being the cause of misattribution in the baseline.

TableF.2presents results from two sets of regressions which formally show that the subjective
probability that the employer is type A is positively correlated with the perceived likelihood of
separating application strategies. All regressions control for the hiring history and standard errors
are clustered at the society level. In columns 1 and 2, the presented estimates correspond to linear
models which test whether last period's subjective probability of the employer being type A a�ects
the di�erence between one's guesses of the maximum productivity of purple and green hires. The
positive coe�cient estimates indicate that the more likely a participant states the employer is type
A, the more separated they perceive application strategies to be.

Columns 3 and 4 of TableF.2present average marginal e�ects from a logistic regression of the
indicator that a subject perceives application strategies to be pooled on their subjective probability
of the employer being type A. The estimated coe�cients are negative and statistically signi�cant,
demonstrating that the more likely a participant reports the employer to be type A, the taste-based
discriminator, the less likely the participant is to report that the maximum productivities of green
and purple applicants are equal. The coe�cient point estimate intimates that at a given hiring

31To compute these t-test, I exclude participants in society-rounds for which no participants of a colour
applied.

32TableD.10demonstrates that beliefs also do not converge over each round as a di�erence remains in
each round which is statistically signi�cant in all but rounds 4 and 5.
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Table F.1: Average guessed maximum productivity of applicants

(1) (2) (3) (4)

Subjective max. productivity of
Green applicants 70.486 70.828 67.537 71.481

(1.365) (1.509) (1.691) (2.582)

Purple applicants 77.719 78.266 77.560 83.462
(1.331) (1.471) (1.645) (2.429)

Two-sided t-test
Di�erence -7.232<<< -7.434<<< -10.024<<< -11.982<<<

(1.119) (1.281) (1.487) (2.375)

Share predicting pooling strategy 0.236 0.224 0.205 0.172

Excludes round 1 ‚ ‚ ‚
Average purple hiresg 50% ‚ ‚
Believe type A > 50% ‚

Observations 1536 1280 976 493

Notes:Average guesses of the maximum productivity value of green and purple applicants in one's society.
Full sample refers to all participants in the baseline and �rst four rounds of therevealedtreatment. Column
(2) excludes guesses made in round 1. Column (3) excludes participants who observe a hiring history from
the previous round in which less than 50% of hires going to purple candidates. Column (4) includes only
those whose previous round's belief of the probability that the employer is type A was above 50%, the
Bayesian benchmark. Standard errors are displayed in parentheses. Share predicting pooling strategies maps
the share of participant-round observations in which the reported maximum productivity of green and purple
applicants are equivalent. Stars of the di�erence correspond to the signi�cance of two-sided t-tests to test
the equivalence of guesses about green and purple applicants: *p<0.10, **p<0.05, ***p<0.01.

history, a 10 percentage point increase in the subjective probability that the employer is type A
decreases the probability that the participant reports a pooling strategy by 2.1 percentage points.

To summarise, individuals who perceive maximum productivities of applicants from each
group to be closer together are less likely to believe that the employer is a taste-based discriminator.
However, there is a reverse-causality concern in interpreting this relationship as causal: it may be
that participants perceive others are more likely to play the unique optimal separating application
strategies when the employer is perceived to be type A. To attest to this concern, I analyse the
e�ect of the strategictreatment on reported probabilities of employer type.

The causal e�ect of strategic uncertainty on misattributionIn eight randomly selected societies,
I implemented a treatment armstrategywhich proceeded identically to the baseline except that
participants were informed of the true maximum productivity values of green and purple appli-
cants in their society when they elicited their belief of employer type. This additional information
e�ectively reduced the strategic uncertainty of the game and thus the potential for participants to
be cursed.33

As intended, thestrategictreatment substantially corrected beliefs of strategies compared to
the baseline. After receiving their �rst information signal, participants in thestrategictreatment
believed that, on average, the maximum productivity value of green applicants was 51.6 and 54.9

33In some cases (N=48), no purple or green participants applied in a society. If this was the case, partic-
ipants were informed.
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Table F.2: E�ect of believed probability that the employer is type A on cursedness

Dependent variable
Di�erence between Green and purple guesses are

purple and green guesses equivalent
(OLS) (AME)

(1) (2) (3) (4)

Subj. prob. of type A 18.452<<< 9.937<< -0.209<<< -0.210<<<

(Previous round) (5.067) (3.592) (0.049) (0.060)

Share of hires purple 34.213<<< 0.007
(Previous round) (7.089) (0.082)

Session FEs ‚ ‚ ‚ ‚
Individual controls ‚ ‚ ‚ ‚
Round FEs ‚ ‚ ‚ ‚

Observations 1280 1280 1254 1254
R2 0.034 0.045

Notes:Columns (1) and (2) estimate a linear model on the e�ect of the previous period's subjective prob-
ability that the employer is type A on the di�erence between the guessed maximum productivity value of
purple and green applicants. Columns (3) and (4) show average marginal e�ects from logit models on the
e�ect of the previous period's subjective probability that the employer is type A on the propensity of the
participant to state equivalent guesses of the maximum productivity value of green and purple applicants.
The sample is restricted to individuals in the baseline set of data from round 2 onwards. All models include
session �xed e�ects, round �xed e�ects and individual controls for age, gender, education level (proxied by
whether one is studying for or has achieved a degree higher than a Bachelor's), student status, 5-point Likert
scales on economic and social political leaning, and risk preferences as proxied for by aGneezy and Potters
(1997)-style investment game. Standard errors displayed below the coe�cient estimates are clustered at the
society level. *p<0.10, **p<0.05, ***p<0.01.

for purple applicants as presented in TableD.11. On average, the reported di�erence between the
maximum productivity value of purple and green applicants was less in thestrategictreatment
than in the pooled baseline data (3.390 vs. 7.438 two-sidedt-testt = 1:980p = 0:048). However,
the share of participants reporting equivalent maximum productivity values of purple and green
applicants is lower in thestrategictreatment than in the pooled baseline.34 Therefore, while par-
ticipants in thestrategictreatment report a lower di�erence between maximum productivities of
green and purple applicants than participants in the baseline data, they are less likely to report that
these maximum productivities are equal.

To formally test whether reducing the scope for misperception of others' strategies by being
informed of the true di�erence between maximum productivity values of applicants from each
group reduces the subjective probability that an employer is type A, I estimate a series of linear
OLS models to isolate the treatment e�ect of thestrategiccondition. To control for non-linearities
in the treatment-relevant information provision, I include only participants in rounds for which at
least one green and at least one purple application occurs in their society. Participant observations

34Among participants who observe a hiring history of at least 50% of hires going to purple workers and
who report a subjective probability that the employer is type A of more than 50% (who overestimate the
likelihood that the employer is a taste-based discriminator compared to the Bayesian benchmark), the share
reporting equal maximum productivity values of green and purple applicants from round 2 onwards is 17.2%
in the pooled baseline data and 10.2% in thestrategictreatment (two-sidedt-testt = 2:577p = 0:01).
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Table F.3: E�ect ofstrategictreatment on misattribution

Dependent variable Subjective probability that employer is type A

(1) (2) (3) (4) (5) (6)

Share of hires purple 0.606<<< 0.698<<< 0.722<<< 0.721<<< 1.008<<< 1.062<<<

(0.065) (0.057) (0.052) (0.050) (0.096) (0.144)

Strategic -0.008 0.016 0.021 0.026 0.059<<< 0.086<<

(0.030) (0.020) (0.020) (0.019) (0.020) (0.035)

Session FEs ‚ ‚ ‚ ‚ ‚
Individual controls ‚ ‚ ‚ ‚
Round FEs ‚ ‚ ‚
Excl. share of purple hires <50% ‚ ‚
True distance>perceived distance ‚

Baseline mean 0.455 0.455 0.455 0.455 0.505 0.524
Observations 2512 2512 2512 2512 1824 902
R2 0.166 0.207 0.252 0.252 0.254 0.250

Notes:Linear �xed e�ects models estimating the treatment e�ect of thestrategicarm relative to the baseline
on the subjective probability that the employer is type A controlling for current hiring histories and guesses
of maximum productivity values of green and purple applicants. The sample excludes participants in the
revealedtreatment after round 4 and all participants in rounds for which there is a colour in their society
in which no worker applies. Speci�cations 4, 5 and 6 include individual controls for age, gender, education
level (proxied by whether one is studying for or has achieved a degree higher than a Bachelor's), student
status, 5-point Likert scales on economic and social political leaning, and risk preferences as proxied for by
a Gneezy and Potters(1997)-style investment game. Speci�cations 5 and 6 excludes participants facing a
hiring history in which the share of purple hires is less than 50%. Speci�cation 6 incudes only individuals
who believe the di�erence between the maximum productivity of purple and green applicants is less than
the true di�erence. Baseline mean is the average subjective probability of the employer being type A where
the average share of hires going to purple candidates is 57.9% (columns 1-4), 66.8% (column 5) and 69.1%
(column 6). Standard errors displayed below the coe�cient estimates are clustered at the society level.
*p<0.10, **p<0.05, ***p<0.01.

excluded from this sample are those in rounds for which the no green and/or purple participants
from their society applied, and thus, if they were in thestrategictreatment, would have not re-
ceived any quanti�able information of others' strategies. The results presented in TableF.3provide
evidence against the conjecture that reducing strategic uncertainty reduces the scope for misattri-
bution: the coe�cient estimates of thestrategicdummy variable are not negative. In fact, when
excluding participants facing hiring histories in which green workers are favoured, the coe�cient
estimate is positive and signi�cant at the 1% level (column 5).

In speci�cation 6 of TableF.3, I only include participant observations for which the reported
di�erence in maximum productivity values of purple and green applicants is less than the true
di�erence. Those in this sample are participants who would have been informed that the true dif-
ference between application strategies is larger than perceived if they were in thestrategictreat-
ment. Interpreting thestrategictreatment coe�cient in this speci�cation, being informed that the
maximum productivities of purple and green applicants in that society and round increases the sub-
jective probability of the employer being type A by 8.6 percentage points. This result is evidence
that when the hiring history does not favour green workers, a reduction of strategic uncertainty
does not reduce the scope of misattribution, it increases it.

To control for the information value in thestrategictreatment, I regress the subjective prob-
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ability of the employer being type A on the perceived and true di�erence between the maximum
productivity values of purple and green applicants in TableD.12. To analyse the e�ect of reveal-
ing this information to participants on their beliefs, I interact the true di�erence with thestrategic
treatment dummy variable and exclude participant observations for which green or purple workers
were absent from their society's applicant pool in the speci�c round. Across all speci�cations, I do
not �nd evidence that the information a�ects the subjective probability of the employer being type
A. Importantly, this result holds when I include only participants who underestimate the di�er-
ence between the maximum productivity of purple and green applicants. Thus, when individuals
are informed that application strategies are more separated than they perceive them to be, their
subjective probability of the employer being type A remains unchanged.

Result 5:The misinterpretation of application strategies does not cause the misattribution of dis-
crimination source.
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G Experiment Screenshots

Instructions

85



86



87



88



89




	Introduction
	Theoretical model
	Setting
	Correct attribution of employer type
	Misattribution of employer type
	Causes of misattribution
	Discussion

	Laboratory experiment design
	Set-up
	Treatments
	Procedural details

	Results
	The presence of misattribution in baseline data
	Misattribution directly perpetuates discrimination
	Misattribution indirectly perpetuates discrimination

	Discussion
	Conclusion
	Survey
	Proofs
	Practical procedure of the employer's updating
	Additional results referenced in text
	Deviations from the Pre-Analysis Plan
	On the cause of misattribution
	Experiment Screenshots

